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Abstract

mbodied Artificial Intelligence (AI) refers to the integration of Al systems
within a (simulated) body, such as Al-controlled robots. This paradigm is
inspired by biological organisms, aiming to replicate the dynamic interaction be-
tween intelligent behavior and a body. However, the resemblance to biological
beings is frequently a coarse approximation, raising questions about the extent
to which these systems genuinely capture biological principles. In addition, Al-
controlled robots bring about concerns related to trust and transparency, partic-
ularly due to the inherent difficulty in understanding the underlying decision-
making processes of these agents. In fact, people tend to trust Al systems more
when they are transparent and interpretable. However, many Al models applied
in robotic control, e.g., Artificial Neural Networks (ANNs), lack the necessary
transparency, which makes them harder to trust.

In this work, we focus on these two interrelated aspects of embodied AlI:
the enhancement of biological resemblance in Al-controlled robots and the im-
provement of their interpretability. We investigate these issues in the context of
Modular Soft Robots (MSRs), which serve as an ideal test bed due to their in-
herent similarity to biological organisms. The first part of this work centers on
increasing the biological fidelity in these embodied Al agents by experimenting
with different ANN models that aim to mimic neural processes observed in na-
ture, and by simulating biological phenomena, such as neural and morphological
plasticity. In the second part of the study, we turn to the issue of interpretability,
a key factor in ensuring that Al-controlled robots are trustworthy and reliable.
Due to the highly subjective nature of interpretability, we first investigate the
factors that contribute to the individual perceived interpretability of Al systems.
We then design interpretable controllers for the robotic domain, starting with
benchmark case studies involving rigid robots. Finally, we merge the two axes
of investigation—biological resemblance and interpretability—by devising inter-
pretable controllers for biologically inspired MSRs and comparing them against
more complex neural controllers.

Our results show that (1) bio-inspiration can enhance the performance of
embodied agents, (2) interpretability does not need to compromise performance,
and (3) bio-inspiration and interpretability are not mutually exclusive, indicating
that it is feasible to pursue a path towards bio-inspired interpretable embodied Al.
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Introduction

he term Artificial Intelligence (AI) was coined in 1956 during the Dartmouth
Summer Research Project [254] to capture the idea of machines capable of
human-like information processing. Since then, the term Al has become more and
more of an umbrella term, capturing disparate and increasingly advanced exam-
ples of automatic information processing conducted by machines [243], ranging
from automatic image recognition [418], to complex game playing [280, 390],
passing through chat-bots [323] and digital assistants [249]. As such, Al has
become an integral part of most people’s daily lives, often leading to the miscon-
ception that it represents a real form of intelligence due to its name—with many
people even questioning its sentience [381].

Although this constitutes an exacerbation (and a clear misinterpretation) of
the term, what is true is that Al was originally inspired by studies on the func-
tioning of biological brains. Even before the concept acquired its current name,
McCulloch and Pitts [255] coarsely emulated the biological neuron in the artifi-
cial, studying how logical functions could be implemented through it. After their
trailblazer work, a multitude of studies followed along, with two main identifi-
able intents: (1) gaining better understanding on biological processes underlying
the emergence of biological intelligence, or (2) achieving improved information
processing capabilities on the artificial side.

The field of robotics has witnessed a similar progression, starting from the
early depictions of artificial beings in R.U.R. (“Rossum’s Universal Robots”) by
Capek [56]—which introduced the term “robot”—and continuing through the
sci-fi stories of Asimov [14], to the actual applications of Al on robots [209].
In this domain, the term embodied Al refers to the application of the concept of
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Introduction

embodiment to Al, where Al is integrated within a physical (or simulated) robotic
agent [63, 335], i.e., an agent with a body. The embodiment allows the Al agent
to interact with the environment, perceive itself, and perform tasks in real-time,
much like living entities.

This enhances the potential for linking Al with its biological counterpart, as
biological intelligence initially developed within a body. In fact, embodied Al
can play a pivotal role in the development of more accurate models of biological
organisms, thereby deepening our understanding of biological intelligence [77].
Aligned with this goal, the embodied Turing test challenges Al models to interact
with the sensorimotor world at skill levels akin to their living counterparts [470].
These embodied Al models could simulate complex behaviors and processes ob-
served in nature, providing valuable insights into how living organisms process
information and respond to their surroundings.

On the other hand, embodiment enables robotic agents to perform various
tasks thanks to a suitably trained Al-driven controller [119], which acts for the
robot as a form of brain [402]. Moreover, the generalization abilities of Al could
endow the robot with an unprecedented autonomy, which could allow to adapt
to changing environments and scenarios where more classical robotic control
techniques might fail [265, 184].

Remarkably, these two aspects of embodied Al are not mutually exclusive. In-
deed, they find ideal convergence in the paradigm of Modular Soft Robots (MSRs),
a class of robots composed of soft and elastic modules [321, 153]. The structure
of MSRs draws inspiration from the muscular tissue of living beings, where the
modules can contract and expand similarly to muscular cells: this makes them
particularly suitable for reproducing lifelike behaviors in silico [105, 423]. Ad-
ditionally, softness and modularity grant an unparalleled degree of adaptabil-
ity. While softness confers MSRs with compliance—allowing for interaction with
fragile material [411], locomotion on rugged terrains [453], or navigation in
tight spaces [62]—modularity enables vast design freedom [5], automatic as-
sembly [455], and reconfiguration [288].

In this setting, one important consideration is that in deploying autonomous
Al agents in the wild, performance is not the only significant aspect. It is equally
relevant to interpret (and possibly foresee) the decisions made by these agents to
ensure they operate safely [8]. In fact, transparency in decision-making processes
is essential to trust and reliability, particularly in critical applications as those
involving autonomous robots [386].

A possible path towards interpretability in robotics is realizing simple and
concise controllers, where their constrained size allows for some form of inter-
pretability via direct human inspection [222]. Such a strategy is viable when the
considered system, i.e., robot, is simple enough, yet it becomes more challeng-
ing and might require further enhancements when dealing with more complex
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1.1 Research Questions

agents, as the MSRs mentioned before. Namely, MSRs display two elements of
complexity w.r.t. more standard paradigms in robotics, e.g., rigid robots. First,
their modular nature sees an ensemble of interdependent components, which
require coordination and synergy [51]. Second, the softness of their modules
determines a non-trivial body dynamics, which could exacerbate the difficulties
of finding an effective controller for them [233]. Thus, finding a MSR controller
that is both effective and interpretable constitutes an arduous challenge.

In summary, the interplay between biological inspiration and interpretabil-
ity represents a fundamental tension within the field of embodied Al. Biologi-
cal systems, as complex and often inscrutable entities, offer invaluable insights
into the development of more advanced, adaptive, and lifelike Al systems. The
rich dynamics of biological processes provide a blueprint for novel approaches to
both robotic control and Al-driven behaviors. However, the very complexity that
makes biological systems so powerful also presents a challenge to interpretability.
In contrast, interpretability in Al strives for simplicity and transparency, ensuring
that the actions and decisions of autonomous agents can be understood, trusted,
and predicted.

Given these premises, a complex scenario emerges, where different and po-
tentially contrasting questions arise (we formalize them in Section 1.1). This
thesis is uniquely positioned to explore the convergence of these two themes—
biological inspiration and interpretability—investigating how we can draw from
the intricacies of biological models while maintaining a level of interpretability
necessary for ensuring trustworthiness in practical applications. In this thesis, we
identify key elements from both domains, and examine how to combine them to
design autonomous systems that are both high-performing and comprehensible.

1.1 Research Questions

We hereby formalize the research questions guiding this thesis. We address them
through a sequence of experimental analyses, further detailed in the remainder
of the thesis.

1.1.1 Bio-Inspiration in Embodied Al

How can the integration of biological principles into Al for robotics enhance
the performance and autonomy of embodied agents, and to what extent do
in-silico findings reflect and illuminate phenomena in the biological domain?

This research question further unfolds in the following more specific research
questions, which we address in Part I.

-3 -
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Research Question 1.1 How do different models of Artificial Neural Networks
(ANN ) perform as controllers for embodied agents? Namely, are more biologically
plausible models more effective/efficient/general? Do they induce different behav-
iors?

We consider this question in Chapters 3 and 4.

In Chapter 3 we conduct a thorough experimental comparison of different
models of ANNs for controlling MSRs. We investigate the differences along var-
ious axes, as effectiveness, efficiency, generalization ability, and also induced
behavior. The chapter is based on: G. Nadizar, E. Medvet, S. Nichele, and
S. Pontes-Filho. An experimental comparison of evolved neural network mod-
els for controlling simulated modular soft robots. Applied Soft Computing, page
110610, 2023 [299].

In Chapter 4 we also consider the interaction between different types of ANNs
and collective intelligence, proposing a paradigm of collective control for MSRs
based on bio-inspired models of ANNs. We assess the performance of the pro-
posed framework in terms of effectiveness and adaptability, examining also some
samples of behaviors. The chapter is based on: G. Nadizar, E. Medvet, S. Nichele,
and S. Pontes-Filho. Collective control of modular soft robots via embodied Spik-
ing Neural Cellular Automata. In Workshop on From Cells to Societies: Collective
Learning across Scales (Part of ICLR), 2022 [297].

Research Question 1.2 Can we replicate the biological phenomenon of plasticity
in embodied agents? Do embodied agents benefit from plasticity? In what terms do
they differ from non plastic ones?

We address this question in Chapters 5 and 6, considering brain plasticity and
morphological plasticity, respectively.

In Chapter 5 we combine body-brain co-optimization of MSRs with brain plas-
ticity in the form of Hebbian learning. Not only do we measure the quantitative
differences in performance w.r.t. non plastic controllers, but we also study if Heb-
bian learning induces qualitative differences among the modular controllers (i.e.,
some form of specialization). The chapter is based on: A. Ferigo*, G. Iacca*,
E. Medvet*, and G. Nadizar* (* equal contribution). Totipotent Neural Con-
trollers for Modular Soft Robots: Achieving Specialization in Body-Brain Co-
Evolution through Hebbian Learning. Neurocomputing. 2024 [113].

In Chapter 6, instead, we consider morphological plasticity, i.e., development.
First, we provide a proof-of-concept on how it is possible to simulate develop-
ment for MSRs. Then, we investigate how the morphological development of
these agents should be scheduled to obtain high-performing autonomous agents,
comparing them against non developing ones as baseline. The chapter is based
on: G. Nadizar, E. Medvet, and K. Miras. On the Schedule for Morphological
Development of Evolved Modular Soft Robots. In European Conference on Genetic
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Programming (Part of EvoStar), pages 146-161. Springer, 2022 [296].

Research Question 1.3 Is it possible to leverage the biological phenomenon of
synaptic pruning to reduce over-parameterization in the ANNs used to control em-
bodied agents? Does pruning hinder the performance or does it promote adaptability
to unforeseen circumstances?

We address this question in Chapter 7, where we study the effects of synaptic
pruning in MSRs. We consider different pruning schemes from the literature
and assess their impact at different pruning rates on the performance and on
the adaptability of the agents. The chapter is based on: G. Nadizar, E. Medvet,
O. H. Ramstad, S. Nichele, F. A. Pellegrino, and M. Zullich. Merging pruning and
neuroevolution: towards robust and efficient controllers for modular soft robots.
The Knowledge Engineering Review, 37, 2022 [298].

1.1.2 Interpretability in Embodied Al

How can we achieve interpretability in the control of embodied agents without
sacrificing performance and considering the subjective nature of this notion?

This question opens the research line towards interpretability, to which we
dedicate Part II. We present the more specific questions guiding our study in the
following.

Research Question 2.1 Can we exploit a human-in-the-loop system to discover
Al models that are both well-performing and interpretable for a given user? What
elements are needed for such a system to be most effective?

We explore this question in Chapter 8, generalizing an existing framework
for personalized interpretability estimation with human-in-the-loop. We validate
our proposal on both simulated and real users, testing its sensitivity w.r.t. dif-
ferent users behaviors and notions of interpretability. The chapter is based on:
G. Nadizar*, L. Rovito*, A. De Lorenzo, E. Medvet, and M. Virgolin (* shared
first co-author). An analysis of the ingredients for learning interpretable sym-
bolic regression models with human-in-the-loop and genetic programming. ACM
Transactions on Evolutionary Learning, 2024 [303].

Research Question 2.2 Can we leverage graph optimization techniques to find
graph control policies that are both interpretable and effective? Do we need to
explicitly promote interpretability or can it emerge naturally? Is diversity a suitable
avenue for this goal?

We tackle this question in Chapters 9 and 10.

In Chapter 9 we apply two graph optimization techniques on several contin-
uous control tasks. We compare the results against relevant non-interpretable
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baselines for performance, and against the results of a search directed by inter-
pretability. The chapter is based on: G. Nadizar, E. Medvet, and D. G. Wilson.
Naturally interpretable control policies via graph-based genetic programming.
In European Conference on Genetic Programming (Part of EvoStar), pages 73-89.
Springer, 2024 [302].

In Chapter 10 we propose a framework to diversify graph control policies both
in terms of behavior and structure. We validate it assessing performance, diver-
sity, interpretability, and robustness against unforeseen damages. The chapter is
based on: G. Nadizar, E. Medvet, and D. Wilson. Searching for a Diversity of In-
terpretable Graph Control Policies. In Proceedings of the Genetic and Evolutionary
Computation Conference, pages 933-941, 2024 [301].

1.1.3 Integrating Bio-Inspiration and Interpretability in Em-
bodied Al

Can we identify a paradigm of bio-inspired interpretable embodied Al that
balances the complexity and the benefits of bio-mimicry with the need for
transparency for trustworthiness in control?

This is the last and most comprehensive research question of the thesis, where
all previous investigations converge into a unified framework. It centers on the
crucial theme of integrating interpretability with biological systems: while bio-
logical systems are inherently complex and difficult to understand, interpretabil-
ity seeks to create simple and comprehensible models. The key question is
whether these two objectives can be harmonized. It unfolds in two more pre-
cise research questions, addressed in Part III.

Research Question 3.1 Is it feasible to rely on more compact controllers for
MSRs? What approach is the most effective for their optimization between direct
optimization and imitation learning?

We tackle this question in Chapter 11, where we compare different controller
representations for MSRs, with various degrees of transparency. We assess and
compare the controllers effectiveness upon direct optimization and upon im-
itation learning. The chapter is based on: E. Medvet and G. Nadizar. GP
for Continuous Control: Teacher or Learner? The Case of Simulated Modular
Soft Robots. In Genetic Programming Theory and Practice XX, pages 203-224.
Springer, 2024 [257].

Research Question 3.2 Can diversity foster the optimization of MSRs that are
interpretable, effective, and adaptable? How important is it to diversify in terms of
body designs, controllers features, and robot behaviors?
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1.2 Summary of Contributions

We address this question in Chapter 12, by optimizing MSRs with a focus
on their body, controller, and behavior diversity, considering both opaque and
interpretable controllers. We compare the results obtained, assessing the impact
of diversity on performance and adaptability of the evolved agents.

1.2 Summary of Contributions

By addressing the research questions detailed in Section 1.1 the contributions of
the thesis are the following.

1. First, in Part I, it explores the integration of several biological principles in
the artificial domain, studying them on MSRs. In this context, we high-
light several similarities between artificial agents (and AI) and biological
organisms. Specifically, we show that ANNs can yield better performance
at controlling embodied agents when displaying higher biological resem-
blance. We also note that embodied Al agents can benefit from plasticity
processes. In addition, we observe that pruning in ANNs can reduce the
controller parameters without affecting the performance.

2. Second, in Part II, it moves in the direction of introducing interpretability in
the domain of robotics. As a first step, we focus on the subjective nature of
interpretability, improving and generalizing an existing human-in-the-loop
framework which is able to find the most interpretable Al models for a given
user. Subsequently, we introduce interpretable controllers for rigid non-
modular robots, often finding state-of-the-art performance with transparent
graph-based policies.

3. Last, in Part I, it aims at merging the bio-inspiration aspect with the inter-
pretability one, by proposing ways of crafting interpretable controllers for
MSRs. Namely, we show how to design and optimize symbolic and graph-
based controllers for MSRs, leveraging diversity as a tool for yielding better
performance. Also in this case we note minor performance degradation
w.r.t. opaque ANN-based controllers.

Before presenting the three core contributions in Parts I to III, we provide a
background chapter that lays the foundation for understanding the thesis. Specif-
ically, in Chapter 2, we introduce MSRs, ANNs, and Evolutionary Computation
(EC), from which we derive the optimization techniques used throughout the
thesis. Finally, in Part IV, we summarize the key findings, answer the research
questions, and discuss the broader impact and future directions of this work.






Background

rior to delving into the research questions and the experimental analyses con-
ducted to address them, we dedicate this chapter to providing the reader
with the needed background to fully grasp the remainder of the manuscript. In
further detail, we present the paradigm of MSRs in Section 2.1, giving some no-
tions about existing models—both real and simulated—and providing a detailed
description of those employed. Then, we move towards the Al aspects, giving an
overview of different types of ANNs and how they can be employed as robotic
controllers in Section 2.2. Last, we conclude the chapter with a presentation of
EC, from which we take the techniques we leverage for robot optimization.

2.1 Modular Soft Robots

Biological organisms exhibit modularity at various levels [241]—from the cellular
level to the emergence of complex bodies and brains without any form of central-
ized control. Additionally, these organisms are soft, displaying different degrees
of compliance with respect to their surroundings—again at various scales.

In the artificial domain, modular robotics [5] provides a framework for the
investigations of biologically inspired principles of collective control and coordi-
nation [61]. Moreover, modular robots can be highly reconfigurable and capa-
ble of self-assembly [329], providing fault tolerance and reusability of modules.
Furthermore, incorporating the element of softness not only enhances the bio-
inspired component [67], but also increases adaptability and applicability across
various domains [20, 404]. Thus, MSRs represent the ideal convergence of these
paradigms.
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Modular robotics offers significant potential advantages, such as low cost
through mass fabrication of modules, adaptability by enabling changes of con-
figuration, and robustness by allowing the replacement of only damaged parts.
However, several challenges persist. On the physical side, realizing individual
units, i.e., modules, and ensuring effective connectivity among them are non-
trivial tasks [475]. On the simulation side, accurately modeling the behavior and
interactions of modular soft systems remains a significant hurdle [233].

MSRs encompass multiple categories, as surveyed by Zhang et al. [475], dif-
fering across various aspects. First, their assembly methods vary: some need to be
pre-assembled, others are reconfigurable, and some are even self-reconfigurable.
Additionally, diverse actuation mechanisms exist, including bending, elongation,
inflation, shrinking, and twisting. This variety also extends to their sensing and
actuation capabilities, as well as their connection methods, providing a wide
range of possibilities.

In this scenario, Voxel-based Soft Robots (VSRs) [153]—composed of identi-
cal cubic modules—represent an appealing trade-off between functionality, ease
of realization, and ease of simulation. In fact, the uniform cubic shape of the
modules simplifies both their physical construction and their simulation, includ-
ing the connectivity aspect. However, despite their uniform shape, these modules
can possess different physical properties and actuation mechanisms, enhancing
design possibilities and functionalities.

Concerning their physical realization, Hiller and Lipson [153] initially pro-
posed a realization of VSRs featuring modules made of silicon foam with passive
actuation. More recent developments, such as those by Kriegman et al. [208]
and Sui et al. [408], relied on the same material but incorporating pneumatic ac-
tuation. In contrast, Legrand et al. [218] introduced a multi-material approach
based on Diels-Alder polymers, enabling a wide range of mechanical properties
along with reconfigurability. Additionally, some visionary approaches, such as
that of Kriegman et al. [207], have explored the use of living matter.

Regarding the simulation aspect, there exist three main simulators for VSRs:
(1) VoxCAD [154], which offers a 3D simulation, and (2) 2D-VSR-Sim [261]
and (3) Evolution Gym (EvoGym) [32], which both provide a 2D simulation
environment.

In this manuscript, we focus on VSRs as MSRs, and thus, we will use these
terms interchangeably in the following. Moreover, we consider only a simulated
2D version of these robots, relying on 2D-VSR-Sim or EvoGym—see Figure 2.1
for a graphical representation of 2D VSRs. We use 2D-VSR-Sim in Chapters 3 to 7
and 11, while we employ EvoGym in Chapter 12.

Both simulators provide a simulation in discrete time and continuous space.
For 2D-VSR-Sim, fs, = 60 Hz, whereas for EvoGym there are two frequencies
to consider: the simulation update frequency, fsm = 1500 Hz, and the maximum
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control frequency fcmax = 50 Hz. We provide more details about the mechanical
model of the simulated VSRs in Section 2.1.1, while we devote Sections 2.1.2
and 2.1.3 to a description of their morphology and controller, respectively.

(a) 2D-VSR-Sim. (b) EvoGym.

Figure 2.1: Frames of the same VSR, a biped B, in the two simulators, 2D-VSR-
Sim and EvoGym. In 2D-VSR-Sim (Figure 2.1a) the color of each voxel encodes
the ratio between its current area and its rest area: red indicates contraction,
yellow rest state, and green expansion. In addition, the circular sector drawn at
the center of each voxel indicates the current sensed values: sub-sectors represent
different sensors within the same voxel; the rays of the proximity sensors are
shown in red. In EvoGym (Figure 2.1b), the color of each voxel indicates its type
(vertically active M, horizontally active M, soft passive I, rigid H).

2.1.1 Mechanical Model of the Voxel

2D-VSR-Sim and EvoGym model voxels in a similar, yet not identical, manner.
Both simulators represent voxels as squares, where adjacent voxels are welded
together, not allowing relative displacement. Four rigid masses delimit the cor-
ners of each voxel—square masses in 2D-VSR-Sim and point masses in EvoGym—
and are joined together by ideal springs, as shown in Figure 2.2. 2D-VSR-Sim
relies on spring-damper systems [87] characterized by a frequency f, in Hz, de-
scribing how many oscillations the spring executes per second, and a damping
ratio d, dimensionless, describing how rapidly oscillations decay over time. Con-
versely, EvoGym uses ideal springs [308] with a Hooke coefficient k; (in N/m),
which depends on the type of the voxel j and on the spring placement (main
springs are placed around the edges, whereas structural springs are placed on
the cross-brace). Namely, there are four types of voxels in EvoGym, visually rep-
resented with different colors: (1) passive rigid voxels B, (2) passive soft voxels
, (3) horizontally active voxels B, and (4) vertically active voxels M.
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(a) 2D-VSR-Sim. (b) EvoGym.

Figure 2.2: The mechanical models of the voxel in the two simulators. Squares
and circles are rigid bodies, while wiggly strings are springs.

A VSR agent acts by changing the area of the composing voxels over time. In
the mechanical model of 2D-VSR-Sim, actuation happens by varying the resting
length of springs: given a control signal a € [—1,1] for a voxel of side [, the
resting length of the voxel springs changes instantaneously such that the voxel
side becomes I’ = /1?(1 — ap,), with p, > 0 being the active range (i.e., the
maximum rate of increase or decrease of the voxel area). Note that the control
signal a causes the rest length of the springs, not the actual length, to change
instantaneously: the actual length changes gradually depending on f and d.

In EvoGym, actuation occurs similarly, i.e., by varying the lengths of the
springs, but only the main vertical/horizontal springs of vertically/horizontally
active voxels (Ml/M) can be actively controlled (see Figure 2.3). In this case
the control signal a € [0.6, 1.6] changes the equilibrium length of the spring in
a smooth manner, by computing a weighted average between the target length
(weighted by o) and the current length (weighted by 1 — o). Moreover, EvoGym
implements strain limiting, by repositioning masses if any spring grows/shrinks
by more than 25 % for soft/active voxels (", M, /) and 3 % for rigid voxels ().

We summarize the parameters of both simulators and their values in Ta-
ble 2.1. The experiments presented in the remainder of the manuscript employ
the default values, unless otherwise specified.

2.1.2 Morphology

The morphology of a VSR describes the shape and the type of voxels in its body
and its sensory apparatus. The shape of a VSR is defined as a two-dimensional
grid of voxels. More formally, it can be defined as a polyomino, i.e., a plane
geometric figure formed by joining one or more equal squares edge to edge. This
definition descends from the fact that all voxels are modeled as ideal squares,
which can easily be arranged in a grid. Adjacent voxels in the grid are joined by
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9
9

: ¢ 9

(a) Vertically active voxel . (b) Horizontally active voxel

Figure 2.3: The mechanical model of the active voxels in EvoGym: the colored
springs are the active ones, i.e., those that can be controlled with the control
signal, whereas the light gray ones are the passive ones, i.e., those only subjected
to external forces.

Symbol Name Value
control signal range [—1,1]
E fsim  simulation frequency 60 Hz
A sensors domain [0, 1]
& f spring frequency 8Hz
Z d damping ratio 0.3
N Pa active range 0.2
bk sliding friction 10
control signal range [0.6,1.6]
sensors domain ]—00, 00|
Jsim simulation frequency 1500 Hz
femax ~ maximum control frequency 50 Hz
g rigid main spring constant 8.57 x 10" N/m
& rigid structural spring constant 4.29 x 10" N/m
S soft main spring constant 6 x 10" N/m
H soft structural spring constant 3 x 10" N/m
actuator main spring constant 5x 10" N/m
actuator structural spring constant  1.25 x 10" N/m
maximum soft/active strain 25%
maximum rigid strain 3%

Table 2.1: Main parameters (with default values) of the mechanical model of the
voxel in the two considered simulators.

- 13 -



Background

welding together the masses at their corners to form the overall robot.

We remark that it is also possible for voxels to self-assembly and reconfig-
ure [368], although we do not investigate this aspect in this manuscript. In that
case, the individual voxels are free to attach and detach, even resulting in a VSR
shape different than a grid.

Moving on to the sensory apparatus of VSRs, we define it as the compound of
sensors available to the VSR and their placement along the VSR body. Sensors
can be used by the VSR for proprioception and to perceive various aspects of
the surrounding environment. At each simulation time step k, each j-th sensor

outputs a reading r§-k). The domain of the sensors differs in the two simulators

employed: rék) € [0,1] in 2D-VSR-Sim, while r§k) € |—00, 00[ in EvoGym.

* Area sensors sense the ratio between the current area of the voxel they are
placed in and its rest area.

* Touch sensors perceive if a voxel is in contact with the ground, rﬁk) =1, or
k) _

not, T
* Velocity sensors sense the velocity of the voxel center of mass along the

voxel x- or y-axes.

* Proximity sensors perceive the distance towards objects along a predefined
direction . The sensed value corresponds to the distance between the
voxel center of mass and the closest object. In case no object is detected
below a distance threshold 7,r0x, the corresponding reading is set to Tprox.

In 2D-VSR-Sim, for area, velocity, and proximity sensors we employ a soft nor-
malization of the readings using the tanh function and rescaling, to ensure each
reading lies in [0, 1]. Conversely, we employ the raw readings in EvoGym.

2.1.3 Controller

The VSR controller is responsible for computing the control signals for all active
voxels at every time step. The controller can be a simple open loop controller or
a more complex closed loop controller. The former can be considered as a para-
metric function, whereas the latter can be considered as a parametric dynamical
system.

Phase Controller

In the phase controller [153, 65, 204], each control signal is computed from the
current time, according to a sinusoidal function. Namely, the control signal of
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(o)) (03]

Figure 2.4: A schematic representation of the phase controller controller for a
3 x 1 VSR. Each voxel has its own phase ¢;. The boxes with the letter A represent
the actuators.

the i-th voxel at simulation time step & is computed as

fsin
e

where [, is the sine wave frequency, f. is the control frequency (possibly equal
to the simulation frequency fsm), and ¢; is the voxel phase. In most works where
they have been used, these controllers have been optimized only in the phases
¢, whereas f, is set a priori to the same value for each voxel: thus, these
are called phase controllers. This is an open loop controller as it does not take
into account the sensor readings for computing the control signal. We show a
schematic representation of the phase controller for a 3 x 1 VSR in Figure 2.4.

al®) = f,. (k) = sin <2 mk + ¢i> ; (2.1)

Centralized Controller

In the centralized controller there is a centralized dynamical system processing
the sensory information coming from each voxel to compute all the control sig-
nals of the VSR. At each time step k, this controller processes the concatenation

rk) ¢ RI7l = [rék) o) } of the current sensor readings to update its state
s®) ¢ RIsl and compute the control signals for the n active voxels a(*) ¢ R”™.

Namely, the centralized controller can be described by the following set of equa-
tions:

s = gg (r<k>, 3<H>) : (2.2)
a® = fo (r(k),s(k)) , 2.3)
8(0) = 8o, (24)

where gg : RI"l x RISl — RIsl is the state update function, fs : RI"l x RISl — R™
is the output function, and s, € RI®l is the initial state. Both state update and
output functions depend on some parameters 6.
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This controller is often implemented by an ANN [409], although other imple-
mentations are also possible. In addition, in various cases this controller becomes
a simple parametric function rather than a proper dynamical system—i.e., it has
no state. We show a schematic representation of the centralized controller for a
3 x 1 VSR in Figure 2.5.

Figure 2.5: A schematic representation of the centralized controller for a 3 x 1
VSR with two sensors in each voxel. Green and magenta curved arrows represent
the connection of the controller with inputs (sensors) and outputs (actuators),
respectively.

Distributed Controller

The distributed, or modular, or embodied, controller architecture exploits the
intrinsic modularity of VSRs [267]. The key idea is that each voxel is equipped
with a local controller, which processes local inputs to produce the actuation
value for said voxel. To allow coordination, the local controller can also access
the sensor readings of all its neighbors, according to the Moore neighborhood,
i.e., its neighbors on the sides and diagonals.

At every time step k, each local controller, i.e., dynamical system, computes
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the actuation value for the i-th voxel according to the following set of equations:

5 — gra, ([r v r 109 000 10 1010 0] D) @)

7 T o 7
(k) = fi.e0, ([ Ek) rfk,)\ () k}( r(k) rfk\)j T; ") Ek} 7'( ] sl(-k)) , (2.6)
s = s, 2.7
where r(k) € RI™il are the local sensor readings, all r € RI7iel terms are the

sensor readmgs of the Moore neighbors, listed in clockw1se order starting from
the top left, g; o, : RISl x RITelFIrinl++lri| 5 RIsil js the local state update
function, f; g, : RIs:l x RITél+Irinl++Iri| 5 R is the local output function, and
s;0 € RI%l is the local initial state. All state update and output functions depend
on some parameters 0,.

If the voxel has no neighbor on a given direction two solutions are possible:
either no information is passed, or the controller is fed with a 0 vector. The
second strategy is important in relation to the following observation. The func-
tions f; ¢, and g; ¢, are in principle all different, but it is also possible to have
the same function, i.e., the same dynamical system, in all voxels, provided some
constraints about input sizes are satisfied. Namely, if all functions are the same,
all voxels need to have the same amount of sensors, and if there is no neigh-
bor on a given side a 0 vector of the proper dimension is required. As for the
centralized controller, the distributed controller can become a simple parametric
function rather than a proper dynamical system in cases with no state.

In Figure 2.6, we show a schematic representation of the distributed con-
troller for a 2 x 2 VSR with 3 voxels, in which we ignore the inputs coming from
non-existing voxels.

Distributed Controller with Explicit Communication

A more sophisticated distributed controller version is that of Medvet et al. [260],
where adjacent voxels are connected by means of n. communication channels,
to enable the transfer of information along the body of the VSR. Thus, each
dynamical system reads the local sensors values together with the 4n. values
coming from adjacent voxels (belonging to the Von Neumann neighborhood). In
turn, the output function computes the actuation signal and 4n,. values to feed to
contiguous voxels—the 4 deriving by the fact that communication is directional,
i.e., the communication values are dedicated for each neighbor. Note that this
controller architecture results in an overall recurrence across the VSR body, which
is responsible for introducing an additional dynamics to the one deriving from the
mechanical model of the VSR.
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Jo.60: 90.6,)

{

Figure 2.6: A schematic representation of the distributed controller for a 2 x 2
VSR with 3 voxels, with two sensors in each. Green and magenta arrows repre-
sent the connection of the controller with inputs (sensors) and output (actuator),
respectively. We remark that—in this representation—we disregard inputs that
should come from a certain direction if no neighbor is present.

Each dynamical system takes as input a vector

m(k‘) c le\+4nc _ |:’I"§k) ,L'(k) ’l,(k) Z'(k) ’l,(k) (2.8)

i i, Yi,— Yl Vi |0
where rgk) € RI™il are the local sensor readings, and the remaining terms are the
input communication values coming from the adjacent voxel placed above, right,
below, left—if the voxel is not connected to another voxel on a given side, the
corresponding vector of communication values is the zero vector 0 € R™. Each
dynamical system is governed by the following set of equations:

S,Ek) = gi’gi (wgk), Sgkil)) s (2.9)
0 = [a o8 o) o ] = 0 (s 5) @10

s = s, (2.11)

where agk) € R is the local actuation value, ol(-k.) € R are the vectors of out-

put communication values going towards the adjacent voxel placed above, right,
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Figure 2.7: A schematic representation of the distributed controller with explicit
communication for a 3 x 1 VSR with two sensors in each voxel and n. = 1 commu-
nication channel per side. Green and magenta arrows represent the connection
of the controller with inputs (sensors and input communication channels) and
outputs (actuator and output communication channels), respectively.

below, left of the voxel, g; g, : RImilT4m x RIsil — RIs:i| is the local state up-
date function, f; g, : RITiI+4m x RIsil — R1+4ne g the local output function, and
sio € RI%l is the local initial state. All state update and output functions are
parameterized in 6;.

To clarify how communication works, we provide a brief example. Let the

voxel i + 1 be located on the right of voxel 4, it holds that o,f.kl = fff{l{)_ and
ogi)l_ L= il(-kil). In other words, communication occurs with one time step of

delay among neighbors.
We show a schematic representation of this controller for a 3 x 1 VSR in
Figure 2.7.
Last, we remark that a non-directional communication is also possible: in this
. L (k) .
case the function only outputs n, communication values, o,"’, which are equally

fed to all Von Neumann neighbors. Thus, Equation (2.10) becomes
y" = [ o] = fio, (21, 5(7). (2.12)

with ol(.kT) = ol(-’ki ogf = ogfi = ogk) € R, and f; g, : RImilT4me  RIsil 5 RI+7e,

2.2 Artificial Neural Networks (for Robot Control)

ANNSs are computational models inspired by biological neural networks. They
consist of artificial neurons interconnected by weighted connections that mirror
the varying intensities of synaptic contacts. Neurons are modeled as electrically
excitable nerve cells that transmit electrical signals through synapses [274].
ANNSs aim to replicate the behavior and adaptive features of biological neural
circuits. Consequently, they are often employed to tackle complex problems,
such as modeling intricate relationships between inputs and outputs [161]. In
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this manuscript, we (mostly) utilize ANNs as robotic controllers, aiming to infer
the relationship between a robot state and perceptions, and its actions.

Since we use ANNSs to control agents that operate over time, we inherently
introduce the concept of time within the ANNs. Specifically, we simulate the
evolution of the ANN over time in a discrete manner, with a time resolution of
Atp. Notably, At;, does not necessarily need to align with the time resolution
of the robot physical simulation, allowing the ANN to be updated at different
instants compared to the robot simulation.

Due to the stateful nature of some neural models employed, the ANNs can
be regarded as dynamical systems, where the outputs depend not only on the
current inputs but also on the previous history of the system, reflected by the
state of the ANN. Thus, an ANN can be described using the following notation:

st =g (m(h)78(h71)) : (2.13)
g = f (x(h),s(h)), (2.14)
ORI (2.15)

where s(®) ¢ RI*! is the state of the ANN at time step h, () € R™ is the input at
h, y™ € R™ is the output at h, g : R™ x RI*l — Rl is the function determining
the state update given an input, f : R x R!$| — R” is the function determining
the output given the current state and input, and s, is the initial state.

Since the very first computational model proposed by McCulloch and Pitts
[255] in 1943—the perceptron—a wide variety of ANN models have emerged.
These models differ in various aspects, such as neuron modeling and network
architecture, and cover a range of features including simplicity, computational
efficiency, and biological resemblance. In this manuscript, we consider a subset of
models that capture different aspects, as we will discuss in the following sections.

Specifically, we examine Multi-Layer Perceptrons (MLPs), Recurrent Neural
Networks (RNNs), and Spiking Neural Networks (SNNs). While the first two
models have been extensively used for robot control over the past decades [344],
SNNs have only recently started being applied in this domain. We focus on
these three models, among the many that are applicable to the task of robot
control [174], because we believe they represent different trade-offs between
parameter size and state size. The former serves as a proxy for information pro-
cessing expressiveness, i.e., the diversity of processing that the ANN can perform,
while the latter serves as a proxy for memory size. Additionally, the parameter
size directly affects the search space of the optimization process: generally, the
more parameters an ANN has, the longer it takes to find suitable values. Fi-
nally, we note that more complex ANN models, such as Long Short Term Memory
(LSTM) networks [244], are often used in controllers with large input spaces,
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such as those resulting from vision sensors. In contrast, the robots in our sce-
nario are usually equipped with simple sensors that generate low-dimensional
inputs, as we shall see in the following chapters of this work.

2.2.1 Multilayer Perceptrons

The first model we consider is the MLP, which we leverage for the control of
MSRs in Chapters 3 to 7, 11 and 12, and for the control of non-modular rigid
robots in Chapters 9 and 10.

The MLP is a fully connected feed forward ANN, where each neuron is a
perceptron [255, 362] and neurons are organized in layers. The MLP has no
state, which means that, in terms of Equations (2.13) to (2.15), |s|= 0, g, and sg
are undefined, and f takes only (") as argument.

The processing of y") = f (")) in an MLP is based on the processing occur-
ring in a single neuron:

Jj=mi—1

Ul(,};) =" Z wl,i,jvl(i)l’j —bi |, (2.16)
j=1

where ¢ : R — R is the activation function of the perceptron, v; ; is the activation
level of the i-th neuron in the I-th layer, w;; ; is the synaptic weight associated
with the synapse connecting the i-th neuron in the /-th layer with the j-th neuron
in the (I — 1)-th layer, b, ; is the bias of the i-th neuron in the /-th layer, and m; is
the size, i.e., the number of neurons in the I/-th layer. Since MLPs are organized
into layers, respectively one input layer, zero or more hidden layers, and one
output layer, the computation described by Equation (2.16) is performed layer
by layer, meaning that the outputs of the previous layer become the inputs of
the following one, for each time step h. Equation (2.16) can be written more
concisely by replacing the summation with vector product:

vy = o (wlT,i'vl(}—L)l - bu) : (2.17)
Hence, for the [-th layer:

T
QDP (szJ”z(z - bl,l)

h
0" (wlT,i”l(—)l - bl,mz)

= &b (o). (2.18)
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where 6, € R(™-1+1)™ i5 3 numerical vector containing all the synaptic weights
and biases and parameterizing the function ga](;ll’ : R™-1 — R™ that describes
the processing for one layer of neurons. Finally, the entire MLP processing can
be completely described in terms of Equation (2.14) by:

y® = ol =l (o (o (e (7))

ML (vg’”) MLP ( (h)) : (2.19)

where 'u(h) 2 (M), |* is the number of hidden layers in the MLP, with [ = 0
correspondlng to the input layer (for which my = m) and [ = [*+1 corresponding
to the output layer (for which m;-,1 = n), and & € RP is a numerical vector

containing all the parameters of fyrp, with p = l v +1|45h|— l L +1(ml,l +
1)my.

Summarizing, an MLP with [* hidden layers has a state of size |s|= 0 and can
be described with a parameter vector of size |6|= ;j;“(ml_l + )my.

Plastic MLPs: Hebbian Learning

Hebbian learning is a type of plasticity that enables an ANN to adapt by modi-
fying its synaptic weights in response to a sequence of inputs. This adaptation
is grounded in the concept proposed by Hebb [149], which suggests that the
strength of a synapse should vary based on the activation levels of the two neu-
rons it connects. Notably, this form of adaptation operates independently of any
measure of the ANN performance (i.e., it does not rely on a reward signal), as it
is based solely on the local information available to each synapse, specifically the
activation of the pre-synaptic and post-synaptic neurons. Consequently, Hebbian
learning can be regarded as a form of unsupervised learning.

In this manuscript, we leverage Hebbian learning in Chapter 5, where we use
it to investigate the effects of brain plasticity in the artificial domain. Specifically,
we use a form of Hebbian learning called the ABCD model (named after the four
coefficients defining the update rule) [49] applied to an MLP.

At each time step h, the weight w; ; ; of a synapse connecting the j-th neuron
of the (I — 1)-th layer with the i-th neuron of the [/-th layer is updated as follows:

h h—1 h—1 h—1
l(,i)j wl(lj )+n(AthrUl lj)+Bllevl(z )+CMJUZ( lj)/Ul(Z )+Dl%]

(2.20)
where 7 is the learning rate vl(lz_l) is the post-synaptic activation value at the

previous time step, and Uz I is the pre-synaptic value at the previous time step.
The role of the learning rate 7 is to make the adaptation of the synaptic weights
faster or slower: the larger its value, the faster the adaptation. The A;; ;, B ;,
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Ci,.,5, and D, ; ; coefficients determine how each synaptic weight updates over
time, starting from a wlo,i’ s these coefficients can hence be optimized to achieve
a desired behavior. As the notation suggests, these coefficients are, in principle,
different for each synapse [109, 463], although other configurations are also
possible [331, 112], e.g., a single network-wise set of A, B,C, D parameters.
Similarly, also n could be fixed network-wise (as in this case), optimized network-
wise, or even fixed/optimized synapse-wise.

Differently from the non-plastic MLP, the Hebbian MLP (H-MLP) is a stateful
ANN: the state resides in its current weights, s(") = w), and the state update
function g§ ™M is the function responsible for updating them, reported in Equa-
tion (2.20). The output function f§™P coincides with that of the MLP, f}P. An
H-MLP with [* hidden layers and non-parameterized weights can be described
with a vector of size |8] = 425211*“(7711_1 + 1)my, the 4 resulting from the four
A, B, C, D coefficients. In the case where the initial weights are also parameter-

ized, the number of parameters becomes 6] = 53" /=% ! (m;_, + 1)my.

2.2.2 Recurrent Neural Networks

The second neural model that we consider are RNNs with perceptrons as elemen-
tary units, which include memory. In this case, as for MLPs, the output of each
unit is computed with ¢° and neurons are organized in layers, but the way neu-
rons are connected is different. In particular, the topology we opt for consists of
an input layer and an output layer, which are built similarly to those of MLPs, and
I* recurrent layers in between them. The input synapses fully connect neurons of
the input layer with those of the first recurrent layer, while the output synapses
fully connect the last recurrent layer with the output layer. In each recurrent
layer, instead, every neuron is connected with every neuron in the previous layer
and in the same layer (also considering auto-synapses). In this case, to avoid
infinite recursion, the inputs of the recurrent neurons at time h are the outputs
of the same layer at the previous time step h — 1, together with those computed
by the input layer at time h.

In mathematical terms this becomes, for the single neuron in the /-th recurrent
layer:

7Z 7Z

2, . .
where w) ; € R™ is the vector of the synaptic weights for the recurrent synapses,
i.e., those connecting the recurrent layer neurons with each other. More concisely,
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for the entire recurrent [-th layer:

_ T
©P (sz,1”l(}—L)1 + wﬂ”l(h Y- bl,l)
(h)

m

= o (v 0" ), (2.22)

h h—1
SDP (w{mlv§7)1 + w;’,T l’Ul( ) - bl,’ﬂ”)

with @, € RO™-1+Dmitmi and EP - R™-1 x R™ — R™.
In terms of the Equations (2.13) and (2.14), and by associating the state

s = vgh) e 'vl(h )} € R ™ with the activation level of the recurrent layers, we
can write:
s — ggNN (véh), s(h—l)) _ ggNN (w(h,)’s(h,—l)) ’ (2.23)
h
y " = @l (o) = g5 (s, (2.24)

with oV £ 2",

From these equations the statefulness of RNNs becomes glaring, as opposed
to the stateless MLPs. In fact, here the computation at time step h directly and
explicitly depends from the results obtained at 4 — 1. This is a form of memory
of the ANN, which can keep track of previous events and neural activity, possibly
re-using the information stored for future computations.

Summarizing, an RNN has a state with size |s|= ZE m, and can be de-

scribed with a parameter vector with size |@|= éill*+1|01|= (my« + 1)myeyq +

STich (muey + Ly + m?.

We employ RNNs in comparison with other neural architectures in Chapter 3.
However, we remark that the distributed controller with explicit communication
for MSRs has itself a form of recurrence, thus also Chapters 4 to 7 and 11 encom-
pass a loose form of RNN.

2.2.3 Spiking Neural Networks

The two aforementioned neural models, MLPs and RNNs, are both simple and
fairly computationally efficient, yet they lack in terms of biological plausibility.
Hence, we move towards SNNs for our third model, where biological resem-
blance plays a fundamental role [125]. We experimentally compare SNNs against
MLPs and RNNs in Chapters 3 and 4 with the goal of understanding if more bi-
ologically plausible neural models might offer advantages w.r.t. simpler and less
accurate models when employed as robot controllers.
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The key element of SNNs is the modeling of the evolution over time of the
membrane potential of neurons. The membrane potential can be altered by in-
coming excitatory or inhibitory neural stimuli, occurring in the form of spikes
propagating along synapses. The generation of said spikes, called firing, occurs
whenever the membrane potential of a neuron exceeds a given threshold. De-
spite the binary nature of spikes, the intensity of any stimulus received by a
neuron is modulated by the strength of the synapse connecting the firing neuron
(pre-synaptic neuron) and the neuron receiving the spike (post-synaptic neuron),
similarly to what we have seen for MLPs and RNNs in Sections 2.2.1 and 2.2.2.

Hence, the core difference between SNNs and MLPs or RNNs lies in the way
information is encoded: in SNNs information is embedded in the distribution of
spikes over time, whereas MLPs and RNNs encode information as real values at
every instant. Therefore, to use SNNs within a framework designed to be coupled
with canonical ANNs, we require additional procedures to convert spike trains to
real values and vice versa, to make the SNN consistent with Equations (2.13)
and (2.14), where the input is a numerical vector (M € R™ and the output
is a numerical vector y(*) € R"”. We describe those conversion procedures in
Section 2.2.4.

Within the SNN paradigm, several neuron models exist [170], which all share
the main concepts derived from neuroscience. In this manuscript, we opt for the
Leaky Integrate and Fire (LIF) model, simulated in discrete time, which offers
a reasonable trade-off between computational efficiency and biological resem-
blance. The LIF model represents the neural membrane as a capacitor, the poten-
tial of which can be increased or decreased by inputs (excitatory or inhibitory),
and exponentially decays with time.

Concerning the architecture of the SNN, we keep a fully connected feed for-
ward layered topology, similarly to an MLP, where each neuron is an LIF neuron
rather than a perceptron. At each neural simulation time step h, the membrane

potential UI(Z) of the i-th LIF neuron of the [-th layer is:

Jj=mi—1
h h—1 h—1 h
Ul(i) = Ul(,i )~ Ath/\v“l(,i ) + Z wl,i,j”l(fi,j
j=1

3

= U(h_l)(l - AthAv) -+ ’wl,ﬂ/l(ﬁ)l

=V

S G RRa (2.25)

(h)
=13

if the membrane potential vl(’;f) exceeds a threshold 191(};), the neuron outputs a

spike, i.e., ul(};) = 1, and the membrane potential is reset to its resting value vyest,

with v € {0,1} carrying the pre-synaptic neuron spike. After the update,
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otherwise ul(’];) = 0. Formally:

hy o (h-1)Y - hy . (h—1 h
(h) _ {‘P%u (Vl(f)hvl(,i )) if o3, . (Vl( )177’1(2 )> = 791(,1‘)

Vrest otherwise

_ (p;JDLLIF (’/l(h)1a79(h (h— 1)) 7 (2.26)

L l’L

o, (i) < o

v, =
1 otherwise

= ol (w2001 oY) 2.27)

which can be ported to the analogous layer-wise form, with g™ : {0,1}™-1 x
R™ x R™ — R™ and @y : {0,1}™-1 x R™ x R™ — {0,1}"™, where 6; =
[wi1 ... Wi, € R™-1"™ is, similarly to the MLP, a numerical vector containing
all the synaptic weights (with no biases in this case) for the /-th layer.

Plastic SNNs: Homeostasis

To enhance the LIF model, we also introduce the biological concept of homeostatic
plasticity. Homeostasis is a self regulatory mechanism occurring at various sites of
living organisms, which aims at re-establishing equilibrium in contrast to strong
stimuli that could unbalance a system [427]. In our case, homeostasis operates

as a firing rate regulator, acting on the threshold 191(’? of neurons, to prevent
excessive or too scarce activity:

Jj=my

19%) = min 191(271), Z Wi 5, -‘rl/)l(z)

- Z}];Hj (wl’; 9 (}:_1)> ) (2-28)

with wl(z) being a parameter updated as:

w(h) _ wl(,}zil) + wmc if l/lh D =1
’ =D D\ AL, otherwise.
= ¥ (Vz(}f 1)’ z(ﬁ_l)) : (2.29)

Both the equations describing homeostasis can be ported to the corresponding
layer-wise form, where ! : R x R™ — R™ and @¥MF : {0,1}™ x R™ —
R™,
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Overall, the processing of the [-th layer of an SNN is described by:

(h) GULIF h 1) (b 1) (2.30)
(h 19LIF< (h) ﬂ(h 1)) (2.31)

— pulIF ( (h) h h 1)) 7 (2.32)
(h) VLIF (Vgh)1 0(h (h 1)) (2.33)

It can be seen that the state, for the [-layer, is given by s; = [v; 9; 9,] € R3™,
for which we can write:

_ T
o (v 0"

h h—1
0= | (w0 00)
pULIF (,/l(hfl)7 l(h*1)>
<pS]l“IF (Vl(h)l s(h_l)) . (2.34)

The processing of the entire SNN with /* hidden layers may be described, in
terms of Equations (2.13) and (2.14), as:

s(h) = gshN (V(—h1)a s("_l))
=go (w("), s(h‘”) , (2.35)
y ™ =i, = 5 (sM), (2.36)

with V(h) £ g,

Summarlzmg, an SNN with Homeostasis (SNN-H) with [* hidden layers, has
a state with size |s|= l A +1|sl|— 3Zl U1, and can be described with a
parameter vector with size \0|— l v +1|49l|— l_l L ni_1m,. Moreover, the
SNN-H processing depends on the followmg network wise parameters: Atp, Ay,
Urest /\71” and Yine-

We also employ an SNN without homeostasis, that we denote with just SNN

in the following. For this neural model, each 19(h) is the same and remains con-
stant, i.e., ﬁ(h) = 99, Vi, 1, h; hence, the state of the SNN for each I-th layer does
not 1nclude 191 and v,. As a consequence, an SNN with /* hidden layers and
without homeostasis has a state with size |s|= l - +1| 1= ézé 1, and
can be described with a parameter vector with the same size of the SNN-H, i.e.,

|0)= l l 1 mi_ymy. Finally, the SNN processing depends on the following
network Wlse parameters: Atp, Ay, Urest, and dg.
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2.2.4 Embedding Different ANN Models in Robot Controllers

Given the differences between the considered neural models, highlighted in Sec-
tions 2.2.1 to 2.2.3, it logically follows that not all ANNs can be embedded in a
robot controller alike. In particular, a key role is played by the different ways in
which information is stored and processed: MLPs and RNNs rely on real values at
each neural simulation time step h, whereas SNNs encode information in spike
trains and in their distribution over time. Therefore, we distinguish between the
former and the latter models when used as robot controllers.

MLPs and RNNs as Robot Controllers

Using these ANNs as controllers is straightforward, as they process real values just
like the robot control system, which takes the sensor readings (and potentially
communication values) as inputs and outputs the control values for the actuators.
Therefore, it is sufficient to query those ANNs at each control time step k to
compute the desired values. Hence, in this case, the neural simulation frequency
coincides with the chosen control frequency f,.

SNNs as Robot Controllers

As anticipated in Section 2.2.3, unlike canonical ANNs, SNNs do not process real
values: at each neural time step h, there is a binary value, i.e., either there is
a spike or not, which does not contain meaningful information itself. Instead,
information is stored within the distribution of spikes over time, hence we need
to convert real values to a spike distribution, i.e., to a spike train, and vice versa,
in order to embed SNNs in a standard robot controller.

Here, we take inspiration from the most common conversion method, that is
rate coding [42], where real values are mapped to frequencies, which are then
used to generate spike trains [452], and vice versa. Moreover, it is interesting
to note that rate coding contributes substantially to the homeostatic mechanism,
which operates as a firing frequency regulator. We remark, though, that other
types of coding exist, which naturally couple with other types of regulation mech-
anisms, such as temporal coding, which enhances the benefits of Spike-Timing-
Dependent Plasticity (STDP) [226] for local learning [137].

As a consequence of the encoding choice, the neural simulation frequency in
SNNs, fr, = ﬁ’ needs to be larger than the control frequency f.—i.e., the con-
trol interval has to be longer than the neural simulation interval. In Chapters 3
and 4, we set f, = 1kHz, corresponding to a time resolution of 1 ms, which is a
commonly used value in the literature [170].

Depending on the value of f. we use two rate coding flavors. The first is the
standard version of rate coding. Given a sensor reading r(*) we convert it to a
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spike train as follows. We first compute f(*) by linearly scaling (*) between fmin
and fmax:

f(k) = T(k) (fmax - fmin) + fmin- (2.37)
Then we generate a spike train with spike frequency f*), i.e., we emit a spike
every [%J neural time steps—note that this could also be done according to
some probabilistic distribution [17]. Formally speaking, we assign each value
v in the spike train for h = k H—hJ s (1) H—hJ — 1, i.e., for the k-th
control interval, as:

1 ifdneNst.h=hg+n
S

0 otherwise.

fn J
1o (2.38)

where we set hy = k Hc—hJ to the starting point of the control interval.

Concerning the output conversion, we compute the average frequency of the
output spike train in the control interval, the inverse of the average inter-spike
timing, and we scale it considering the maximum frequency fmax to compute a(*):

h=(b+1) | 48] -1

Z yh), (2.39)

h:kL%J

In this way, we obtain a value of a*) defined in [0, 1] which we can rescale ac-
cording to the actual domain of definition of a(*), e.g., [~1, 1]. We set fui, = 5Hz
and fmax = 50Hz for biological plausibility. Thus, we can rely on this coding
when fc < fmax = 50 Hz.

With higher control frequencies, i.e., when f. &~ fnax, we modify the standard
rate coding as follows. For the input conversion, we employ Equation (2.38), but
we set hg to the neural time step of the last spike occurred before this control
interval. For the output conversion we modify Equation (2.39) to consider the
last n,, control intervals, i.e., from k—n,, —1 to k, as in a moving average. Hence,
the output conversion equation becomes

ok — _In
fmax

h=(k+1) [%J -1
oh = L > v, (2.40)

Naw fmax he (ks +1) {%J
We remark that the value-to-spikes and the spikes-to-value conversions are
stateful themselves. In particular, when f. & fnax, an unbounded number of pre-
vious control time steps may impact on the value-to-spikes conversion (since the
last previous spike might have occurred in any previous control time step). In the
spikes-to-value conversion, exactly n.,, previous control time steps are considered.

- 29 -



Background

2.3 Evolutionary Optimization (of Robots)

An Evolutionary Algorithm (EA) [100, 84] is a meta-heuristic, population-based
optimization algorithm. EAs are inspired by Darwin’s theory of evolution [78],
where individuals in a population compete for limited resources. This environ-
mental pressure leads to natural selection, where the fittest individuals have a
higher likelihood of survival and reproduction.

To solve an optimization problem, a fitness function must be defined to evalu-
ate the performance of individuals. Similar to natural evolution, individuals with
higher fitness are more likely to survive and reproduce, leading to an expected
overall increase in the population’s fitness.

In EAs, an individual represents a candidate solution (phenotype) for the prob-
lem, which can be internally represented (genotype) either as the solution itself
or as a specific data structure. The mapping between genotype and phenotype is
commonly known as encoding. The genotype-phenotype distinction not only en-
hances the biological analogy of EAs, but also facilitates the reuse of techniques
developed for evolving certain genotypes, requiring users to only customize the
encoding for the problem at hand.

The general structure of an EA is illustrated in Figure 2.8. At first, the pop-
ulation is initialized, either randomly or based on prior knowledge about the
problem. Next, a subset of the population is chosen for offspring generation,
a process known as parent selection, which is analogous to mating in biology:
through recombination or crossover, the offspring inherits traits from parents. Ad-
ditionally, mutation may be applied to the new individual to increase diversity
within the population, promoting the exploration of new areas in the solution
space. In some cases, new individuals can be generated solely through mutation.
After the new set of individuals is created, fitness is assessed for all individuals to
simulate environmental pressure. Based on these fitness evaluations, decisions
are made about which individuals will proceed to the next generation and which
will be eliminated. This entire cycle repeats until a termination condition is sat-
isfied, such as achieving a specified fitness level or exceeding a computational
budget, e.g., a set number of generations.

2.3.1 Evolutionary Robotics

Turning our focus back to robotics, the actions of a robot are driven towards
the achievement of a specific goal, known as a task. It is usually necessary to
optimize a robot for a given task, and EAs are particularly effective and efficient at
exploring the robot design space, often requiring only the definition of a suitable
fitness measure. While defining this fitness measure can be challenging [90], it
is generally easier than manually designing a solution.
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L Parent selection f
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Figure 2.8: General scheme of an EA [100].

The application of EC to robotics is termed Evolutionary Robotics (ER) [94,
318], which involves optimizing the robot (or its parts) for a given task using
EC. Robotics has several peculiarities which make EC a relevant optimization
technique:

1. Optimization can target different robot features, such as the controller or
the body. Although most examples of ER are either aimed at optimizing
the controller, the body of the agent, or both, there are also some more
peculiar examples, such as the optimization of the robot sensory appara-
tus [107]. Even when only the controller is optimized, the body plays a cru-
cial role in interacting with the environment through morphological com-
putation [147], as described by the embodied cognition paradigm [334].

2. Robots are not static artifacts, i.e., they change over time, from simple spa-
tial configuration changes to more complex scenarios like growth [204],
autotomy [81], or malfunctions [250, 206]. This allows interaction be-
tween evolutionary and life time-scales, enabling adaptation at both levels.

3. Real-world application of EC steps (evaluation, selection, and variation)
can be costly, unscalable, or dangerous. Hence, optimization is often per-
formed in simulation, leveraging fast computation and the parallelizable
nature of EAs. However, simulations rarely capture every subtle aspect of
reality, leading to the reality gap problem [430, 372], where the optimized
robot behaves differently in real-world conditions compared to simulations.
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2.3.2 Relevant Examples of EAs

In the following we mention and describe some relevant examples of EAs em-
ployed in the manuscript.

Genetic Algorithms

Genetic Algorithms (GAs) [158] are the most “standard” form of EAs. We detail
the pseudo-code of a GA in Algorithm 2.1.

A GA iteratively evolves a fixed size population P of n,e, solutions. First,
solutions are generated with the init () function, which can be customized ac-
cording to the chosen representation. Then, at each iteration, the GA builds an
offspring P’ of n.g solutions by selecting parent individuals with a tournament
selection (with ney individuals) and then applying a variation operator. Such
operator is implemented by the variate(...) function: it can take the form of
crossover, mutation, or a combination of the two, according to the use case. The
GA then extracts an elite of size nejj. from the parent population. After that, the
GA merges the parents and offspring and applies truncation selection to retain
only the best npop — nelie solutions, which will be merged with the elite to form
the population at the next iteration. The GA stops iterating when at least neyas
solutions have been evaluated. At the end of evolution, the GA returns the best
solution in the final population.

Evolutionary Strategies

Evolutionary Strategies (ES) arise from real-valued function optimization and
hence employ vectors of real numbers as genotypes [84]. We frequently utilize
ES in this manuscript to optimize the weights of ANNSs, effectively performing a
form of neuroevolution. This optimization approach has gained recognition as a
scalable alternative to Reinforcement Learning (RL) [371], garnering significant
attention across various communities.

We report the pseudo-code of an ES in Algorithm 2.2. At first, npp individuals,
i.e., numerical vectors 6, are put in the initially empty population, all generated
by assigning to each element of the vector of size p a value sampled from the uni-
form distribution U([—1, 1]). Subsequently, the algorithm proceeds in iterations,
limited by a budget specified in number of evaluations n.y.s. At every iteration,
an elite of the population is chosen to generate nyp, — 1 children, each obtained
by adding values sampled from a normal distribution N (0, o) to each element of
the element-wise mean g of all parents. The generated offspring, together with
the fittest individual of the previous generation, end up forming the population
of the next generation, which maintains the fixed size np0p.
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2.3 Evolutionary Optimization (of Robots)

function evolve():
// initialization
P+ 0
while |P|< npop do
s+ initQ)
P+« PU{s}
end
// generations
N 4 Npop
while n < neyas do
// build offspring
P 0
while |P/|< nqg do
n+<n+1
s1 < tournament (P, n¢our, q)
So < tournament (P, nour, ¢)
s < variate(sy, $2)
P+ P'U{s}
end
// extract elite from parents
P+ P
while |P”|> ngjjre do
| P"« P"\ {worst(P",)}
end
// merge parents and offspring
P+ PuUP
// apply truncation selection
while |P|> npop — nelire dO
| P+ P\ {worst(P, @)}
end
// merge selected population with elite
P« PUP
end
return best (P, q)
end
Algorithm 2.1: The general scheme of a GA. The functions best (P, ¢) and
worst (P, q) return the best or worst solution in P according to the fitness
function q.
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1 function evolve():

(32 BN VU U}

N

10
11
12
13
14
15
16
17
18
19
20
21

// initialization
P10
foreach i € {1,...,npep} do
| P+ PU{0+U([-1,1])"}
end
// generations
N 4= Npop
while n < neyqs do
// select parents elite

P+ P
while |P'|> nej do
| P« P\ {worst (P, )}
end
p@ < mean(P’)
P" + {best(P,q)}
while | P"|< npop do
P"+ P"U{pu+ N(0,0)"}
n+<n+1
end
P« P
end
return best(P, q)
end
Algorithm 2.2: The scheme of a simple ES. The functions best (P, ¢) and
worst (P, q) return the best or worst solution in P according to the fitness
function gq.
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Genetic Programming

Genetic Programming (GP) extends the principles of GAs to the domain of com-
puter programs, enabling the automatic generation and optimization of pro-
grams to solve specific tasks [200]. GP can utilize various representations for
the programs it evolves: we describe the ones employed in the manuscript be-
low. Regardless of the representation, GP usually follows the same evolutionary
loop of a GA (see Algorithm 2.1) with suitable implementations of the init ()
and variate() functions, although combining GP with other EAs, e.g., multi-
objective EAs, is also possible.

The main advantage offered by GP over other representations, such as ANNs
optimized for controlling robotic agents or performing regression, lies in the com-
pactness and expressivity of the solutions GP generates. Even without explicitly
constraining the size of the solution, GP produces results composed of simple
user-defined building blocks that are interconnected, thereby improving their in-
terpretability. In this manuscript, we adopt GP in Chapters 8 to 12 for this reason.

Tree-based Genetic Programming. Tree-based GP represents programs as tree
structures, where each node corresponds to a function belonging to a set H, and
leaf nodes represent variables or constants [201, 246]. Function nodes perform
operations and have children nodes as arguments, while terminal nodes provide
input values or constants. The output of the program is obtained at the root by
recursively evaluating the functions until leaf nodes are met.

In tree-based GP the genotype corresponds to the tree itself, thus initialization
and genetic operators act directly on the tree. For initialization the most common
strategy is ramped half-and-half [246], that generates each tree as follows. First,
it samples a target tree depth d € [dmin, dmax|- Then, it selects either the grow
or full algorithm with probability 1/2. Both algorithms recursively pick random
nodes for the new tree starting from the root; the difference between the two
algorithms is that grow samples between both functional nodes and terminal
nodes, whereas full only samples functional nodes. When they reach the target
depth, both algorithms only sample terminal nodes.

Concerning the genetic operators, the most common ones are subtree crossover
and subtree mutation. Subtree crossover consists in replacing a random subtree
of one parent with a randomly chosen subtree of the other parent: both subtrees
are picked to ensure the child tree has a maximum depth of dy.,. In subtree
mutation a random subtree is replaced with a newly generated tree, ensuring a
maximum depth of dp.x for the child.

We opt for tree-based GP in Chapters 8 and 11. In the former, we choose
it due to its demonstrated effectiveness in addressing Symbolic Regression (SR)
problems [211] and its potential for interpretability, which allows us to explore
the subjective nature of this concept. In the latter, we select it for similar reasons,

- 35 -



Background

aiming to experiment with compact and potentially interpretable controllers for
MSRs.

Cartesian Genetic Programming. Cartesian Genetic Programming (CGP) rep-
resents programs as graphs resulting from connections among nodes placed in
grid in a Cartesian plane [276, 275]. Each node represents a function, which can
use either the outputs of the nodes of the previous layers or the program inputs
as arguments. The final outputs of the program are collected from the outputs of
nout Selected nodes.

Without loss of generality, we can consider a uni-dimensional grid, i.e., a
sequence of nodes of length n4es. Hence, to fully determine a CGP graph,
we need (1) ney indexes to specify the program outputs, and (2) ngedes tuples
(hyi1,...,1m, ), specifying the function and its arguments for each node, where
Mg is the maximum arity of the functions available in the function set H, 2 in
our case. We remark that for each of the tuples, 4 is an index bounded by the
cardinality of H, whereas each input index can range from 0 to nj, + 7 — 1, where
j indicates the current node position. Thus, the genome of a CGP graph is a
sequence of bounded integers of size nqur + (1 + Mar)Nnodes-

To initialize each genome, we sample a uniform distribution over the allowed
integer values for each position. As variation operator, we use int-flip mutation,
i.e., we sample a new integer value in the allowed interval, with a different
probability for node inputs p;, node functions p;, and program outputs p,.

We utilize CGP in Chapters 9, 10 and 12 due to its strength in representing
multivariate functions and leveraging sub-structure modularity. Furthermore, its
fixed-length representation enhances computational efficiency, allowing us to ex-
ploit GPU acceleration. We employ CGP to develop interpretable controllers with-
out sacrificing performance, addressing different types of robots: rigid robots in
Chapters 9 and 10 and MSRs in Chapter 12.

Linear Genetic Programming. In Linear Genetic Programming (LGP), pro-
grams are lists of instructions from a programming language, where the result
of each instruction is assigned to a register from a predefined set [44]. The in-
puts of the program are copied into the first n;, registers, whereas the outputs
are taken from the last nqy registers. If we consider the information flow in a
LGP program, we can interpret it as a Directed Acyclic Graph (DAG), and hence
LGP falls under the category of Graph-based Genetic Programming (GGP) [117].

To describe a LGP program, each instruction is determined by specifying
(1) the index of the register to be assigned, (2) the function to execute from
those available in the function set H, and (3) the sequence of arguments to
be passed to the function (i1, ...,%m, ), expressed in terms of register indexes
(mar = 2 being the maximum arity of functions in H). Hence, to fully determine

- 36 -



2.3 Evolutionary Optimization (of Robots)

a program of ny,es lines, the genome is a sequence of bounded integers of size
(2 4+ Mar)niines- In this case the bounds for register indexes are constituted by the
amount of available registers n..s, as even those not explicitly assigned before
are initialized to 0 and are available to select.

To generate each genome, we sample a uniform distribution over the allowed
integer values for each position. Regarding the genetic operators, we apply one-
point crossover (constraining instructions, i.e., program lines, to be atomic) fol-
lowed by int-flip mutation, with a different probability for the left-hand side of
each program line, i.e., the registers to be assigned, p,, functions p;, and function
inputs p;.

We employ LGP in Chapter 9 as an alternative to CGP, choosing it for similar
reasons.

NSGA-II: a Multi-Objective EA

Non-dominated Sorting Genetic Algorithm II (NSGA-II) [86] is a multi-objective
EA that seeks to find a diverse set of solutions that represent the Pareto front in
the objective space. We report the pseudo-code of NSGA-II in Algorithm 2.3.

Initially, npop solutions are generated with the init() function and stored
in the population P. Successively, the first generation of offspring is computed,
selecting parents with tournament selection based on Pareto dominance, and ap-
plying a suitable variation operator upon them. Then, the core loop of the algo-
rithm begins, with survival selection occurring first, followed by a new offspring
generation.

Survival selection, detailed in Algorithm 2.4, proceeds iteratively, by subse-
quently promoting to the next population the Pareto fronts. This proceeds until
the considered Pareto front would make the next population exceed the target
size of npep. In that case, the solutions to be promoted are selected according
the crowded-comparison operator <,. Such operator sorts solutions according
to Pareto dominance first, and, in case of ties, resorts to the crowding distance
for comparing solutions. In simple terms, the crowding distance measures the
normalized inter-solution distance in the space defined by the fitness functions g
(note that it is also possible to compute it w.r.t. the parameter space [85]). The
sorting is performed to promote solutions with higher distance to others, i.e., in
less crowded areas, to implement a sort of diversity preservation mechanism.

After individuals are selected for survival, NSGA-II computes a new genera-
tion, selecting parents with tournament selection and applying variation. As for
survival selection, the tournament selection relies on the crowded-comparison
operator <,, aiming at promoting fit solutions while maintaining a good cover-
age over the different objectives.

At the end of the algorithm, all solutions belonging to the first Pareto front
are returned.
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function evolve():

// initialization

P+ 0

while |P|< np,p, do
s+ init Q)
P+ PU({s}

end

// first generation

while |P'|< npop do
// tournament selection based on Pareto dominance
s1 < tournament (P, niour, q)
59 ¢+ tournament (P, niour, q)
s < variate(sy, s2)
P+ P'U{s}

end

P+ PuUP

N 4 2Npop

// generations

while n < neyas do
// survival selection

P < survivalSelection (P, npep, q)

// build offspring

P«

while |P’|< npop do

n+<n+1

// tournament selection based on crowded-comparison operator =y

$1 <+ tournament (P, nwour, <n)

S < tournament (P, Niour, <n)

s < variate(sy, s2)

P« P'uU{s}

end

// merge parents and offspring

P+ PuUP

end

return nonDominated (P, q)

end

Algorithm 2.3: The scheme of NSGA-II. The function
survivalSelection(P, npep,q) is the core point of the algorithm; it is
detailed in Algorithm 2.4. The function nonDominated (P, q) extracts the
first Pareto front in the population P according to the fitness functions gq.
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2.3 Evolutionary Optimization (of Robots)

function survivalSelection (P, npop, q):
P+
while |P’|< nyop do
// select Pareto front
F < nonDominated (P, q)
// add Pareto front if it fits entirely in the population
if | P'|+|F|< npop then
P+ PUF
P+« P\F
else
// select individuals according to crowded-comparison operator =y
while |P’|< npop do
s < best (F, <,)
P+ P'U{s}
end
end
end
return P’
end
Algorithm 2.4: The survival selection mechanism employed in NSGA-II (see
Algorithm 2.3). The function best (P, <,,) returns the best solution in P ac-
cording to the fitness function <,,, whereas the function nonDominated (P, q)
returns the first Pareto front in the population P according to the fitness func-
tions q.
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Background

MapkElites: a Quality-Diversity EA

Quality-Diversity (QD) algorithms are algorithms that search for a large collec-
tion of both diverse and high-performing solutions. The role of this collection is
to cover the range of possible solution types as much as possible, and to contain
the best solution for each type [69].

MAP-Elites (ME) is a QD algorithm that creates a map of high-performing
solutions at each point in a space defined by user-specified dimensions of di-
versification [291]. We show the pseudo-code of the default version of ME in
Algorithm 2.5.

function evolve():
// initialize the empty map of elites (archive)

X0

n<+0

while n < neyas do

if n < npop then
// generate first individuals with init function
5+ init

else
// generate new individuals from parents
s’ < sample(x)

s < variate(s’)

end

// extract descriptors of solution

d < descriptorFunction(s)

// if the archive has no element for the given descriptors or the
element is worse than the generated one (assuming maximization of
the fitness), store the new one

if x(d) = @ or ¢ (x(d)) < ¢(s) then

| x(d) « s

n—n+1

end

return y

end

Algorithm 2.5: The scheme of ME. The function descriptorFunction(s)

computes the descriptors of the solution s.

ME works by storing solutions in an archive y, also known as repertoire or
map. At first nyop solutions are randomly generated, whereas successively new
solutions are generated by applying variation to solutions sampled from the
archive. The decision if a solution s is stored in the archive is based on two
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elements: the fitness of the solution ¢(s) and its descriptors d, computed by the
descriptorFunction(s). Namely, if there is no element in the archive corre-
sponding to the same descriptors d, the solution is stored. Conversely, if there
is already an element, the decision is based on local competition, i.e., the best
solution among the existing one and the new one is kept.

The descriptors of the solution are user-specified and should capture the fea-
tures of the solution that are considered relevant by the user. Clearly, if the space
of descriptors is real valued, a discretization is required. The standard ME version
relies on a simple grid discretization, whereas CVT-ME [434, 435] discretizes the
space of descriptors into an archive according to the Centroidal Voronoi Tessel-
lation (CVT), providing a more uniform and efficient coverage of the descriptors
space, regardless of its dimensionality.

In this manuscript, specifically in Chapters 10 and 12, we consistently use
CVT-ME. We employ ME as a tool to diversify solutions based on various crite-
ria, ultimately investigating whether this partially bio-inspired mechanism can
enhance the optimization of robot controllers that are both interpretable and
effective.
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Biological Insights as a
Foundation for
Autonomous Embodied
Artificial Intelligence

In this part of the thesis, we study how to integrate biological principles into
the domain of Artificial Intelligence (AI) for robotics. More specifically, we
investigate whether bio-mimicry can enhance the performance and autonomy of
embodied Al agents, while also examining if the findings observed in-silico can
reflect and illuminate phenomena in the biological domain.

Our analysis begins with a comparison of how different models of Artificial
Neural Networks (ANNs) perform as controllers for embodied agents in Chap-
ters 3 and 4. We evaluate various ANN models with differing levels of simplic-
ity and biological fidelity. Next, we investigate the biological phenomenon of
plasticity in artificial systems, focusing on brain plasticity in Chapter 5 and mor-
phological plasticity in Chapter 6. We compare plastic agents with non-plastic
ones, highlighting potential advantages of this paradigm and other notable dif-
ferences. Finally, we simulate synaptic pruning in ANNs in Chapter 7, examining
the effects of reducing over-parametrization in the ANNs employed to control
embodied agents.
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Comparison of Evolved
Neural Network Models

key question in robotics consists in determining the most suitable neural con-

troller for a specific robot morphology and sensory setup in a given environ-
ment, especially when it comes to robots with non trivial dynamic behaviors as
Voxel-based Soft Robots (VSRs). It has been observed that ANNs with state might
handle the dynamic characteristics of VSR bodies and their morphological compu-
tation effectively. In this chapter, we evaluate four types of ANNs as controllers:
Multi-Layer Perceptrons (MLPs), Recurrent Neural Networks (RNNs), and Spiking
Neural Networks (SNNs) with and without homeostasis. We test three robot mor-
phologies for locomotion, each evaluated in simulation with three different types and
numbers of sensors. We optimize neural network controllers through Neuroevolution
(NE), and assess the results based on effectiveness, efficiency, and generalization. We
also systematically analyze the robots behaviors. Our findings indicate that RNNs
generally perform better; while MLPs often prove to be the least effective, especially
for robots with fewer sensors. On the other hand, SNNs excel in generalization, and
homeostasis tends to be advantageous. Lastly, we note that RNNs and SNNs with
homeostasis tend to produce a broader range of behaviors.

This chapter is based on the following publication: G. Nadizar, E. Medvet, S. Nichele, and S. Pontes-
Filho. An experimental comparison of evolved neural network models for controlling simulated mod-
ular soft robots. Applied Soft Computing, page 110610, 2023 [299].
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3.1 Introduction

ANNs have been extensively and effectively employed for a diverse array of tasks,
from language interactions [380] and playing strategic board games [102] to
generating real-time robot commands [227]. Of particular relevance to problems
where temporal dynamics are crucial, RNNs stand out as a notable class of ANNs
with state. Having a state means these networks possess memory capability,
allowing outputs from a neuron to influence future computations of the same
node through cycles. Consequently, RNNs can be viewed as dynamical systems,
which makes them potentially well-suited as controllers for embodied agents that
operate in real-time, responding to their environment and previous actions.

However, in the field of modular robotics, there is insufficient understanding
regarding the advantages of using recurrent neural controllers versus other types
of neural controllers for various morphologies and tasks.

To address this research gap, in this chapter we examine four variants of
ANN—three of which include a state—and conduct a comprehensive comparison
of their performance as controllers for VSRs. We note that VSRs are particu-
larly relevant in this context because their bodies consist of interconnected soft
modules, allowing them to display a wide range of dynamic behaviors [410].

These dynamic processes, enabled and conducted by the robot bodies, are
commonly referred to as morphological computations [294]. To align with the
body dynamics and fully leverage their potential, we explore various evolved neu-
ral network models—specifically, different ANN models optimized with Evolu-
tionary Computation (EC). We focus on simple, stateless MLPs, RNNs, and SNNs,
with and without homeostasis. These four variants differ in both parameter size
and state size; the former indicating the information processing capability of the
network, while the latter representing its memory capacity. Homeostasis, a bio-
logical mechanism that maintains system stability amid abrupt changes in input
stimuli, is implemented in SNNs as homeostatic plasticity, which regulates the fir-
ing rate of a neuron by adjusting the threshold of the membrane potential [427].

Based on the hypothesis that recurrent and spiking neural models could be
advantageous for VSRs, we carry out an extensive experimental campaign in
simulation. This involves nine robots with varying shapes (biped, worm, and
“comb”, a form of multiped) and sensory setups (few or many, different types
such as proximity and touch), all optimized through NE. We assess the evolved
ANN s for their performance in the locomotion task, which involves moving as far
as possible from the initial position. We evaluate the networks using metrics that
include search effectiveness (measured by the velocity of the evolved robots),
search efficiency (based on the evolutionary time required to achieve the best
robot), and generalization ability (assessed by the robot velocity under unknown
conditions). Additionally, we conduct a systematic analysis of the robots behav-
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iors using various metrics and visualize the results through Principal Component
Analysis (PCA) for dimensionality reduction. Our findings confirm that ANNs
with state are particularly well-suited for controlling VSRs.

We find that:

1. RNNs are the most effective models while MLPs are on average the weakest
network controllers for robots with few sensors.

2. SNNs appear to be more capable of generalization than other types of con-
trollers. One interesting observation is that the mechanism of homeostasis
is beneficial across a wide variety of scenarios, indeed providing an addi-
tional level of fast adaptation during the lifetime of the robotic agents.

3. ANNs with state such as RNNs and SNNs are able to produce a wide reper-
toire of diverse behaviors, which may be argued to be a beneficial property
for robots to be deployed in unknown or changing environments [338].

3.2 Related Works

Controlling a robot to complete a specific task is a complex challenge that can be
approached in various ways, from traditional control theory to more innovative
Al methods. A common strategy is to equip the robot with a “brain”, often in the
form of an ANN [344, 28], which handles the computation needed to drive the
actions of the robot. In contrast, the concept of morphological computation sug-
gests that the robot “body” itself can perform the computation, making the brain
secondary or even unnecessary [294]. The embodied cognition paradigm [334]
attempts to reconcile these opposing views by localizing intelligence—i.e., the
source of computation—in the interaction between body and brain for both real
and artificial agents.

Clearly, this paradigm does not apply equally across the entire robotics field,
as some robot morphologies are inherently better suited for hosting computa-
tion than others. Intuitively, a more dynamic body, as seen in soft robots [87],
tends to have a greater share of computational power residing within the body
itself [264]. VSRs naturally fit this paradigm and therefore serve as an excel-
lent test bed for evaluating the body-brain interaction in a controlled simulated
environment.

A similar argument applies to robotic controllers: a particular type of brain,
or ANN, may or may not be suitable for a specific robot or task. Among the di-
verse ANN models, one of the key factors in determining their appropriateness
is the degree to which they support computation in harmony with the body dy-
namics. In other words, the choice of ANN is often influenced by features such
as having a state (memory) [121], the ability to perform self-regulation and/or
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unsupervised learning [305, 331], or being adapted to specific types of inputs
(e.g., high-dimensional visual data) [148]. While controllers with memory may
be better suited for complex tasks requiring deep environmental cognition, the
complex dynamics introduced by such controllers may interfere with the robot
body dynamics, which motivates our study. Conversely, learning and adaptation
are often desirable, especially when the controller is part of a broader optimiza-
tion process [99], though the added complexity required for auto-adaptation can
sometimes detract from the robot effectiveness. Thus, selecting an appropriate
neural model is not straightforward, necessitating a comparison of different op-
tions. Jin et al. [174] reviewed various ANNs for a robot manipulation task,
including many models featured in our study, as well as Echo State Networks,
Dual Networks, and Central Pattern Generators. Similar to their work, we aim to
compare different ANN models for a single task. However, unlike the cited study,
we focus on simulated modular robots performing locomotion and conduct an
experimental evaluation rather than a survey.

The MLP [255, 362] is the most widely used ANN model, commonly chosen
for various robot types and applications. MLPs have been successfully applied to
VSRs as both centralized and distributed controllers, leveraging the modularity
of these robots [338]. Notably, Ferigo et al. [109] incorporated unsupervised
Hebbian learning into MLPs within VSRs to boost their performance and gener-
alization capabilities (we will conduct a similar study in Chapter 5).

RNNs are another frequently used ANN model in robot control [417, 216].
While they share the simplicity of MLPs, RNNs include a state, making them
well-suited for tasks that require memory, such as navigation [4, 483]. Although
RNNs have not been directly applied to VSRs, the distributed controller with
explicit communication [260] (presented in Section 2.1.3) intrinsically utilizes
recurrence in the information processing within the robot.

Unlike MLPs and RNNs, SNNs have only recently started to gain traction in
robotics, though pioneering work on using them for controlling modular robots
dates back to 2003 [311]. SNNs were originally introduced to mimic biolog-
ical processes [125, 170], but are now valued for their unique computational
features. They enable homeostasis [427]—a form of parametric unsupervised
learning—and are highly energy-efficient, especially when paired with neuro-
morphic hardware [392]. Bing et al. [33] provide an overview of SNN applica-
tions in robotics. Notably, the work by Spaeth et al. [392, 393] is highly relevant
to this study. They employ SNNs as Central Pattern Generators (CPGs) [168, 403]
to control the contraction and expansion of simulated robot muscles, similar to
how voxels function in VSRs. However, the CPGs in these studies are manually
designed with inhibitory cycles among neuron groups to create rhythmic muscle
activation [193]. SNNs are also capable of creating cognitive maps in spatial or
temporal dimensions, serving as a form of spatial memory. This feature enables
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them to address tasks beyond locomotion, such as robot path planning and state
predictions [40, 240, 472]. Moreover, SNNs can facilitate associative learning,
where robots learn associations between objects and actions [37, 239, 223].

To make each of these ANNs effective as robot controllers, an optimization
or training phase is essential. Given the variety of models, we use NE for op-
timization, as it is applicable to all the ANNs considered in this study. Unlike
Reinforcement Learning (RL), NE does not require domain-specific knowledge to
design rewards (as seen in [32]) and can therefore be applied to a wide range
of tasks. Additionally, NE does not require differentiability. For a comprehensive
overview of NE-based methods for optimizing ANN-based controllers, especially
for navigation tasks, we refer the reader to [172].

3.3 Neuroevolution of VSR Neural Controllers

In this chapter we employ a centralized controller for VSRs, which is thoroughly
described in Section 2.1.3. Such controller is a dynamical system defined by two
parametric functions fg and gg. These functions determine the way in which
the VSR reacts to different conditions, i.e., its behavior. Naturally, the goal of
optimization is to find the most effective parameters 6 to induce a behavior which
leads the VSR to successfully accomplish a given task.

Since we are employing ANNs as controllers and evolutionary techniques for
optimization, the process of optimizing the controller parameters 6 can be re-
ferred to as NE. This means that we are searching the space of ANNSs to find the
most suitable ones for solving the task at hand. In this study, we keep the neural
topology fixed throughout the entire optimization process, unlike other classical
neuroevolutionary techniques, as e.g., NeuroEvolution of Augmenting Topologies
(NEAT) [401, 400], which also search the space of ANN topologies. Hence, here
we consider the space R? of ANN numerical parameters 6 as search space, and
aim to the find the optimum therein. Although one could, in principle, include all
possible ANN parameters in the search space, thus subjecting them to optimiza-
tion, we limit ourselves to weights and biases (only weights for SNNs), keeping
all other free parameters fixed to hand-set values (i.e., the activation function o
and SNN parameters Aty, A, Urest, Ay, and Yinc).

Therefore, we reduce the search of an effective VSR neural controller to a
numerical optimization problem, which we tackle with the simple variant of Evo-
lutionary Strategy (ES) described in Algorithm 2.2. We choose ES as they have
not only been recognized as a scalable alternative to RL for continuous control
tasks [371], but they have also already proved successful for the NE of VSR con-
trollers [338].

We remark that NE, i.e., the application of an Evolutionary Algorithm (EA) to
optimize an ANN (here, just the parameters), is not the only approach for finding
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a good controller for a robotic agent performing a given task. In particular, in the
last years, RL proved to be a very practical alternative, also in scenarios where a
model of the robot-environment systems is not known and where the input and
output of the robots are numerical, vectors i.e., in continuous control tasks [355].
However, NE and (deep) RL do differ in a key aspect: while for the former a single
measure of quality (the fitness) is needed for capturing the degree of achievement
of the task by the robot at the end of one entire attempt (the robot life, or the
episode), for RL a measure of achievement (the reward) should continuously
be available to the robotic agent at every time step for making the optimization
effective. In these terms, the reward can be viewed as a form of supervision
(possibly sparse, in practice), which is not needed by agents subjected to NE.
Beyond this apparent difference, recent trends are making the boundary between
RL and NE more and more fuzzy [371], also for robotic control [405]. Indeed,
RL has been used also for VSRs, by Bhatia et al. [32].

3.4 Experimental Evaluation

We perform a thorough experimental evaluation to characterize the peculiarities
of various neural models for controlling VSRs. In particular, we investigate along
three quantitative axes, which are naturally intertwined: (1) effectiveness, (2) ef-
ficiency, and (3) generalization ability. Moreover, we also analyze qualitatively
the behavior of the evolved VSRs.

We apply NE to optimize the controller for 9 different simulated robots result-
ing from the combination of 3 morphologies and 3 sensory apparatuses. For
each robot, we experiment with both high and low control frequencies, i.e.,
fo € {60Hz,4Hz}, in combination with each one of the four proposed neural
models.

We consider the task of locomotion, a common one in Evolutionary Robotics
(ER), for which we employ a flat terrain during evolution, and rougher terrains
to test the generalization ability of the best individuals obtained.

Finally, we visually inspect and systematically analyze the behavior of each
robot, following the pipeline introduced by Pigozzi et al. [338].

3.4.1 Procedure and Parameters

VSRs Morphologies and Sensors

We experiment with three morphologies:
* biped B, with 10 voxels enclosed in a 4 x 3 grid;

* worm BB, with 10 voxels enclosed in a 5 x 2 grid;
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(a) Biped, touch (b) Biped, sight (c) Biped, rich
(d) Worm, touch (e) Worm, sight (f) Worm, rich
(g) Comb, touch (h) Comb, sight (i) Comb, rich

@ area O touch @ z-velocity O y-velocity O proximity

Figure 3.1: VSR morphologies and sensory apparatuses.

* comb FEEE, with 11 voxels enclosed in a 7 x 2 grid.
We equip each morphology with three different sensory apparatuses:
* touch, with one touch sensor in each voxel in the bottom row of the grid;

* sight, with five proximity sensors in each voxel in the rightmost column
of the grid, with o set to —%, —%, 0, T, and 7 rad and 7pr0x = 10m (for
reference, the side of each voxel is 3 m long);

* rich, with the sensors of touch and sight, one z- and one y-velocity sensor
in each voxel in the top row of the grid, and one area sensor in each voxel.

Figure 3.1 shows the 9 VSR bodies resulting from the combination of the 3
morphologies and the 3 sensory apparatuses. Additionally, Table 3.1 summarizes,
for each of the 9 VSR bodies, the number n of voxels (ranging from 10 to 11) and
the number m of sensors (ranging from 2 to 39).

VSRs Neural Controllers

Concerning the topology of the neural controllers, we employ the same number
of hidden layers [* = 1 for all the models and both control frequencies f. = 60 Hz
and f. = 4Hz; we set the number of neurons in the single hidden layer to the
number of inputs, i.e., m; = mg = m. This results in the number || of evolvable
parameters and the size |s| of the ANN state showed in Table 3.1: |6| ranges
from 24 for the case biped, touch, SNN to 3521 for the case comb, rich, RNN; |s]
ranges from 0, i.e., no state, for all the MLP-based cases to 267 for the case comb,
rich, SNN with Homeostasis (SNN-H). We recall that VSRs equipped with SNN
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Figure 3.2: Number |0| of parameters and state size |s| for each combination of
morphology, sensory apparatus, and neural model. The four neural models differ
in how |s| and |@| depend on the VSR body complexity (i.e., number n of voxels
and overall number m of sensors).

and SNN-H neural controllers have some additional state used for the input and
output conversion (see Section 2.2.4).

Figure 3.2 summarizes the same data of Table 3.1 in the form of a scatter plot,
where each marker corresponds to one case (morphology, sensory apparatus,
neural model) and is colored according to the neural model. From this figure,
the differences among neural models in terms of |#| and |s| are apparent. With
the increasing complexity of the VSR body (i.e., with increasing m and n), RNNs
are more expressive in terms of computation rather than of memory (i.e., the
amount of parameters |@| grows faster than the state size |s|), while SNNs are
more expressive in terms of memory rather than of computation (i.e., |s| grows
faster than |6]).

Concerning the network-wise, non optimizable parameters of the neural mod-
els (see Section 2.2), we use tanh as activation function ¢° (in MLP and RNN),
At, = 1ms, A, = 0.01/s, vrex = OmV (in SNN and SNN-H), A, = 0.01/s,
Yine = 0.2mV (in SNN-H), and 99 = 1mV (in SNN). Finally, in all the exper-
iments, we set the initial state s = 0, with the exception of the parts of the
state corresponding to the membrane potentials in SNN and SNN-H, that we set,
element-wise, to v (Which is 0 too). For the conversion between real values
and spike trains, described in Section 2.2.4, we set n,, = 5 after preliminary
experimentation.
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Table 3.1: Number n of voxels and overall number m of sensors for the combi-

nations of morphology and sensory apparatus. For each combination and each

neural model, number |0| of parameters and state size |s|.
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Evolutionary Optimization

We use the EA of Algorithm 2.2 with npep = 36, nevals = 20000, Nelite = Npop/4 = 9,
and o = 0.35. We set npop based on the number of cores of the machines where
we execute the experiments, in order to fully exploit the inherent capability of
this EA to parallelize the fitness computation of the candidate solutions. We set
o based on our experience and on some exploratory experiments.

For each combination of morphology, sensory apparatus, neural model, and
control frequency, we execute 10 independent evolutionary runs by varying the
random seed. Overall, we execute 3-3 -4 -2 - 10 = 720 evolutionary runs.

We optimize VSRs for the task of locomotion on a flat terrain. For each can-
didate solution @, we initially place a VSR equipped with a neural controller
parameterized with 8 on a flat terrain and let the simulation run for 30s. We
hence measure the average z-velocity v, of the center of mass of the VSR during
the last 25 s of the simulation and use it as the fitness of 8. We discard the first
5s of the simulation to let the neural controllers reach a steady gait regime; we
also verify that the remaining 25s are long enough to allow VSRs to exhibit an
assessable behavior.

We limit ourselves to the locomotion task for it is a fundamental and challeng-
ing problem in ER, requiring the proper exploitation of the information coming
from multiple sensors to effectively guide and coordinate the actuators. More-
over, locomotion is common to many real-world applications, where it can be
declined in various nuances, e.g., climbing [32], or it can occur as sub-task, e.g.,
in exploring unknown environments through path planning [324, 325] or carry-
ing objects around [32].

For the experiments we rely on 2D-VSR-Sim [261], setting each parameter to
its default value. We make the software publicly available online!.

3.4.2 Effectiveness of Evolved Neural Controllers

We hereby consider the effectiveness of the evolved neural controllers, namely,
the fitness v} of the best individual at the end of the evolutionary run.

Figure 3.3 shows v} for the 72 different cases in the form of a matrix of box-
plots. In particular, for each combination of morphology (row of plot), sensory
apparatus and control frequency f. (column of plots), and neural model (box
color), the figure considers the 10 values for v} obtained from the 10 runs with
different random seeds. We recall that for v, the greater, the better.

Regarding the performance of the neural models, Figure 3.3 illustrates that
RNNs consistently yield the best results, producing the fastest robots with a sig-
nificantly higher median v} compared to other neural models in nearly all cases.

Thttps://github.com/giorgia-nadizar/NeuralModelsVSR
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Figure 3.3: Fitness v of the best individual at the end of the evolution.

To corroborate this observation, we conduct several statistical significance tests.
Specifically, for each combination of morphology, sensory apparatus, and control
frequency, we compare pairs of neural models using a one-sided Mann-Whitney
U rank test. This test is applied, after verifying the necessary assumptions, with
the null hypothesis positing that the distribution of v} for the first neural model
is stochastically lower than or equal to that of the second. Applying a significance
level of o« = 0.05 with Bonferroni correction (n = 12), we count the number of
combinations where the null hypothesis is rejected for each pair of neural mod-
els. The results, presented in Table 3.2, reinforce the findings from Figure 3.3:
RNNs outperform the other models in the majority of the 18 cases and are not
significantly worse in any scenario.

In addition to revealing the sharp differences in median v} among the neural
models, Figure 3.3 also indicates that RNNs typically exhibit the greatest variabil-
ity in v}, as evidenced by the vertical extent of the boxes. Despite this variability,
RNNs often outperform the other models, even in the least successful evolution-
ary run.

When narrowing the comparison to the other three models, the experiments
presented in Figure 3.3 suggest that there is no definitive superior model. Specif-
ically, MLP and SNN-H outperform each other in a comparable number of cases,
though they tend to excel under different conditions (which will be discussed
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MLP RNN SNN SNN-H Tot.

MLP - 0 6 ) 11
RNN 12 - 17 14 43
SNN 4 0 - 0 4
SNN-H 7 0 13 - 20

Table 3.2: Number of cases (i.e., combinations of morphology, sensory apparatus,
and control frequency) for which the neural model on the row is statistically
significantly better (in terms of v}, see text) than the neural model on the column.
The last column shows the overall number of pairwise comparison for which a
neural model is statistically significantly better than one other neural model.

later). Furthermore, both Figure 3.3 and Table 3.2 indicate that homeostasis pro-
vides an advantage: in most cases, SNN-H outperforms SNN, while the reverse
scenario never occurs.

A second set of insights can be drawn by examining Figure 3.3 with respect
to the sensory apparatus used. Specifically, sight appears to be the condition
where the differences among neural models are most pronounced when vary-
ing morphology and control frequency. Notably, neural models with larger state
sizes (i.e., |s|) tend to perform better with this sensory apparatus. This observa-
tion aligns with previous studies on simulated embodied agents, such as those by
Pratt et al. [345], which suggest that long-term planning becomes more critical
when coupled with fine-grained sensing, like long-range sight. However, in our
scenario of locomotion on flat terrain, long-term planning is likely not a signifi-
cant factor. Instead, we attribute the superior performance of models with larger
memory to the nature of the information provided by the sight apparatus. Sight
sensors typically return a constant value of 1, indicating no objects in view, until
the robot bends enough for the sensors to detect the terrain, triggering a different
value. This means the information from sight is “sparse” over time, requiring the
VSR to retain this data to generate an effective gait. Therefore, a larger memory
capacity is advantageous. Our interpretation is further supported by two addi-
tional observations. First, with sight, MLP consistently performs worse at a con-
trol frequency of f. = 60 Hz compared to f. = 4 Hz. The lower frequency keeps
control values constant for longer, partially compensating for the lack of memory
or state of the MLP. Second, with touch sensors, MLP never underperforms rela-
tive to SNN or SNN-H. In this case, the sensory input leads to a purely reactive
behavior, such as expanding certain voxels upon contact with the ground, where
memory is less critical, and the MLP can perform effectively without the need for
state.

Lastly, regarding the different morphologies, Figure 3.3 indicates that the
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Figure 3.4: Fitness v, during the evolution.

biped is the most effective morphology for locomotion, a finding that aligns
with previous studies such as those by Talamini et al. [410] and Ferigo et al.
[109]. This suggests that the biped design inherently supports efficient move-
ment patterns. However, it is important to note that NE successfully discovers
controllers that produce effective gaits in almost all cases, with only a few excep-
tions (MLP with sight and a control frequency of f. = 60 Hz for the worm and
the comb). This suggests that while NE is generally robust in optimizing con-
trollers across various morphologies, certain combinations of sensory input and
control frequency might challenge specific neural models, particularly in non-
bipedal forms like the worm and comb.

3.4.3 Efficiency of Neuroevolution

We consider as search efficiency of NE the effort taken to find an effective solu-
tion. Since a definition of effective solution based on the absolute value of the
fitness would hardly fit all the considered cases, we consider as effective a solu-
tion whose fitness is > 80 % of the fitness v} of the best individual at the end of
the corresponding run. This way, we define the efficiency as the number ggq of
generations NE takes to find the first effective solution—the lower the better.
Figure 3.4 shows how the fitness v, of the best individual varies during the
evolution for the 72 cases. For each combination of morphology, sensory ap-
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Figure 3.5: Efficiency measured with ggo, defined as the number of generations
needed to reach a solution with fitness v,, > 0.8v.

paratus, control frequency, and neural model, the figure shows the median v,
across the 10 runs vs. the number of generations, i.e., iterations of the EA of Al-
gorithm 2.2. Based on the data backing Figure 3.4, which confirms the findings
drawn in the previous section, we compute ggq for each run. Figure 3.5 shows
gso for the 72 cases in the form of a matrix of box-plots, organized in the same
way as Figure 3.3.

By examining Figure 3.5, it is evident that the differences among neural mod-
els in terms of search efficiency are less pronounced compared to the differences
in terms of effectiveness. However, the RNN once again stands out as the prefer-
able model, consistently showing lower ggq values, indicating a more efficient
search process. This observation is further supported by the statistical signifi-
cance analysis summarized in Table 3.3, where RNN is frequently associated with
significantly lower ggq values. This means that RNN not only helps in finding the
fastest VSR (v}) but also does so in a shorter time frame, showcasing its dual
advantage in both search efficiency and effectiveness. This advantage of RNN is
particularly visible in scenarios such as the biped with a rich sensory apparatus at
a control frequency of 4 Hz, as illustrated in Figure 3.4. However, it is also worth
noting that there are instances where NE takes longer to converge on an effective
solution when using RNN compared to other models. For example, this slower
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MLP RNN SNN SNN-H Tot.

MLP - 0 0 0 0
RNN 7 - 9 5 21
SNN 3 1 - 0 4
SNN-H 3 0 4 - 7

Table 3.3: Number of cases (i.e., combinations of morphology, sensory apparatus,
and control frequency) for which the search with the neural model on the row is
statistically significantly more efficient (in terms of ggg, see text) than the search
with the neural model on the column. The last column shows the overall num-
ber of pairwise comparison for which a neural model is statistically significantly
better than one other neural model.

convergence is observed in the case of the biped with sight at a control frequency
of 60 Hz.

For what concerns the other models, Table 3.3 and Figure 3.5 show that
(1) MLP never results in a faster search than the other models, and (2) home-
ostasis is beneficial also for efficiency: SNN-H is never worse than SNN and out-
performs it in a few cases.

Beyond neural models, Figure 3.5 suggests that—not surprisingly—the num-
ber |@| of parameters does impact the search efficiency; in turn, |6| depends
mainly on the number m of sensors in the VSR, as shown earlier in Table 3.1. For
touch, that corresponds to |@|€ [24,115], the search is in general very fast: 100
generations are often enough to find an effective solution. For the sight and rich
sensory apparatuses, for which |@|€ [210,625] and |@|€ [1575, 3521] respectively,
the ggo is not as different as one could expect, given the rather large difference
in |@]. We hypothesize that this is motivated by the fact that searching for a
good controller is harder with sight only: from another point of view, while the
search space for sight is smaller than the one for rich, the fitness landscape for
the former might be harder to be explored [416].

3.4.4 Generalization Ability

We define as generalization ability the ability of an evolved neural controller to
retain its effectiveness when operating in conditions different from the ones it
has been evolved in. For the task of locomotion, we consider the z-velocity as
effectiveness and the shape of the terrain as conditions.

In particular, for measuring the generalization ability of the four neural mod-
els coupled with the different morphologies, sensory apparatuses, and control
frequencies, we take the best VSR obtained at the end of each evolutionary run

- 59 -



Comparison of Evolved Neural Network Models

(i.e., the one giving v} for that run) and measure its z-velocity on a set of 16
unseen terrains, different from the flat one used for measuring the fitness. We
consider uphill and downhill terrains with an even surface, and terrains with an
uneven surface, including some with small steps and some with small hills (see
some examples in Figure 3.6). We collect the 16 v, values from the simulations
(computed discarding the initial 55, as for the evolution) and average them, ob-
taining one v, for each VSR. Finally, we compute the ratio p = 2 between the
average x-velocity on the unseen terrains and the one obtained on the flat ter-
rain: p represents the degree to which the effectiveness in locomotion is retained
in different conditions, hence, it represents the generalization ability of a neural
controller—the greater the better, i.e., the more general the controller.

Eingr 1597 SR 1587
(12310 (3.4 -

fat hil1-105

(a) Flat. (b) Hilly. (c) Steppy.

18,07
©(83.25)

1597
E0ia6a)
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(d) Uphill. (e) Downbhill.

Figure 3.6: Different types of terrains employed for measuring VSR adaptability.

Figure 3.7 shows p for the 72 different cases in the form of a matrix of box-
plots, organized in the same way as Figures 3.3 and 3.5. By quickly comparing
Figure 3.7 and Figure 3.3, it becomes clear that the variations among neural
models are less pronounced for p than for v;. This observation is further vali-
dated by Table 3.4, which presents the results of a statistical significance analysis
conducted similarly to the one for v in Tables 3.2 and 3.3.

On average, the z-velocity achieved by the best VSRs on unseen terrains is
40 % of what is achieved on flat terrain. Regarding generalization ability, RNN
does not outperform the other neural models as clearly as it does for v}. Although
VSRs with RNN are still the fastest on unseen terrains, p is relatively smaller. We
believe this is due to the fact that the gaits optimized with RNN for flat terrain
cause the corresponding VSRs to struggle more in different environments.
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Figure 3.7: Generalization ability p of the evolved neural controllers.

On the other hand, MLP continues to be the least effective neural model.
Table 3.4 indicates that it is outperformed by other models in the most cases.
Additionally, despite achieving low v} values when paired with sight at f. =
60 Hz, it remains the worst model in terms of p. Given that MLP is the only model
without a state, this suggests that memory contributes to better generalization
ability.

Finally, the differences between SNN and SNN-H in terms of p are minimal,
as shown in Figure 3.7 and Table 3.4. This indicates that homeostasis offers a
clear benefit in effectiveness without leading to a significant difference in gener-
alization ability.

3.4.5 Behavioral Analysis

Besides the quantitative analysis devoted to assessing the performance of the
neural models, it is relevant to characterize, on a more qualitative level, the
behaviors each of them induces when coupled with different VSR morphologies
and sensory apparatuses. Given the large amount of combinations considered,
though, it is impossible to visually inspect all the evolved VSRs, yet, with an
overview, we notice some core differences worth systematically analyzing.

To this extent, we rely on some behavioral features automatically extracted
from the gait of the VSR in a simulation, based on the position and orientation of

- 61 -



Comparison of Evolved Neural Network Models

MLP RNN SNN SNN-H Tot.

MLP - 0 0 0 0
RNN 7 - 4 4 15
SNN 2 3 - 2 7
SNN-H 4 4 2 - 10

Table 3.4: Number of cases (i.e., combinations of morphology, sensory apparatus,
and control frequency) for which the neural model on the row is statistically
significantly better (in terms of p, see text) than the neural model on the column.
The last column shows the overall number of pairwise comparison for which a
neural model is statistically significantly better than one other neural model.

its voxels over time [338]. In further detail, we proceed as follows:
1. for each i-th voxel of the VSR, we consider the signals ccgk), yi(k), ﬁfk) of its
center z- and y-coordinates and of its rotation S—for the latter, we consider
the voxel initial (i.e., at k = 0) rotation as reference;

2. for each time step and each of the three signals, we compute the average
across all the voxels, hence obtaining three VSR-wise signals (%), y(*), g(%);

3. we compute the first differences of the signals, obtaining Az®*), Ay®*),
ABKF);

4. for each of the three signals, we calculate the Fast Fourier Transform (FFT),
from which we take the magnitude, filter out frequency components not in
the range [0 Hz, 4 Hz], and re-sample the remaining components to obtain
8 of them for each signal.

From the concatenation of these 3 - 8 components we obtain the final behavior
vector, i.e., the feature vector describing the behavior of the VSR in a simulation.

We apply this feature extraction procedure to the gait of the best VSR obtained
from each evolutionary run. As during evolution, we conduct a simulation of 30s
on a flat terrain, but we consider only the last 25s for obtaining the behavior
vector of the VSR, assuming the discarded 5s are enough to reach a steady gait.

In order to enable the comparative visualization of the behavior vectors, we
perform a dimensionality reduction using the PCA. In particular, we group the
behavior vectors by VSR morphology and, after standardizing them, we rely on
the PCA to perform a dimensionality reduction from 24 to 2. For the biped and
the comb morphologies, the reduction captures around 60 % of the total variance,
whereas for the worm, it captures around half of it. For each of the morphologies,
we visualize the first two components obtained in a scatter plot, distinguishing
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Figure 3.8: Behaviors PCA. Note that PCA was performed independently for each
shape, i.e., the principal components are not the same in the plots. The letters in
each plot refer to the individuals we sampled for visual inspection: the videos of
the simulations are available online. For the biped, the four behaviors are shown
in the form of time-lapses in Figure 3.9.

neural models with different colors, and control frequencies with different mark-
ers. We report the scatter plots for the three morphologies in Figure 3.8.

In each plot of the figure, the points are mostly clustered in one area with
some scattered around. This suggests that each morphology is linked to a primary
effective behavior or a range of similar behaviors, with some room for variability.
For the biped morphology, the first plot shows significant overlap between MLPs
and SNNs at the center. Moving away from the center, RNNs with f. = 60 Hz
are clearly separated on the left, while RNNs with lower control frequencies are
more similar to SNN-H, slightly to the right. In the worm morphology plot, the
main factor distinguishing the points appears to be the control frequency, with
a large overlap in the center, higher frequency controllers in the top (with both
types on SNNs), and lower frequency controllers in the bottom. Last, for the
comb morphology, the central area is primarily occupied by MLPs and SNN,
with MLPs and RNNs with f. = 60Hz on the left and SNN-H scattered on the
right.

Looking at the global picture across all morphologies, RNNs and SNN-H gen-
erally move away from the center, indicating they tend to produce more diverse
behaviors, especially in the worm and comb morphologies. Additionally, for these
models, the control frequency has a more significant impact on VSR behavior
compared to MLPs and SNNs. This suggests that a larger state makes control
frequency more crucial in guiding behavior. This effect is harder to detect from
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(a) Behavior A

(d) Behavior D

Figure 3.9: Time-lapses showing four behaviors of a biped VSR doing
locomotion—namely, the shown behaviors correspond to named markers of the
biped panel of Figure 3.8. Frames are taken at 1s intervals (simulated time); in
each frame, the blue shades show the position of the robots at earlier 0.5s in-
tervals. The color of each voxel represents the current area ratio with respect to
the rest area (red for contracted, i.e., < 1, green for expanded, i.e., > 1, yellow
otherwise, i.e., ~ 1).

- 64 -



3.5 Concluding Remarks

performance results alone, as evolution often compensates for less effective be-
haviors with finer parameter adjustments.

Finally, we manually select 4 evolved VSRs for each morphology that corre-
spond to distinct points in the PCA plots of Figure 3.8, marked with capital letters
in the figure. We examine the 12 behaviors, confirming that they are qualitatively
different. The videos of these simulations are publicly available online?, while
we report the time-lapses showing the four behaviors of the biped in Figure 3.9.
Among the selected VSRs, one for each morphology exhibits a vibrating behav-
ior: A for the biped, D for the worm, and A for the comb. Notably, in all three
cases, the VSRs are equipped with an RNN operating at f. = 60Hz, as RNNs
are prone to such behavior due to their structure, where hidden neurons receive
their previous activation values. Although vibration is effective for locomotion
in our experiments, real VSRs might not achieve effective locomotion through
vibration alone. Therefore, RNNs seem to be more susceptible to the reality gap
problem [372, 430] compared to SNNs and MLPs, especially at f. = 60 Hz.

3.5 Concluding Remarks

Choosing the most effective neural network models for robotic control remains
an open question, especially for modular and soft robots due to their complex
dynamics resulting from component interactions, morphological computation,
sensory inputs, and environmental responses. In this chapter, we conducted a
systematic experimental campaign with VSRs to explore the advantages of dif-
ferent neural network models, including those with and without state. Our main
findings indicate that networks with recurrent connections are generally more
effective and efficient. However, SNNs often exhibit better generalization to en-
vironmental changes. This is especially true when homeostatic plasticity is incor-
porated, allowing for rapid adaptation during the lifetime of the robotic agent.

’https://giorgia-nadizar.github.io/NeuralModelsVSR/
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Collective Intelligence with
Spiking Neural Cellular
Automata

VSR can be viewed as a collection of simple agents, the voxels, that work

together to produce the overall VSR behavior. In this paradigm, collective in-
telligence is crucial for coordination, as each voxel operates independently, using
only local sensory information and knowledge from its immediate neighbors. In
this short chapter, we propose a new form of collective control influenced by Neu-
ral Cellular Automata (NCA) and based on bio-inspired SNN: the embodied Spiking
Neural Cellular Automata (SNCA). We test various SNCA variants and find them
to be competitive with state-of-the-art distributed controllers for locomotion tasks.
Additionally, our results demonstrate significant improvements over the baseline in
terms of adaptability to unforeseen environmental changes, which could be crucial
for the physical viability of VSRs.

This chapter is based on the following publication: G. Nadizar, E. Medvet, S. Nichele, and S. Pontes-
Filho. Collective control of modular soft robots via embodied Spiking Neural Cellular Automata. In
Workshop on From Cells to Societies: Collective Learning across Scales (Part of ICLR), 2022 [297].
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4.1 Introduction and Related Works

Biological organisms exhibit intrinsic modularity at various scales [241]. Col-
lective self-organization at the cellular level leads to the formation of complex
bodies and brains without centralized control. This modularity enables local in-
teractions, which facilitate collective learning and adaptation.

In the artificial domain, modular robotics [5] offers a framework for explor-
ing biologically-inspired principles of collective control through the distributed
coordination of the robot components [61]. Modular robots also enable high
reconfiguration and self-assembly capabilities [329], along with fault tolerance
and module reusability. To fully leverage these advantages, modular distributed
controllers, possibly embedded in each module, are necessary. Thus, the robot
overall behavior results from the collective interaction of distributed sensing, lo-
cal communication, and actuation among its modules. Moreover, using identical
modules enhances part reusability and robustness in case of damage [163]. Here
we focus on VSRs, where mechanisms of collective intelligence are clearly bene-
ficial. While such mechanisms are commonly explored in swarm robotics [142],
such as self-assembly through local interactions [366], they are less investigated
in the context of modular robotics.

One paradigm of distributed neural control through the local interactions of
identical cells is NCA [225, 310, 286]. For robots composed of identical modules,
each NCA cell could be implemented within a robot module. This approach could
facilitate physical realization by eliminating the need for global wiring or central-
ized control. NCA have been successfully applied to grow and replicate Cellular
Automaton (CA) shapes and structures using NE [310] and differentiable learn-
ing [286], to create self-organizing textures [312], to grow 3D artifacts [407],
for self-classification [451], for regenerating soft robots [160], and even for con-
trolling reinforcement learning agents [432].

In this short chapter, we build on the findings of Chapter 3 w.r.t. the benefits
offered by biologically plausible SNNs to devise a novel embodied NCA model
based on SNNs, which we call embodied SNCA. The SNCA can exploit the high-
lighted advantages offered by SNNs, such as self-regulatory mechanisms, i.e.,
homeostasis, and memory. Moreover, the structure offered by the embodied con-
trollers and their communication channel provides intrinsic recurrence, which
we observed to be beneficial in Chapter 3.

Additionally, nearby modules communicate through spikes, which occur only
when the internal neural membrane potential reaches a specific threshold. This
interaction alters the membrane potential of the post-synaptic neuron, either
within the same module or in a neighboring module in the case of modular
robots. The emergence of neuromorphic hardware, which supports SNNs exe-
cution and learning natively, may significantly enhance energy efficiency com-
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pared to traditional ANNs [36] which is a key factor for the practical realization
of self-organizing VSRs.

4.2 Spiking Neural Cellular Automata

The framework of SNCA is built upon two primary components: (1) distributed
control with explicit communication for VSRs, and (2) SNNs.

The distributed controller with explicit communication, presented in Sec-
tion 2.1.3, is closely related to NCA. Specifically, each voxel in the VSR functions
as a cell in the NCA, with the controller acting as the ANN of the NCA.

We instantiate it in three variants: non-uniform directional (WD), uniform
directional (UD), and uniform non-directional (UP), which differ in the homo-
geneity of the individual cells (uniform vs. non-uniform) and in the information
passed between voxels (directional vs. non-directional). The most evident, yet
conceptually simple, difference lies in the uniformity: in JJ"NCA, cells have a dif-
ferent ANN in each voxel (each with parameters 6;), whereas in U-NCA all cells
ANNSs share the same parameters 0. Therefore, it follows that, for a given ANN
architecture, and for a VSR with n voxels, the amount of parameters of Y-NCA is
n times the amount of parameters of U-NCA.

Among the considered variants the one which is more closely related to orig-
inal paradigm of NCA is the UB-NCA, thus we consider this version for the pro-
posed SNCA (i.e., UB-SNCA), whereas we leave all other combinations as base-
lines, considered in combination with MLPs.

Concerninf the SNN part of the SNCA, we employ the Leaky Integrate and
Fire (LIF) model with homeostasis, outlined in Section 2.2.3. Consequently, each
of the local controllers is implemented with an SNN, and communication be-
tween neighboring voxels is achieved through spikes transmission. However,
when interfacing with sensors and actuators, we convert between spike trains
and real-valued data as detailed in Section 2.2.4.

4.3 Experimental Evaluation

We perform an extensive experimental campaign to investigate how coordination
can emerge from different forms of collective control. We aim at evaluating if
we can improve the baselines of distributed control for VSRs [260] with our
novel contribution, the UB.SNCA. Therefore, we address the following research
question: “are SNCA superior with reference to the baselines of distributed control?”.

To determine the effectiveness of a collective controller, we deploy it onto a
VSR, and optimize its parameters using as fitness measure the velocity achieved
by the robot performing locomotion on a flat terrain. In addition, we also assess
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the controllers adaptability, by measuring the VSR velocity, after the optimiza-
tion, on a set of unseen terrains, i.e., terrains not used to optimize the controller
parameters. With the extent of obtaining more general results, we experiment
with three different morphologies.

4.3.1 Uniform Non-Directional SNCA vs. Baseline Embodied
NCA

In order to provide an answer to the posed research question, we start by opti-
mizing the parameters of three variants of NCA for each of the three considered
morphologies, for a total of nine VSRs optimizations.

Concerning the NCA, we take into consideration the UD- and ¥D-NCA as
baselines, and we compare them against the UP-SNCA. We use an MLP with
tanh as activation function for both baseline NCA, while we equip the SNCA with
a fully-connected feed-forward SNN based on the LIF neural model augmented
with homeostasis, with the following parameters: vse = 0mV, A, = 0.01/s,
9O = 1mV, »© = 0mV, e = 0.2mV, Ay = 0.01/s, n,, = 5 (we set f. =
fsim = 60Hz). For both ANNs, we use 1 hidden layer, setting its size equal to the
size of the input layer. We set n. = 1 for both UD- and ¥D-NCA, and n. = 4 for
the UP-SNCA, in order to make the sizes of the ANNs output layers equal. Our
choice of NCA hyper-parameters is driven by some exploratory experiments and
by previous work involving SNNs [340, 299] and NCA [310, 286].

Regarding the morphologies, we experiment with 3 VSRs, a biped B, a comb
FFFE, and a worm ===—the same ones considered in Chapter 3, with the ex-
ception of the worm which was thicker. We choose these morphologies to test
the NCA controllers versatility, because they resemble different forms of living
organisms, which take advantage of their diverse body shapes to achieve diver-
sified gaits. We rely on 2D-VSR-Sim [262] for the VSRs simulation, leaving all
parameters to their default values. The code for the experiments is publicly avail-
able online!.

To optimize the NCA parameters, we resort to the ES of Algorithm 2.2, with
Npop = 36, Nelite = Npop/4 = 36, Nevais = 30000, and ¢ = 0.35.

We optimize VSRs for the task of locomotion on a flat terrain, the goal being
traveling as fast as possible along the positive z-axis. We assess the performance
of a VSR by measuring its average velocity v, along the xz-axis during a simulation
of 30s. We discard the first 5s of each simulation to exclude the initial transitory
from the velocity measurements. We use v, as fitness measure for selecting the
best individuals in the ES. For each of the 9 VSRs resulting from the combination
of 3 NCA and 3 morphologies, we perform 10 independent evolutionary optimiza-
tions, i.e., with different random seeds, for a total of 90 runs.

Thttps://github.com/giorgia-nadizar/VSRCollectiveControlViaSNCA
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4.3 Experimental Evaluation

Besides testing the VSR effectiveness upon parameters optimization, i.e., at
the end of evolution, we also appraise their adaptability. We define a VSR con-
troller as adaptable, if it is able to achieve good performance in locomotion in
spite of environmental changes. To evaluate this in practice, we take each opti-
mized VSR and re-assess it on a set of unseen terrains, i.e., terrains which none
of its ancestors ever experienced locomotion on. In particular, we experiment
with the following terrains (see some examples in Figure 3.6): (1) hilly with 6
combinations of heights and distances between hills, (2) steppy with 6 combina-
tions of steps heights and widths, (3) downhill with 2 different inclinations, and
(4) uphill with 2 different inclinations. As a result, we re-assess each individual
on a total of 16 different terrains; we define its adaptability as the average of the
v, on those terrains (each computed in a 30s simulation, discarding the initial
58).

The results of our experimental evaluation are summarized in Figure 4.1. For
each of the considered VSR morphologies and NCA variants, we display the distri-
bution of velocities achieved at the end of evolution by the best individuals, and
their performance in terms of adaptability, i.e., the distribution of their average
velocity on unseen terrains. In addition, above pairs of box plots, we report the
p-values resulting from a two-sided Mann-Whitney U statistical test; we consider,
unless otherwise specified, o = 0.05 as confidence level.

From Figure 4.1, we can see that for both the biped and comb morphologies,
UP-SNCA consistently outperform the baseline in adaptability, and they show su-
perior performance by the end of evolution in all but one instance. Conversely,
the results for the worm morphology are notably different, presenting a challeng-
ing scenario for drawing a general conclusion to the research question.

To address this apparent contradiction, we analyze the behavior of several
evolved VSRs? and identify a clear reason for the failure of the SNCA with the
worm morphology. Specifically, we observe that NCA systems based on MLPs
generate high-frequency dynamics, resulting in a vibrating behavior. This issue
is mitigated in SNCA by homeostasis and by the choice of n,, = 5 for converting
spikes to actuation values. However, for this worm morphology, vibration appears
to be the only effective gait, as these VSRs lack the flexibility to bend properly,
constrained by having only one row of voxels—note that the worm of Chapter 3,
E#8, did not suffer from this problem being constituted by two rows of voxels.
In contrast, the biped and comb morphologies feature more complex structures,
enabling the discovery of a wider range of effective gaits. Indeed, our exami-
nation of these two morphologies reveals a broader variety of gaits, with some
controlled by MLP-based NCA exhibiting tendencies toward vibration. Avoiding
such vibrating behaviors is crucial, as they significantly impair adaptability and
pose a major challenge to the physical practicality of VSRs, creating a form of

2Videos available at https://giorgia-nadizar.github.io/VSRCollectiveControlViaSNCA/.
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Figure 4.1: Box plots of the velocities v, achieved by the best individuals at
the end of evolution and upon re-assessment on unseen terrains for different
VSR morphologies (plot columns) and embodied NCA controllers (color). Above
pairs of boxes we report the p-values resulting from Mann-Whitney U tests with
the null hypothesis of equality of the means.

reality gap [430, 372]. Although vibrating behaviors can be explicitly discour-
aged, such as by reducing actuation frequency, having a controller designed to
inherently avoid them represents a notable achievement.

4.3.2 Strengths of the Uniform Non-Directional SNCA

From the experimental outcomes, however, another question arises: “what are
the reasons behind the success of the UP-SNCA?”. Namely, does the improvement
lay in the non-directionality of the NCA or in the SNN employed?

To address the newly emerged points, we deepen our analysis with a supple-
mentary experimental campaign, encompassing new combinations of NCA archi-
tectures, neural models, and morphologies, for a total of 12 additional VSRs to
be optimized. Regarding the morphologies, we experiment with the biped and
the comb, discarding the worm for the reasons highlighted in Section 4.3.1. For
what concerns the controllers, we extend the previous experiments by evaluating
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all missing combinations of NCA architecture and neural models. Among the lat-
ter ones, we also include a SNN composed of LIF neurons for which we disable
homeostasis, keeping the value of the threshold fixed throughout the simulation
to its initial value ﬁgh) = 191(0) = 1mV. For each of the 12 new VSRs we repeat
the experimental pipeline of Section 4.3.1.

We display the results, together with the outcomes of the previous experi-
ments, in Table 4.1. Each cell of the table reports the median of the velocities
achieved by VSRs at the end of evolution and upon re-assessment, grouped by
morphology; each row corresponds to a NCA architecture, whereas we put neural
models on the columns. We color cells proportionally to the median of velocities
in order to better convey the information.

End of evolution Re-assessment
Biped P Comb FEEE Biped Comb FEE
S-H S M S-H S M S-H S M S-H S M
UuD
D 102
up 131 13.0

Table 4.1: Medians of velocities v, achieved by the best individuals at the end
of evolution and upon re-assessment on unseen terrains for different morpholo-
gies. We put different NCA architectures on each row, and ANN models on the
columns (M stands for MLP, S for SNN without homeostasis, S-H for SNN with
homeostasis). Cells are colored proportionally to v,.

By examining Table 4.1, we can assess the significance of the two factors men-
tioned earlier. First, to evaluate the impact of the NCA architecture, we compare
the medians of different rows across each column of the table. We find that Up‘
NCA perform no worse than D-NCA in all but one case, and they either match or
exceed the performance of D-NCA when combined with SNNs. This may be due
to the fact that, particularly in the absence of agent specialization (as seen with
U-NCA), it is easier for a prototype individual to learn to send a single message
to all its neighboring clones and correctly interpret the information received.
Additionally, UPNCA are inherently less likely to produce vibrating dynamics,
making them more effective when paired with SNNs, which also benefit from
this characteristic.

Regarding the importance of the neural model, we observe that SNNs, both
with or without homeostasis, outperform MLPs in 10 out of 12 cases. To further
evaluate the impact of homeostasis on SNNs, we focus on the re-assessment re-
sults, where this neural model consistently delivers superior outcomes in all but
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one case, highlighting its critical role in self-regulation and adaptation. Addition-
ally, it appears that SNNs are more naturally compatible with UB-NCA, as both
are inclined to avoid high-frequency, non-adaptable behaviors. Therefore, we
can conclude that the strength of our approach lies in the successful integration
of the UP.NCA architecture with SNNs incorporating homeostasis.

4.4 Concluding Remarks

In this short chapter, we investigated the paradigm of collective control in VSRs,
focusing on how coordination emerges from the combined actuation of individual
agents, or voxels, within the VSR. Drawing inspiration from NCA, a distributed
neural control method, and embodied control techniques for VSRs, we proposed
the novel concept of embodied SNCA, utilizing SNNs as its fundamental units.
To assess the performance of the proposed SNCA as a robotic controller, we com-
pared it with state-of-the-art embodied controllers, optimizing the parameters
for three different VSRs in locomotion tasks. Our experimental results showed
that the SNCA not only matches the performance of existing controllers but also
significantly enhances adaptability, outperforming competitors in unforeseen sit-
uations. Furthermore, we observed a trend towards behaviors with reduced re-
ality gaps in VSRs controlled by SNCA, suggesting a promising path toward the
physical feasibility of these robots.
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Specialization through Plastic
Totipotent Neural Controllers

Multi-cellular organisms typically originate from a single cell, the zygote, that
then develops into a multitude of structurally and functionally specialized
cells. The potential of generating all the specialized cells that make up an organism
is referred to as cellular “totipotency”, a concept introduced by the German plant
physiologist Haberlandt in the early 1900s. To emulate this process in synthetic
organisms, we present a model based on VSRs, where both the robot structure (the
arrangement of voxels) and its control system (an ANN) are optimized for the task of
locomotion. We introduce Hebbian learning to allow the ANNSs to adapt their weights
during movement, creating an analogy between totipotent cells and totipotent ANN-
controlled modules. Our in silico experiments show two key results. First, Hebbian
plasticity improves performance and adaptability. Second, and more importantly,
we find that plasticity enables modules to specialize functionally and behaviorally,
despite having the same initial ANN. This specialization mimics totipotency at the
ANN level and has potential implications for Al and applications thereof, such as
modular robotics and multi-agent systems.

This chapter is based on the following publication: A. Ferigo*, G. Iacca*, E. Medvet*, and G. Nadizar*
(* equal contribution). Totipotent Neural Controllers for Modular Soft Robots: Achieving Specializa-
tion in Body-Brain Co-Evolution through Hebbian Learning. Neurocomputing. 2024 [113].
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5.1 Introduction

One of the most remarkable features of multicellular organisms is that they typ-
ically originate from a single cell, which, starting with a common “code” known
as the genome, develops into a variety of structurally and functionally special-
ized cells. The ability of non-reproductive cells, known as stem cells, to generate
all the specialized cells that constitute an organism through repeated divisions is
generally referred to as cellular “totipotency”. This concept was introduced by
the German plant physiologist Haberlandt in the early 1900s and has since been
expanded upon in several subsequent works.

Thanks to this mechanism, stem cells can develop into any type of cell in
the body, from muscle fibers to various blood cells, and ultimately into neurons
within the nervous system. It is important to note that this cellular specializa-
tion is not the only factor contributing to the success of multicellular life forms.
Structurally specialized cells can also become behaviorally specialized, mean-
ing they can adapt their behavior over their lifetime. For example, muscle cells
adjust their behavior based on the type of training they undergo [164] (e.g.,
endurance versus strength training), white blood cells remember threats to our
system and adapt their response accordingly [353], and neurons reorganize their
connections through learning, creating new synapses via the process of synapto-
genesis [333].

In light of these observations, it is evident that both structural and behav-
ioral adaptation—across various spatial scales, from cells to the entire body—is
crucial to an organism’s success. Moreover, adaptation occurs on multiple tem-
poral scales, playing a vital role both during an organism’s lifetime and beyond
it, through the process of evolution. Eiben and Hart [99] have recently encap-
sulated the idea of adaptation during and beyond an individual’s lifespan with a
single concept: “if it evolves it needs to learn”. While this concept was introduced
specifically in the context of morphologically evolving robotic systems [247], it
can arguably be applied to other domains as well, including biology, where evo-
lution and adaptation/learning interact.

In this work, we build upon this concept by specifically exploring the inter-
action between specialization, learning, and evolution, with a particular focus on
body-brain co-optimization. We aim to replicate the totipotency mechanism in
VSRs [153], where both the body (the arrangement of voxels) and the brain (the
ANN controlling each module) undergo a co-evolutionary process to optimize the
robot locomotion capabilities. The modularity of these robots offers an excellent
opportunity to replicate and study the specialization mechanism in silico. We hy-
pothesize that for modular evolving entities, the concept of “if it evolves, it needs
to learn” should be expanded to “if it evolves and learns, it needs to specialize
at the level of its modules”. Essentially, we draw a parallel between totipotent
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cells in living organisms and totipotent ANN-controlled modules, where special-
ization is achieved through Hebbian learning [49]. This learning process allows
the ANNs weights to adapt differently for each module during the execution of
the locomotion task.

Thus, this paradigm unifies into a single model the following key elements:
(1) modularity (and hence specialization at the level of modules), (2) learn-
ing (particularly, Hebbian learning), and (3) evolution (particularly, body-brain
co-evolution). Previous studies [99, 145, 337] have demonstrated that learn-
ing enhances the body-brain co-evolution of robots, likely because adaptation
during an organism’s lifetime enables the exploration of a broader search space
compared to non-plastic agents—an example of the Baldwin effect [19, 215]. In
this chapter, we extend this idea by allowing learning to operate independently
within the robot individual modules, where different modules must cooperate
to achieve a common goal. Importantly, since the modules in our robots are
identical in terms of mechanical properties, structure, and the initial weights of
their ANN-based controllers, Hebbian learning enables us to isolate the effects
of specialization (i.e., determining whether and how identical modules behave
differently) from those of the co-evolution of the robot body and brain.

Furthermore, it is important to highlight that Hebbian learning is a form of
unsupervised learning: during their lifetime, the ANNs controlling the robot mod-
ules are not guided by an externally imposed reward signal. Instead, they adapt
according to emergent rules that result from the evolutionary process. In this
context, our ad hoc experimental analyses reveal that the differentiation of the
modules—specifically regarding their position and access to sensory information
within the robot body—is crucial for driving adaptation through Hebbian learn-
ing.

5.2 Related Works

In the following, we briefly review the literature related to the three main con-
cepts mentioned earlier which are used in our work, namely (1) specialization,
(2) learning, and (3) body-brain co-evolution.

5.2.1 Specialization

As previously mentioned, a totipotent cell is a type of stem cell capable of dif-
ferentiating into any other cell type. It is important to note that neurons can
undergo further behavioral specialization, a process known as neural differen-
tiation [162], allowing them to become functionally specialized based on their
location in the brain and, more broadly, within the nervous system.
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In the realm of ANNs, various studies have explored a similar type of special-
ization at the neural level, whether in the context of a single task, such as object
recognition [91], or in a single ANN designed for multiple tasks [465]. These
studies arrived at the same conclusion: following training, the ANN becomes
organized into functionally specialized regions.

Outside the domain of ANNs, a recent study demonstrated that in Multi-Agent
Reinforcement Learning (MARL) scenarios where the goals of a group of agents
are aligned, specialization facilitates cooperation [253]. Similar insights were
discussed in [464], where the authors found that in public games, social sanc-
tioning can be used to manage specialization within a group of agents. Addition-
ally, Kosak et al. [198] proposed a mobile multi-robot system in which agents
can autonomously reconfigure themselves, effectively achieving a form of totipo-
tency. This study primarily focuses on the hardware and system design enabling
robotic reconfigurability, rather than the adaptation mechanisms that lead to spe-
cialization, which is the focus of this chapter.

In the field of modular robotics, Auerbach and Bongard [15] explored how
different body parts of an agent could specialize to handle a task consisting of
two sub-tasks, demonstrating how the modules could become specialized for one
or both sub-tasks. More recently, Whitman et al. [457] investigated specialization
in modular soft robots. However, that study differs from ours in that the mod-
ules were manually designed and then assembled to create specific specialization
patterns within the overall agent.

In summary, while specialization has been extensively studied in Multi-Agent
Systems (MASs) and at the module level in modular robots, and although some
research has investigated specialization at the neural level (i.e., specialization of
specific neurons or groups of neurons within a given ANN), to our knowledge, no
previous studies have examined the specialization of a single ANN into multiple
ANNs for controlling modular robots. This aspect is a unique feature of our
model. It is important to note that this type of specialization differs from the
scenario where a single ANN learns to perform multiple tasks, which is often
associated with the issue of “catastrophic forgetting” [192, 477], where the ANN
tends to lose the ability to perform previously learned tasks when specializing in
new ones.

5.2.2 Learning

It is a well-established principle in evolutionary theory that learning during an
agent lifetime—meaning adapting the agent brain (or controller) while execut-
ing a given task—is crucial for achieving better results compared to relying solely
on evolutionary approaches, particularly in complex scenarios. The significance
of learning has been recognized in both natural evolution [19] and artificial evo-
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lution [155, 224]. In both contexts, learning involves altering how the agent’s
brain processes information from the environment throughout its lifetime (or, in
the case of artificial evolution, during task execution). This ability is known as
neural plasticity, which can be categorized into structural or functional plastic-
ity [385].

In the former case, plasticity influences the structure of the ANN, such as by
pruning certain connections [156] or by developing the ANN from the ground
up [306].

In the case of functional plasticity, instead, only the parameters of the ANN
are altered while its structure remains fixed. This parameter adjustment is typi-
cally managed through plasticity rules, with Hebbian learning being the primary
method employed in this work (see Section 2.2.1). Plasticity rules can also be
encoded indirectly, as seen in Adaptive HyperNEAT [361], where a smaller ANN
learns both the weights and the plasticity rules for the main controller. Other
methods involve directly optimizing the parameters of fixed plasticity rules [272,
305, 463] or evolving entirely new functions [179]. Recently, two approaches
have focused on reducing the number of plasticity rules or parameters in an
ANN, either by clustering rules [331] or by grouping rules by neuron [112].

Finally, some approaches integrate both structural and functional plasticity.
For instance, SBNN [106] draws inspiration from synaptogenesis by employing
both a pruning algorithm and a plasticity mechanism to gradually adapt the ANN
throughout the agent life. Additionally, Dresp-Langley [98] offers a survey that
explores various biologically inspired learning models for robot control; this work
is a valuable resource for further details and insights on the topic.

5.2.3 Body-Brain Co-Evolution

Body-brain co-evolution, where the body is typically defined by the mechani-
cal parameters of the robot and the brain is represented as an ANN, has been
extensively investigated in ER. The underlying premise is that co-evolving (or
co-optimizing) both the brain and body of a robot reduces the bias and effort
associated with human-designed systems. This approach is especially significant
in modular robotics, where the morphological search space can be vast [471]
and challenging to explore. Recent research on the fitness landscape of mor-
phologically evolving robots [416] has highlighted the importance of selecting
appropriate representations to achieve high-quality outcomes when optimizing
both body and brain simultaneously.

Another benefit of co-evolving a robot brain and body is the ability to balance
morphological and controller complexity [145, 175, 449], as opposed to evolv-
ing the morphology or the controller separately [317, 141]. Notably, Pagliuca
and Nolfi [327] have emphasized that the enhanced performance of co-evolution
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often stems from the ability to co-adapt morphological traits to control traits and
vice versa. However, Mertan and Cheney [268] have pointed out that body-brain
co-evolution might sometimes lead to premature convergence on sub-optimal so-
lutions.

Indeed, using a single, centralized controller, as commonly done in body-
brain co-evolution studies, can result in a mismatch between the ANN structure
and the robot body [99]. A potential solution is to employ a modular controller,
where distinct controllers are assigned to operate each module of the body. This
approach simplifies the adaptation process by reducing the complexity associated
with fitting a single controller to a new body shape and the number of parameters
that need to be optimized [163, 210]. This is the strategy we utilize in our work.

5.3 Body-Brain Co-Evolution of VSRs

We optimize the body and the brain of a VSR at the same time, to make the robot
effective at solving a given task, in this case locomotion. For the optimization we
rely on the ES detailed in Algorithm 2.2, leveraging the representation presented
in Section 5.3.1. Namely, we represent each candidate solution as a numerical
vector g € RP, which describes both the body and the brain of the corresponding
VSR. A similar approach has already been applied to concurrently optimize the
body and the brain of a VSR [263, 110].

We measure the performance of the VSRs in a locomotion task, a traditional
task in evolutionary robotics [316, 39, 94]. In the locomotion task, the VSR has
to move as fast as possible along the positive x-direction on a flat terrain. To
measure the degree of accomplishment of the task, we use the average velocity
of the VSRs in a simulation lasting ¢, time steps, computed considering the
center of mass of the VSR and discarding the initial ¢;,; time steps in which the
robot might exhibit a transitory behavior.

5.3.1 VSR Representation

As already briefly mentioned, we represent a VSR as a numerical vector g € R?,
which describes both its body and its brain. In particular, g = [gbody Gbrain is the
concatenation of a vector g;,.q4, describing the body, and a vector gy,,;, describing
the brain.

For the brain, we employ the distributed controller with explicit communi-
cation presented in Section 2.1.3, relying on either an MLP or an Hebbian MLP
(H-MLP) as processing component (see Section 2.2.1).

We remark that it would also be possible to realize a similar study with SNNs,
with Spike-Timing-Dependent Plasticity (STDP) as Hebbian learning [57], or
with RNNs [50]. Yet, having observed the tendency of these ANNs to compensate
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the effects of other aspects (e.g., sensory apparatus or morphology) in Chapters 3
and 4, we choose to limit this study to MLPs and H-MLPs.

For both cases, we consider a distributed architecture where all local con-
trollers share the same parameters. Thus, for the brain part of the encoding, we
simply set gy, = 0, i.e., we directly encode the parameters of the ANNs consti-
tuting the brain. We recall that 8 contains the synaptic weights for the MLP and
the values of the ABCD coefficients for the H-MLP.

For the body, we use an indirect generative representation, as done by Ferigo
et al. [110] and inspired by Cheney et al. [60]. Let h x w be the size of the largest
body that can be represented: since a VSR body is a polyomino, it can be seen as
a Boolean matrix M € {true, false}"*™ of h x w elements in which each element
m,, encodes the presence or absence of a voxel at position z,y. We use an ANN
to fill M and directly encode its parameters 6 in g;,q,. Namely, we use an MLP
with 2 inputs and 1 output and compute each m, , as:

true, ifMLPg (| 2], |4])>7
— w .1
My {false7 otherwise ’ .1)

where 7 is the median value given as output by the MLP when applied to all the
elements of the matrix. Finally, to ensure that the body is a proper polyomino,
we only consider the largest portion of adjacent ‘true’ values in M.

Concerning the sensors, we equip all modules with area, touch, and vertical
and horizontal velocity sensors.

5.4 Experimental Evaluation

We perform an experimental evaluation aimed at answering the following two
questions:

1. Does Hebbian learning have a positive impact on the VSR body-brain co-
evolution? Are the resulting VSRs more effective than those without Heb-
bian learning?

2. Why is Hebbian learning beneficial? Does its effectiveness depend on how
H-MLP-based controllers leverage specialization?

To address these questions we conduct a two-fold analysis. First, we per-
form the body-brain co-evolution (as detailed in Section 5.3) of several VSRs,
optimizing them for the task of locomotion, and comparing the performance ob-
tained by MLPs and H-MLPs. Then, we examine the evolved VSRs and their
controllers, looking for motivations for the difference in performance between
those equipped with MLPs and those using H-MLPs; in particular, we look for
signs of specialization of the controllers embedded in different voxels.
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5.4.1 Effectiveness of Hebbian Controllers

We perform 30 independent runs of the ES described in Algorithm 2.2 with n,0p =
40, Nelite = Npop/4 = 10, Nevais = 25000, and o = 0.35. We set the values of these
parameters, and those of the following parameters specific to the task, based
on the results obtained in previous experiments with this kind of robots [110,
109]. Concerning the task, we set tgna = 180s and ¢, = 5s. Concerning the
representation, we set w = h = 10 (i.e., the evolved VSRs are at most 10x 10 voxel
large) and we use, for both the MLP and H-MLP controllers, a fixed architecture
with one single hidden layer with the same size as the input layer. The latter
choice results in having (4 4+ 4+ 1) x (4+4)+ (4 +4+ 1) x 5 = 117 synapses
(given |r|+4 inputs, +1 for the bias, i.e., w;;0, and 5 outputs) in both types
of ANN, hence giving p = |f|= 117 parameters to optimize for the MLP and
4 x 117 = 468 parameters for the H-MLP. We use the same architecture also
for the MLP employed in the indirect representation for the body, resulting in
other (2+1) x2+4+ (24 1) x 1 = 9 parameters. In all cases we use tanh as
activation function inside the ANNs. Therefore, overall we perform the body-
brain optimization in R*2¢ for the MLP case and in R*"" for the H-MLP case.

Since the parameter 7 (the learning rate, see Equation (2.20)) plays a key
role in determining the adaptation of the H-MLP-based controllers, we perform
the experiments with two values: 0.01 and 0.1. We choose these two values as
they are typically employed in similar studies, as, e.g., [331] or [109], and we
deem them representative of two different learning dynamics (i.e., a slower and
a faster learning process).

We execute all the experiments using the 2D-VSR-Sim simulator [261], set-
ting f. = 4Hz and leaving all other parameters to the default values. The choice
of such a control frequency derives from the considerations of Chapters 3 and 4
concerning the vibrating behaviors observed in VSRs with high control frequen-
cies: we choose a lower value to explicitly prevent them.

Figure 5.1 summarizes the results of these experiments. It shows the fitness
v, of the best individual in the population during the evolution, one line for each
of the three variants: MLP (that we use as a comparison baseline), H-MLP with
n = 0.01, and H-MLP with 5 = 0.1.

The first observation from Figure 5.1 is that the adaptation facilitated by Heb-
bian learning positively impacts the body-brain co-evolution of VSRs. Robots
equipped with H-MLPs are, on average, faster than those with MLPs, regardless
of the value of 7. Notably, this result is achieved using the same EA and the same
number of fitness evaluations, despite the significantly larger search space in the
case of H-MLP (R*"" vs. R'26). For each pair of variants, we perform a statisti-
cal significance test—a one-sided Mann-Whitney U rank test—after verifying the
necessary assumptions. The null hypothesis is that the distribution of v, for the
first variant is statistically lower than or equal to that of the second variant. We
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— MLP — H-MLP ( = 0.01) — H-MLP (n =0.1)

Figure 5.1: Median =+ standard deviation (across 30 runs) of the velocity v,, of the
best individual during the evolution. VSRs equipped with H-MLPs are in general
faster than those equipped with MLPs.

obtain a p-value of 0.0007 for MLP vs. H-MLP (n = 0.01), 5 x 10~7 for MLP vs.
H-MLP (n = 0.1), and 0.01 for H-MLP (n = 0.01) vs. H-MLP (5 = 0.1), meaning
that all differences are statistically significant.

We attempt to explain the superior effectiveness of robots using Hebbian
learning by examining the body-brain coupling. As Medvet et al. [263] pre-
viously noted, it is challenging to find a distinct controller for each module of a
modular robot while simultaneously optimizing the body [234]. This challenge is
even more pronounced for VSRs, where the softness of the body significantly in-
fluences behavior, making the brain more sensitive to changes in the body [258].
We speculate that the H-MLP ability to adapt synaptic weights based on the infor-
mation processed by the ANN enables initially identical H-MLPs to differentiate
across various voxels. This differentiation likely helps the robots better manage
body variability during evolution. We explore this hypothesis further in Sec-
tion 5.4.2.

To gain more insights into the results summarized in Figure 5.1, we analyze
more in detail the behaviors of the 30 best VSRs obtained for each of the three
variants. In particular, we compute their average velocity in different subsequent
phases of their “life”, which, we recall, lasts 180s: namely, four periods lasting
30s. The result of this analysis is summarized in Figure 5.2 which shows, in the
form of box plots, the distribution of the average velocity v, for the three variants
in the four phases.

There are two key observations we can make from Figure 5.2. First, VSRs
equipped with H-MLPs demonstrate learning, meaning they adapt and improve
over time during their lifespan. Specifically, their average velocity v, during
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e, &t

0-30s 30-60s 90-120s 150-180s

&MLP &H-MLP (y=0.01) &H-MLP (5 =0.1)

Figure 5.2: Distributions (across 30 runs) of the average velocity of the best
robots during four consecutive intervals in the task (each lasting 30s). VSRs
equipped with H-MLPs do learn: they are faster after 30 s than at the beginning.
With a lower learning rate 7, they take longer (w.r.t. greater n) to become equally
fast.

the first 30s is noticeably lower than in the later phases. Additionally, a slight
improvement can be observed between the 30-60s and 60-90 s phases. This type
of adaptation is not visible in VSRs equipped with MLPs.

Second, while the variant with n = 0.01 exhibits slower learning, as expected,
the final velocity achieved by H-MLP-equipped robots is roughly the same, re-
gardless of the n value. Consequently, the difference between the two lines in
Figure 5.1 corresponding to the H-MLP variants is more attributable to the speed
of learning rather than the overall effectiveness of the search.

Regarding the bodies, Figure 5.3 presents a subset of the evolved solutions,
specifically those corresponding to seeds 1 to 10. Visually, there appear to be
no significant differences between them. For instance, the “stair” shape emerges
in all three settings: in the 5-th instance for MLP, the 9-th instance for H-MLP
(n = 0.1), and the 1-st instance for H-MLP ( = 0.01).

We further analyze the bodies using the same descriptors introduced in [263],
focusing on elongation and compactness. Elongation intuitively measures the ra-
tio between the width and height of the body, while compactness describes the
extent to which the body contains empty spaces. We perform a two-sided Mann-
Whitney U rank test, confirming that there are no statistical differences for the
descriptors used®.

In the next section, we delve into an additional set of experiments and anal-
yses conducted to uncover the reasons behind the superior performance of H-

1Videos of VSRs performing locomotion are available at https://tinyurl.com/4ye6nkpu.
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Figure 5.3: Samples of bodies evolved with the three variants (for seeds 1 to
10). There are no apparent differences between variants in terms of the shape of
evolved bodies.

MLP-equipped robots compared to those that do not utilize Hebbian learning.

5.4.2 Specialization in Hebbian Controllers

Having observed a neat performance increase with the introduction of Hebbian
learning, we conduct additional analyses to investigate the deep causes of such
an improvement. In fact, we speculate that, since Hebbian learning confers each
voxel the capability to learn based on its experience, this could lead to special-
ization, which in turn could facilitate the evolution and enhance the overall VSR
performance.

To test our hypothesis, we perform two experiments on the evolved VSRs: an
online one and an offline one. In the former one, we observe the H-MLP embed-
ded in the voxels and analyze them while working inside the robots; in the latter,
we pull the H-MLP out of the voxels and then perform further analyses. Namely,
we detach the H-MLPs from the simulator and study their behavior using artifi-
cially generated inputs. For simplicity, we perform these experiments on a subset
of 10 (out of 30) VSRs evolved in the experiment described in the previous sec-
tion, due to the significant computational cost needed for the analysis. Namely,
we select those corresponding to seeds 1 to 10 (i.e., those for which the body is
shown in Figure 5.3).

Online Analysis

Our first analysis aims at verifying that: (1) learning is actually occurring in Heb-
bian controllers, and (2) there is some form of specialization in the voxels guided
by the learning process. By “learning is actually occurring” we mean that Heb-
bian learning is guiding the weights towards values that are able to lead the VSR
to the accomplishment of its task, even if no additional learning is performed;
this is in contrast with an alternative hypothesis according to which the VSRs
runs successfully only because of the dynamics induced by Hebbian learning. By
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specialization, we mean that voxels ANNs become functionally different from one
another after the learning process.

To test these two hypotheses, for each of 10 + 10 VSRs equipped with H-MLP
(10 for each value of 7)), we proceed as follows. First, we perform a simulation
of 60 s where we let the VSR learn according to its evolved Hebbian rules. Then,
we consider three different re-assessment conditions, namely:

1. With learning: in this case, for each seed, we clone the resulting VSR (with
its learned weights) and we re-assess it in another 60s simulation, where
we allow the VSR to continue learning.

2. Without learning: as in the previous setting, but in this case we disable
Hebbian learning in the new 60 s simulation, i.e., we “freeze” all the weights
to their values reached after the initial learning phase.

3. Homogeneous controller: in this case, for each seed we copy the weights of
one of the voxels ANN into all the other ANNs, obtaining a homogeneous
controller. We repeat this evaluation for each of the voxels ANNs, hence
obtaining as many clones as the number of voxels. Each of these clones is
then re-assessed in another 60s simulation, disabling Hebbian learning.

The results of this online analysis are presented in Figure 5.4, where we show
the velocities v, achieved by each evolved VSR in the three aforementioned con-
ditions. In the first two settings (“With learning” and “Without learning”), each
original VSR (one per seed) is reassessed, resulting in a single velocity value per
subplot. However, in the third setting (“Homogeneous controller”), we obtain a
distribution of velocities for each seed. The number of values in this distribution
corresponds to the number of voxels in the VSR.

By comparing the first two velocities in each plot (i.e., those achieved with
Hebbian learning enabled and disabled), we can draw conclusions about the
occurrence of actual learning. In nearly all cases, except for one ( = 0.01, 8-th
robot), the two values are close to each other. This suggests that after the initial
learning phase, the weights of each ANN have converged to values that effectively
control the VSR, making further Hebbian learning unnecessary, though it does
not negatively impact performance. Therefore, we can confirm the occurrence of
actual learning.

Turning to our second hypothesis, the one concerning specialization, we can
draw conclusions by examining the rightmost distribution in each subplot. These
distributions reveal two main scenarios: one with significant spread and another
with less spread. In the first scenario, where distributions show considerable
spread, the velocities range from very low values, indicative of nearly idle VSRs,
to values comparable to those achieved without any controller alterations. This
suggests that some voxels ANNs have specialized to such an extent that they are
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Figure 5.4: Velocities measured during the re-assessment of the evolved VSRs:
one row per learning rate 7, one column per VSR (seeds 1 to 10), one color per
re-assessment condition.

not effective for controlling other voxels, leading to a significant performance
decline when used in a homogeneous controller. On the other hand, the upper
end of these distributions shows that for some voxels, specialization is less pro-
nounced, allowing the local ANNs to remain versatile enough to control all voxels
in the VSR effectively.

Regarding the second case, with denser distributions, we can still differenti-
ate between high and low specialization. If the distribution is centered around
high-velocity values, it indicates low specialization, meaning that all ANNs are
versatile. Conversely, if the distribution is centered at low velocities, it suggests
high specialization, where most ANNs are effective only for the specific voxel
they are learned for. It is important to note that we do not enable learning when
re-assessing the VSRs in the homogeneous controller condition. The rationale
behind this choice is to assess the impact of having an ANN operate under differ-
ent conditions compared to its specialized environment. Enabling learning might
allow the ANN to re-adapt to the new conditions, which could complicate the
interpretation of the results.

In summary, we can confirm that some voxels in the H-MLP have indeed
specialized. However, this specialization is not uniform—neither across different
VSRs nor within the voxels of a single VSR, despite all voxels being governed
by the same Hebbian rules. The extent and uniformity of specialization might
depend not only on the specific Hebbian rules configuration achieved by the end
of evolution, but also on the distinct experiences encountered by each voxel (and
thus each H-MLP embedded in it). To explore this further, we conduct an offline
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analysis, which is detailed in the following section.

Offline Analysis

Building upon the findings of the previous section, we speculate that specializa-
tion in a voxel could be driven by its “experience”, i.e., by the stimuli to which
a given H-MLP is subjected while it is learning, in conjunction with the set of
evolved learning rules. To test this hypothesis we conduct an offline analysis,
aimed at: (1) assessing how different the stimuli of different voxels are, and at
(2) evaluating how diverse the H-MLPs become in terms of responses to the same
set of stimuli.

As a preparatory phase for our analysis, we gather the 10 + 10 + 10 VSRs
obtained with the experiment of Section 5.4.1 (again, in particular, those related
to seeds 1 to 10), in this case both with MLP and H-MLP controllers, and simulate
them for 60s. During these simulations, at each control time step, we collect and
save the input vector of each ANN of the VSR. Moreover, for the VSRs controlled
by H-MLPs, we also save a clone of the VSR with its achieved weight configuration
at t; € {0.25,15,30,45}. Following this data collection phase, we proceed with
the offline analysis.

To tackle the first point (difference in stimuli), we start by examining the col-
lected inputs, i.e., the various stimuli to which the different ANNs are subjected.
We recall that at each time step & the input vector of an ANN, =™ < [0,1]®,
is defined as the concatenation of the sensor readings (r e [0,1]*) and the
communication values coming from its four direct neighbors.

To evaluate how different the experiences of the voxels of the same VSR are
throughout their lifetime, we rely on the inputs distance matrix D. For each VSR,
we compute D as:

1 Nts
D=d;; = — ’ 2
di; n; (5.2)

where ny = 240 corresponds to the total amount of control time steps performed
in a 60 s simulation, and wgh) indicates the input vector of the i-th voxel at the h-
th control time step. In plain words, we introduce a matrix where each element
quantifies the average distance between the inputs of each pair of ANNs of a
VSR. By observing these matrices for all the considered VSRs, we can draw some
conclusions regarding how diverse the inputs of different ANNs are.

We present all the computed matrices in Figure 5.5, organized by controller
type (MLP and H-MLP with the two different n values) on the rows and VSRs
on the columns. To facilitate visualization and pattern recognition within the
matrices, we arrange the voxels based on their connectivity, which refers to the
presence or absence of neighboring voxels on the four sides (with 2% — 1 different

wl(_h) _ w;h)‘

’
2
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Figure 5.5: Average pairwise distance between inputs observed by the ANNs of
each VSR (grouped by controller type on rows, and VSR on columns (seeds 1 to
10), during a simulation of 60s. The ANNs embedded in different voxels of the
same VSR experience different inputs.

n=0.17=0.01 MLP

H-MLP H-MLP

values). As a result, each pair of voxels 7 and ¢ 4+ 1 considered when computing
D either shares the same connectivity type (i.e., they have identical free and
connected sides) or usually differs by at most one connected side (e.g., the i-th
voxel might have all sides connected while the (i + 1)-th voxel has one side, such
as the top, free).

Given this representation choice, we can observe a distinct checked pattern in
the matrices shown in Figure 5.5. This pattern suggests that voxels with similar
connectivity tend to have similar experiences. This is likely because voxels with
the same connectivity typically play similar roles within the robot: for example,
“back” voxels have only the upper side free, while “core” voxels have all sides
connected. Square-colored blocks in the matrices indicate that the average dis-
tance in the input space is similar for pairs of voxels within the same connectivity
families, or roles. Additionally, the darker checks around the diagonals, where
distances are computed between voxels of the same type, further confirm that
distances are smaller (i.e., more similar) for voxels of the same type.

When comparing the matrices across different VSRs, we observe that some
matrices exhibit larger distances (i.e., lighter areas) than others. This variation
does not seem to correlate with the learning process, as lighter areas appear in
matrices from all three rows. We attribute these differences to the diverse gaits
achieved by the VSRs, which could result in varying degrees of differences in the
inputs experienced by the voxels.

Based on these results, we can conclude that different voxels experience dis-
tinct stimuli during their lifetime. These differences are influenced primarily
by two factors: (1) the role of the voxel, expressed by its connectivity, and the
(2) the gait achieved by the VSR.
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To assess how diverse the learned ANNs become in their responses to identical
stimuli, we begin by identifying a set of representative inputs. We achieve this
by partitioning the space of collected inputs into ny = 25 clusters using the K-
Means clustering algorithm?-we also repeat the analysis with different values of
ny finding negligible differences in the final outcomes. We choose the centroids
of these clusters as the representative stimuli for further analysis.

Having obtained n; representative inputs, we employ them to compute the
specialization matrix S of all the saved VSRs. We compute the specialization
matrix S of a VSR as:

1
S=s;,;= - Z ||ANN; (z.) — ANN; (z.)|[, , (5.3)
x.cC

where C indicates the set of n previously computed centroids, and ANN; in-
dicates the ANN pertaining to the i-th voxel. Simply put, each element of S
quantifies the average distance in the output space across some representative
inputs for the two considered voxels. Clearly, the larger the average distance,
the more functionally different the voxels: i.e., for the same inputs, they produce
different outputs. As for the input distance matrices D, we order the voxels ac-
cording to their connectivity when computing each S, to ease the visual discovery
of patterns.

We present the specialization matrices for all the considered VSRs in Fig-
ure 5.6. The figure is divided into two sub-figures, each corresponding to a
different value of . We do not compute this matrix for VSRs equipped with
MLP-based controllers, as their ANNs are identical by design. In each sub-figure,
columns represent different VSRs, while each row displays the ANNs sampled at
various control time steps, as indicated on the left of the row.

We begin our analysis by examining each column of the figure to understand
how the functional differences in the ANNs of a VSR evolve over its lifetime.
Initially, all columns show very dark matrices, indicating minimal functional dif-
ferences. As time progresses, these matrices lighten, revealing increased special-
ization. This pattern clearly indicates that, despite the ANNs being initialized
identically, they develop distinct responses to the same stimuli, leading to func-
tional and behavioral differentiation.

When comparing the various maps, we observe that specialization develops
differently across cases. Some maps lighten rapidly, while others remain darker
even after 45s. This supports our earlier conclusion that specialization varies
across different individuals. Generally, the matrices in the first sub-figure (for
higher 1) show lighter colors compared to those in the second sub-figure (for
lower n). This suggests that a higher n results in stronger specialization. This

2.

- 90 -



5.4 Experimental Evaluation

15s 0.25s

30s

45s

(a) H-MLP (n = 0.1)
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Figure 5.6: Specialization matrices S. The ANNs embedded in different voxels of
the same VSR become functionally and behaviorally different over time.
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trend aligns with Equation (2.20), as 7 controls the intensity of weight adjust-
ments during Hebbian learning.

Examining the final rows of Figure 5.6, we notice the same checked patterns
observed in Figure 5.5. This pattern suggests that specialization is closely related
to voxel connectivity. However, the patterns here are denser, indicating that there
can be functional differences even within the same connectivity family.

To summarize, we confirm that Hebbian learning drives specialization, result-
ing in behavioral and functional differences among the ANNs. Additionally, we
highlight a threefold entanglement between (1) the role and connectivity of a
voxel, (2) its experience, and (3) its specialization.

5.5 Concluding Remarks

In this chapter, we examined the concurrent optimization of both the body and
brain of VSRs. We employed an ES to optimize both the body configuration (i.e.,
the arrangement of the modules) and the brain (i.e., the parameters of an ANN
within each module). For the ANNs, we integrated Hebbian learning, a form of
unsupervised learning where synaptic weights adjust during the agent lifetime
based on the signals traversing the synapses.

Our experimental findings revealed that robots utilizing Hebbian learning ex-
hibit superior performance compared to those without this form of plasticity.
Specifically, we discovered that: (1) robots with Hebbian learning do learn, i.e.,
they retain their abilities even if the plasticity is disabled, provided this is done
after a long enough learning period; (2) Hebbian learning results in specializa-
tion, i.e., modules which are initially identical become different after learning,
with their ANNs processing differently the same inputs—in brief, we observed a
first form of totipotency in artificial organisms and in the ANNs controlling them;
(3) specialization is mostly related to the role of the modules, namely, their posi-
tion, in the overall body of the robot.
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evelopment is essential for living beings. Since robots are often designed to
mimic biological organisms, it is believed that development is equally critical
for achieving success in robotic agents. However, the optimal timing for this devel-
opment remains unclear. In biological systems, development primarily occurs during
the initial growth phase, but it is not yet known whether this principle applies to arti-
ficial creatures as well. In this chapter, we use an evolutionary approach to optimize
the development of VSRs, using different representations. In our study, development
involves adding new voxels to the VSR at specific time intervals according to the de-
velopment schedule. We experiment with different schedules and demonstrate that,
similar to living organisms, artificial agents benefit more from early-stage develop-
ment than from continuous development throughout their lifespan.

This chapter is based on the following publication: G. Nadizar, E. Medvet, and K. Miras. On the
Schedule for Morphological Development of Evolved Modular Soft Robots. In European Conference
on Genetic Programming (Part of EvoStar), pages 146-161. Springer, 2022 [296].
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6.1 Introduction and Related Works

Phenotypic development is widespread in nature and can occur in various di-
mensions, such as lifetime body adaptations to seasonal changes in the environ-
ment [230], brain plasticity through learning [123, 113], physical training [191],
and behavioral regulation in response to environmental factors [377], among
others. Beyond these forms of development, one of the most fundamental is
growth. Growth begins during morphogenesis and may continue for a significant
portion of the life of an organism, depending on its species. In humans, phe-
notypic growth fluctuations are influenced by genetic and environmental factors
during prepubertal and pubertal stages [414], making it challenging to estab-
lish growth standards [53]. Additionally, different body traits develop at various
stages; for example, significant height growth occurs until adolescence [245],
while male muscle mass typically peaks between the ages of 20 and 30 [26].
Interestingly, body growth in animals is rapid early in life and then gradually
slows. The reasons for this pattern are not fully understood [245], though it may
be related to the advantages of delaying fertility maturation [178]. Moreover, an-
imal brain development is a lifelong process, occurring prenatally, during infancy,
adolescence, and even into adulthood [415]. For instance, the human frontal
cortex, due to its complexity, does not fully mature until the mid-twenties [377].
This maturation process involves not just growth but also the reorganization of
neural structures, which requires processes such as synaptic pruning [377].
While the dynamics of growth, including the interaction between body and
brain development, remain unclear, it is evident that this complex process is cru-
cial for the behavioral complexity observed across species. As such, ER has a
strong motivation to study growth development. However, the field has pre-
dominantly focused on evolving the controller without considering body evolu-
tion [343], and developmental processes have received relatively little attention.
Some developmental models have gained popularity [232, 399], though they
have mostly been applied to morphogenesis. One study demonstrated the bene-
fits of environmental regulation for lifetime phenotypic plasticity, allowing robot
bodies and brains to adapt to environmental changes [279, 278]. Another ap-
proach involved reconfigurable robots with manually designed bodies [80]. Ad-
ditionally, the field of morphogenetic engineering has been introduced to model
complex self-architecting systems [96]. Other studies explored pre-programmed
lifetime changes comparable to growth, investigating the impact of development
on evolvability [205, 204] and the effects of using stages of morphological devel-
opment to scaffold behavior [38].
Although these studies represent significant progress in investigating devel-
opment within artificial life, much remains to be explored. There is a growing
need for more research to expand our understanding of how development can be
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implemented and under what conditions specific effects may be observed.

To contribute new insights to the literature, this chapter addresses a specific
question related to growth development: does the development schedule affect
the effectiveness of evolved agents? Specifically, is continuous, lifelong develop-
ment more or less effective than development that occurs primarily at the begin-
ning of an agent life?

To explore this, we design various developmental models for VSRs [153],
which are optimized using appropriate EAs. By combining development with evo-
lution, we enable robots to undergo changes on different timescales. Due to their
versatility, VSRs are ideal for experimenting with morphological development,
and they have been used in previous studies [204, 450]. However, unlike these
studies, which focus on the overall impact of development on evolution [204]
and the role of environmental feedback [450], our research specifically investi-
gates the development schedule.

Although our work centers on morphological development, involving only
the robot body, the controller is tightly coupled with its morphology. Thus, we
also design adaptable brains that can effectively control various body forms. To
evaluate the effects of development, we assess robot performance in a locomotion
task and include non-developing robots as a baseline. Our results indicate that,
across all models, the most effective development schedule for artificial agents
mirrors that of living organisms. Specifically, early development leads to better-
performing robots than continuous growth. Moreover, the comparison with non-
developing robots highlights the potential benefits of development for artificial
agents.

6.2 Development of Voxel-based Soft Robots

We consider morphological development, i.e., a mechanism according to which,
at given time instants during the life of the VSR, new voxels are added to the
VSR body. For the purpose of this study, we say that the development of a VSR
is completely described by a schedule and a development function. We define
the schedule as a sequence S = (t;); of time instants when the addition of a
new voxel occurs. We define the development function as a function d that, given
a number of voxels n, outputs a VSR d(n) consisting of at most n voxels. We
impose the requirements for the function d that, for all n, (1) the morphology of
the VSR d(n) differs from the morphology of the VSR d(n + 1) for at most one
voxel and (2) d(n) has no more voxels than d(n + 1).

Given a starting size ng, a schedule S, and a development function d, we can
perform a simulation of a VSR d(ng) that starts with a morphology of (at most)
no voxels at ¢ = 0 and, at each ¢; € S, develops to a VSR d(ng + j) that is not
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smaller than the previous one.

The primary objective of this study is to understand how the schedule of de-
velopment affects the effectiveness of evolved VSRs. To explore this, we define
a set of predetermined schedules, allow evolution to optimize the development
function, and then compare the results.

6.2.1 Representations for the Development Function

To enhance the generality of our experimental findings, we explore four dis-
tinct representations of the development function, each designed to be optimized
through evolutionary processes.

For the ease of presentation, we describe the development function d in terms
of a function dmerph, that determines the morphology of the VSR, and a function
deontrolier, that determines the controller of the VSR. Moreover, we directly de-
scribe how the outputs of dmerph (72, 9) and deonerolier(7, g) are computed, given a
genotype g and a number n.

Vector-based Morphology Representation

Given a real vector v € R™ue, we obtain a morphology of n voxels as follows.
We denote by M = dorph (7, v) the Boolean matrix describing the obtained mor-
phology, where the voxel at position i, j is present if and only if the corresponding
element m, ; is set.

First, we reshape the vector v to a matrix V' of nZ, real values. Second, we
determine the greatest element of V' and set the corresponding element of M.
Then, we repeat the following two steps until min(n,n2,,) elements of M have
been set: (1) we consider the subset of M unset elements that are adjacent to set
elements and (2) we set the element of the subset with the largest corresponding
value in V.

Note that, with this representation, it is guaranteed that the morphology will
have exactly n voxels, provided that ngq4e, a parameter of the representation, is
large enough.

Figure 6.1 provides a schematic representation of an example of application
of this function with ngg. = 5 and n = 4.

Tree-based Morphology Representation

Given an ordered tree T in which each node is a number in R and has either 0 or
4 child nodes, we obtain a morphology of up to n voxels as follows. Each node of
the tree corresponds to an element of the matrix M describing the morphology,
while the four children of a node correspond to the four neighboring elements
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Figure 6.1: Schematic view of the grid-based morphology representation
dmorph (1, v), With ngge = 5, n = 4, and an example v € R?®. Dark green is
used to highlight the first element chosen (the one with highest value), whereas
lighter green is used to indicate the other chosen elements. The gray area indi-
cates the candidate voxels for a possible future development (i.e., n = 5 with this
same v).

at north, south, east, and west. Namely, given a node corresponding to the m;, ;
element, the first child corresponds to m; ;_1, the second to m; ;;1, etc.

First, we transform 7 into a tree 7’ by mapping each node of T to a node
in 77. Nodes in 7" are pairs (v,u), where v € R is the node real value and
u € {SET, UNSET, USED }—initially, u = UNSET for every node in 7’. Second, we
set the root u to SET. Then, we repeat the following three steps until n nodes
in 7" have v = SET or there are no more 7’ nodes with © = UNSET: (1) we
consider the subset of nodes with u = UNSET and whose parent node has u = SET,
(2) we choose the node in the subset with the largest v, and (3) set v = SET for
the chosen node and u = USED for all the other nodes representing the same
position. Finally, we obtain the morphology M by setting the element m, ¢ first,
and proceeding to set every other element 4, j for which there is a SET node in 7"
whose relative position to the root is ¢, j. For convenience, we assume that the
indexes of the elements of M can assume values in Z.

Note that, with this representation, a morphology with less than n voxels
could be obtained for a given tree T, depending on its size. In the extreme case,
if T consists of the root node only, then the morphology will have just one voxel.
On the other hand, the representation is parameter-free and does not impose an
upper bound on the number of voxels in the VSR. Note also that, for each position
of the matrix M there are up to four nodes in the tree T, but at most one is used
depending on ancestors of the node: i.e., this representation is redundant [363]
and exhibits epistasis [431].

Figure 6.2 provides a schematic representation of an example of application
of this function with n = 4.
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Figure 6.2: Schematic view of the tree-based morphology representation
dmorph (1, T'), with n = 4. Colors in 7’ nodes represent the value of u, while
numbers are the ones of 7' (not shown here for brevity). Dark green is used to
highlight the root of the tree, whereas lighter green is for u = SET, white for
u = UNSET, and gray for u = USED. The same colors are used in the Boolean
matrix M and in the obtained VSR morphology. Black cells in M correspond to
nodes that are not present in the tree, hence such cells could never be used with
this 7', regardless of n.

Vector-based Phase Controller Representation

Given a real vector v € R’”?ide, we obtain a phase controller (see Section 2.1.3) for
a VSR whose morphology M can be contained in a ngge X ngge grid of voxels as
follows.

First, we reshape the vector v to a matrix V' of ngqge X nsige real values. Second
we build a phase controller in which the phase ¢, ; of the voxel at position ¢, j, if
any, is given by the corresponding element in V. If there is no voxel at i, j, the
corresponding element in V' does not contribute to the controller.

Vector-based Neural Controller Representation

Given a real vector v € R? and a description of the topology of an MLP consisting
in the numbers of neurons for each layer, we obtain an MLP by simply setting the
parameters vector 6 of the MLP to v (see Section 2.2.1). We use the obtained
MLP to implement the output function of the distributed controller for the VSR,
employing explicit communication among voxels (see Section 2.1.3).

In this case, all output functions of the VSR are the same. Therefore, this
controller is applicable to any VSR, regardless of its morphology, provided that
(1) the MLP input-layer size is compatible with the dimension ngsepsor = |r§k)| of
sensor readings in the voxels and with the value of n., i.e., it iS ngensor + 47, and
(2) the MLP output-layer size is compatible with the value of n., i.e., it is 1 + 4n..
Since mgensor is determined by the morphology, it follows that the free parameters
for this representations are n., m, and the architecture of the MLP.
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Tree-based Phase Controller Representation

This controller representation is tightly coupled with the tree-based morphology
representation: in fact, we only use it in combination with that representation.
We consider an ordered tree T in which each node is a pair of numbers v, ¢ € R?
and has either 0 or 4 child nodes. From T we map the v-part of T according to the
tree-based morphology representation to obtain a VSR with morphology M. We
then obtain a phase controller by associating with each voxel in the morphology
the ¢ value of the corresponding element in 7.

The rationale behind this representation, is to tightly couple v values, which
determine the morphology, and ¢ values, which define the controller, by embed-
ding them within the same tree structure. Together with suitable genetic opera-
tors, this link should prevent destructive effects resulting from the misalignment
between the part of the genotype describing the morphology and the one describ-
ing the brain [327].

Full Development Function Representations

Summarizing, we consider the four representations resulting from the following
combinations of a dporph and a deontroller TEPresentation:

* Grid-phase, in which the genotype is a vector v € R2nie: we obtain the
robot by mapping the leading half of v with the vector-based morphology
representation and the trailing half with the vector-based phase controller
representation.

* Grid-neural, in which the genotype is a vector v € RmatP: we obtain the
robot by mapping the leading nZ,, elements of v with the vector-based mor-
phology representation and the trailing p elements with the vector-based

neural controller representation.

* Tree-phase, in which the genotype is a tree T with nodes in R? with either 0
or 4 children: we obtain the robot by mapping the tree of the first elements
of T' nodes with the tree-based morphology representation and 7" with the
tree-based phase controller representation.

* Tree-neural, in which the genotype is a pair T, v composed of a tree T with
nodes in R with either 0 or 4 children and a vector v € RP: we obtain the
robot by mapping T" with the tree-based morphology representation and v
with the vector-based neural controller representation.

We remark that, in principle, we could also employ more sophisticated neural
models when considering the distributed neural controller, e.g., RNNs or SNNs.
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In addition, we could also enhance the controllers with a form of Hebbian learn-
ing, which we have observed to be beneficial in Chapter 5. However, we decide to
limit our study to a simple phase controller and to an MLP-based neural controller
to avoid combining the effects of multiple techniques which would complicate the
analysis of the results.

6.2.2 Evolutionary Optimization of the Development Function

To optimize development functions, we employ a standard Genetic Algorithm
(GA) (see Algorithm 2.1) that we adapt, in the initialization and genetic opera-
tors, to the four different representations presented above.

For initializing the population, i.e., for the implementation of the init () func-
tion, we sample U([—1, 1]) for each element of the vector-based representations,
and we use the ramped half-and-half initialization (with depth in [dmin, dmax]) for
the tree-based representation. For the latter, we sample U([—1, 1)) for the values
of the nodes.

Concerning the genetic operators, we implement the variate() function by
applying a crossover operator with (with probability pc.oss) Or a mutation operator
(with probability 1 — peross). In the latter case we only sample one parent with
tournament selection.

In the vector-based representations (grid-phase and grid-neural), we use the
extended geometric crossover, where the child v € RP? is determined from the
parents vy, vy € RP as v = vy + a(ve — v1) + 3, where a € RP is sampled as
a; ~ U(—=0.5,1.5), and 3 € R? is sampled as §; ~ N(0,0coss).- As mutation,
we use the Gaussian mutation, where v = vy + 3, with 8 € R? sampled as
Bi ~ N(Oa O'mut)-

In the tree-based representations, we use the standard subtree crossover and
standard subtree mutation, always ensuring a maximum depth of dp,y for the
child. Only with the tree-phase representation, with 50 % probability, we apply a
noise sampled from N (0, omye) to each ¢ element of the tree instead of applying
the standard subtree mutation.

In the combined representation (tree-neural), we do crossover by applying
standard subtree crossover and extended geometric crossover to the two parts
of the genotype. Similarly, we do mutation by applying Gaussian mutation and
standard subtree mutation.

6.3 Experimental Evaluation

We perform several experiments to answer to the following questions:

1. What is the most appropriate development schedule for artificial agents?
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2. Does it depend on the representation of the development function?

For answering to said questions, we evolve development functions to develop
VSRs suited for the task of locomotion on a flat terrain. We employ two different
development schedules, together with no development, to be considered as a
baseline. We provide a detailed description of the experimental procedure and of
our results in the following.

Concerning the representation, we use the following parameters: ngq. = 10,
fsin = 1Hz, f. = fsm (phase controller parameters from Equation (2.1)), n. = 2.
For the MLP, we employ two hidden layers with the same size of the input layer
and tanh as activation function. When employing the neural controller, i.e., the
MLP, we equip VSRs with area, touch, and vertical and horizontal velocity sensors
(sensor = 4).

Regarding the GA, we use the following parameters: npop = Nofr = 96, Neyals =
20000, nejite = 0, Deross = 0.75, Nyour = 10, Ocross = 0.1, omue = 0.35, dmin = 3, and
dmin = 6. We observe that, for the chosen values of npep and neyy, evolution is in
general capable of converging to a solution, i.e., longer evolutions would result
in negligible fitness improvements.

To evaluate the effectiveness of an individual, i.e., a development function,
given a schedule S, we proceeded as follows. At the beginning of the simulation,
we (1) use the development function to obtain an initial VSR d(ng) from ng
and (2) we place it right above the terrain at the starting position. Then, at
each t; € S during the simulation, we (1) remove the VSR d(n;_1) from the
simulation, taking note of the z-coordinate zjf of its leftmost voxel, (2) use the
development function to develop the VSR to d(n;) and (3) place the developed
VSR in the simulation right above the terrain in a position such that its leftmost
part is at zj.,. We stop the simulation after 210s (simulated time), take note of
the run distance Az, as the difference between the initial and final z-coordinate
of the center of mass of the VSR, and use Az as fitness.

We remove and add (i.e., re-spawn) the VSR just before and right after each
development because the new voxel might be added in positions that conflict
with the current posture of the robot (e.g., under a foot, “inside” the terrain). As
a consequence, each development step leads to a re-spawning of the VSR, where
its gait is interrupted.

We characterize the performance of the representations in conjunction with
two development schedules, both encompassing 14 stages: early development
Searly = (10,20, 30,...,120,130), resembling biological development, and uni-
form development Sypiform = (15,30,45...,180,195), accounting for continuous
growth (numbers are in s). In addition, to have a baseline for comparisons, we
also employ a non-developmental schedule S,o.4evo = @: in this case VSRs are
initialized according to the initial development, and no voxels are ever added to
them. To ensure fairness in terms of re-spawning (as such events could slow
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down the VSR), we interrupt the gait to lift the VSR in the air according to
Suniform, €ven though no development is occurring.

Concerning the initial size ng of the VSRs, we aim at being as fair as possible,
since larger robots could, in principle, benefit from having more power. Hence,
we choose ng early = 6, 120, uniform = 8, @nd 7 no-devo = 14 in order to have approxi-
mately the same weighted average VSR size during the simulation (feay ~ 14.7,
Tuniform = 14.5, and fipe.gevo = 14). In other words, the chosen values of ng result
in all VSRs having approximately the same integral of size over the simulations.

For each of the 4 - 3 combinations of representation and schedule, we per-
form 10 independent, i.e., based on different random seeds, evolutionary opti-
mizations, obtaining a total of 120 runs. When comparing results of pairs of
combinations, we perform the Mann-Whitney U test, after having verified the
proper requirements, with the null hypothesis of equality of the means—we re-
port the p-values. Note that, since we perform multiple pairwise comparisons
simultaneously, we apply the required Bonferroni corrections for evaluating the
significance of results.

We perform the experiments in this chapter using the 2D-VSR-Sim simulator.
All the code is publicly available®.

6.3.1 Results and Discussion

We report our results in Figures 6.3 to 6.5. The most prominent finding of our ex-
periments is illustrated in Figure 6.3, which shows the distributions of the fitness
Az for the best individuals at the end of evolution across different representa-
tions and schedules. These plots allow us to compare the outcomes of Seany and
Suniform- Based on the distributions and the p-values, we can conclude that, gen-
erally, early development is not inferior to uniform development, and for phase
controllers, it is significantly better. This suggests that development in artificial
life resembles that in real life. While organisms that grow continuously tend to
become larger, this trait does not necessarily enhance overall performance.

We hypothesize that early development is more effective because the opti-
mization of the agent controller benefits from the brain extended interaction
with a fixed body (the final development stage, which is longer than the others).
Consequently, we speculate that evolution optimizes the controller for the final
body, as being optimal during this extended stage could lead to greater distance
covered and thus higher fitness. Conversely, continuous growth seems to impede
brain development, as evolution struggles to find an optimal controller that can
adapt equally well to the various bodies the controller interacts with.

Thttps://github.com/giorgia-nadizar/VSREvoDevo
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Comparison Against No Development

Building on Figure 6.3, it is also interesting to compare the results obtained by
non-developing VSRs. Based on our earlier assumptions, we would expect these
outcomes to be significantly better than those of both early and uniformly devel-
oped VSRs, as in this scenario, the brain is optimized for a single body. However,
the results presented in the plots are less straightforward, with no clear winner
among the non-developed, early-developed, and uniformly-developed VSRs. We
attribute these mixed findings to two factors: re-spawning and the absence of de-
velopment. Regarding re-spawning, it likely slows down the VSRs, even though
they are not undergoing development, preventing them from demonstrating a
smooth and effective gait. Additionally, we speculate that the lack of actual de-
velopment may have hindered overall performance, consistent with the findings
of Kriegman et al. [204].
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< 0.01 0.15 0.01 0.40
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Figure 6.3: Box plots of the fitness Az of the best development functions at the
end of evolution for different representations (plot columns) and development
schedules (color). The p-values are shown above pairs of boxes. We consider
a = 0.05/3 = 0.017 for statistical significance, due to the Bonferroni correction.

Analysis of VSR Velocity

To further understand the results, we measure the velocity of VSRs throughout
their development, defining v, ; as the average velocity achieved by a VSR during
its i-th stage of development. Figure 6.4 shows the distribution of VSRs veloci-
ties during the final stage of development for each representation and schedule.
These results are consistent with previous findings: early development does not
produce slower VSRs compared to uniform development, while non-developed
VSRs show less clear relationships with the others. However, more intrigu-
ing conclusions emerge when Figure 6.4 is interpreted in light of the different

- 103 -



Scheduling the Development in Morphological Plasticity

sizes of VSRs in the final (14th) stage, depending on the development schedule:
Nigeary = 19, M14,uniform = 21, and 714 no-devo = 14. Interestingly, larger VSRs do
not correspond to higher velocities. This can be explained by the same reasoning
as before: early development produces VSRs that are primarily optimized for the
final stage of their lives, not only due to their larger size but also because the
interaction between body and brain has had more time to develop.

Grid-phase Grid-neural Tree-phase Tree-neural
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:{ < 0.01 0.07 0.41 0.05 0.05 < 0.01 < 0.01 0.84

; 10
—_

g é

7 |:_|:| _

< =

’J 0

& Early & Uniform No-devo

Figure 6.4: Box plots of the last stage velocity v, 14 of the best development
functions at the end of evolution for different representations (plot columns) and
development schedules (color). The p-values are shown above pairs of boxes.
We consider a = 0.05/3 ~ 0.017 for statistical significance, due to the Bonferroni
correction.

To conclude the velocity analysis, we provide in Figure 6.5 a display of the
vg,; throughout the simulation. These plots appear to confirm our earlier hy-
pothesis that early development is more successful. Additionally, we observe that
both early and uniform development exhibit a general upward trend in veloc-
ity, indicating that size also plays a significant role in achieving good locomotion
performance.

Comparison Among Representations

Finally, it is worth examining the different outcomes produced by the consid-
ered representations, both in terms of fitness Az (Figure 6.3) and velocity v, 14
during the last development stage (Figure 6.4). We summarize the results of
statistical significance tests between pairs of representations in Table 6.1, where
colored dots (with colors corresponding to the development schedule) mark dis-
tributions that are significantly different (p-value < oo = 0.05/6 =~ 0.008). From
the table, it is immediately apparent that the results obtained without develop-
ment rarely show significant differences based on the representation used. In
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Figure 6.5: Average velocity v, ; (median and inter-quartile range across the 10
repetitions) of the developing VSRs at different stages during the simulation, for
different representations (plot columns) and development schedules (color).

contrast, early and uniform development yield more varied outcomes across dif-
ferent representations. Considering Figures 6.3 and 6.4 and Tables 6.1a and 6.1b,
we can conclude that the grid-phase representation is generally not worse than
the others and is significantly better for certain schedules and representations.
We speculate that this could be due to two factors: the direct nature of the rep-
resentation and the superiority of a phase controller over a neural controller for
developing VSRs. Specifically, we hypothesize that it is easier for evolution to de-
termine suitable phase values for a growing body than to optimize a single MLP
to accommodate all voxels across a wide range of body types.

GP GN TP TN GP GN TP TN
GP - . oo oo GP — ° oo oo
GN - - GN - -
TP oo — oo TP X — °
TN e L) - TN e ° —
(a) Fitness Az. (b) Last stage vel. vy, 14.
* Early * Uniform No-devo

Table 6.1: Statistical significance results for different metrics and representations.
Each cell is annotated with a dot if the p-value on the two representations with
the same schedule is < o = 0.05/6 ~ 0.008 (due to the Bonferroni correction).

To conclude the discussion on the experiments we show in Figure 6.6 an
example of a developing VSR obtained at the end of one evolution with the grid-
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phase representation and the uniform schedule: in the figure, each frame shows
the VSR during a developing stage?.

Figure 6.6: View of a developing VSR (uniform schedule with the grid-phase
representation). Each image is taken ~ 0.5s after a voxel has been added to the
VSR body; to leave time to the robot to fall and exhibit its posture on the ground.
Vozxels color encodes the ratio between its current area and its rest area (red for
contraction, yellow for rest, green for expansion).

6.4 Concluding Remarks

In this chapter, we explored the impact of different morphological development
schedules on VSRs. To do so, we evolved development functions—mechanisms
that construct and expand VSRs bodies and controllers—to create and develop
VSRs capable of successfully performing locomotion tasks. To ensure broad appli-
cability, our study included four representations of development functions based
on different combinations of body-brain encodings, along with non-developing
VSRs as a baseline for comparison. Our experimental results indicate that, much
like in living organisms, VSRs benefit from early development, while continu-
ous growth tends to impede overall performance. Specifically, we observed that
larger VSRs resulting from continuous growth, despite having more power, are
not more effective than smaller VSRs developed early on. This suggests that an
appropriate development schedule is crucial in determining the effectiveness of
a VSR.

2The corresponding video is available at https://youtu.be/DD4D20EH1sA.
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Synaptic Pruning in
Neuroevolution

Robotic agents can be controller with ANNs. These networks are often intri-
cate, with numerous neurons and connections, particularly when the robots
are equipped with multiple sensors and actuators spread across their bodies or when
a high level of expressive power is required. Pruning, which involves removing neu-
rons or connections, reduces the complexity of ANNSs, thereby enhancing their energy
efficiency and, in some cases, potentially improving their generalization capabilities.
Moreover, pruning in biological neural networks is known to play a crucial role in
brain development and learning. In this chapter, we focus on the evolutionary opti-
mization of neural controllers for VSRs applying pruning during their fitness evalu-
ation. We consider the task of locomotion, and experiment with various controllers
architectures to assess the impact of different pruning methods on post-pruning effec-
tiveness, long-term effectiveness, adaptability to new terrains, and overall behavior.
Our findings indicate that certain forms of pruning in NE produce controllers that
are nearly as effective as those evolved without pruning, while also offering greater
robustness to pruning. Additionally, we occasionally observe improvements in gen-
eralization abilities.

This chapter is based on the following publication: G. Nadizar, E. Medvet, O. H. Ramstad, S. Nichele,
F. A. Pellegrino, and M. Zullich. Merging pruning and neuroevolution: towards robust and efficient
controllers for modular soft robots. The Knowledge Engineering Review, 37, 2022 [298].
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7.1 Introduction

In recent years, ANNs have been successfully applied to a wide range of prob-
lems across various domains. It is well understood that the architecture of an
ANN, including the number of neurons, connections (synapses), and other signif-
icant hyper-parameters, must be carefully selected to achieve sufficient expres-
sivity for the task at hand. When the ideal network topology is unknown, opting
for a large, fully-connected ANN is often considered a safe approach which is
often feasible due to the availability of substantial computational power and ad-
vanced training algorithms, allowing for the training of very large, potentially
over-parameterized networks.

However, the current trend toward scaling neural networks to massive sizes,
such as DALL-E with 12 billion parameters [352] or Switch Transformers and
Large Language Models (LLMs) with over a trillion parameters [104, 1], has
faced criticism due to concerns about carbon footprint and computational costs.
Energy consumption and network complexity become particularly critical when
ANNSs need to be physically implemented in devices with limited resources, such
as robotic systems. Pruning, which involves removing unnecessary or less im-
portant connections to reduce the complexity and energy consumption of ANNS,
is an active area of research with a notable biological counterpart. In fact, bio-
logical brains undergo a developmental process that initially creates an excess of
synapses, which are later optimized through synaptic pruning, a process essential
for long-term efficiency [351].

In this chapter, we explore the pruning of ANNs optimized through NE for con-
trolling VSRs. Since each voxel in a VSR may contain sensors, actuators, and the
neural controller itself, unnecessary neural connections are undesirable, making
pruning a viable strategy. Despite their simplicity, VSRs possess unique charac-
teristics that make them ideal for experimentally studying the effects of real-life
phenomena on artificial agents. Moreover, the embodied cognition paradigm,
where global behavior emerges from the interaction of simpler behaviors [334],
is well-expressed in VSRs, making them particularly suitable for investigating
body-brain interactions in artificial agents [234]. Given these attributes, VSRs
are excellent candidates for exploring whether synaptic pruning can result in op-
timized controllers by eliminating redundant or negligible network connections.
To address this question, we examine different methods for identifying synapses
to prune and experimentally measure the impact of these methods on the over-
all effectiveness and adaptability of NE-optimized ANNs in controlling VSRs for
locomotion tasks.

Our results demonstrate that appropriate pruning strategies applying during
evolution can produce controllers that are as effective as those obtained without
pruning, while being more robust to pruning in terms of both effectiveness and
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behavior. Additionally, we find that individuals evolved with pruning do not show
significant reductions in adaptability to new tasks, such as locomotion on unseen
terrains, compared to those evolved without pruning.

7.2 Related Works

Our work is related to several topics and lines of research, that are briefly recalled
in the next sections. In particular, Section 7.2.1 shows the connections with
biological pruning, which occurs during the life of individuals and inspired the
adopted pruning scheme. Section 7.2.2 is dedicated to the pruning of ANNs and
the various techniques (most of them iterative) that have been recently proposed,
especially in the Deep Learning literature. Section 7.2.3 deals with pruning in the
context of NE and, finally, Section 7.2.4 briefly recalls the pruning of SNNs, which
resemble more closely the biological networks.

7.2.1 Synaptic Pruning in the Nervous System

Biological neural networks are not engineered but rather self-organize, enabling
them to adapt and form efficient computational structures [177, 342, 469]. Much
of their developmental growth and adaptation hinges on pruning—a process
where an initial surplus of neurons, axons, and synapses is followed by the re-
moval of inactive or inefficient components [242, 360, 370]. In humans, this
pruning process begins shortly after birth; the neonatal brain, which contains ap-
proximately 100 billion neurons, is pruned down to about 86 billion in adulthood,
representing a reduction of nearly 15 %. Similarly, the synaptic density between
neurons decreases by almost 50 % in the adult brain compared to that of a 1- to
2-year-old, following an initial postnatal growth [152, 370].

The cellular and molecular mechanisms driving this pruning process are nu-
merous and very complex, but at a higher level, they are thought to be guided by
specific constraints, such as metabolic energy efficiency and robustness to pertur-
bation [152, 3, 214, 360]. Biological neural networks must operate within the
limits of available local and global metabolic energy, which pushes them to evolve
toward more efficient network topologies, leading to the pruning of connections
that do not contribute sufficiently relative to their metabolic cost. Conversely,
these networks also need to maintain robustness against perturbations like in-
jury or degeneration, necessitating redundancy and adaptability [88]. The inter-
play of these constraints, sometimes opposing but also complementary, shapes
biological neural networks into highly efficient computational structures, often
resulting in topologies characterized by small-world, hierarchical, and modular
properties [25, 395].
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Additionally, these constraints vary across different brain regions, influencing
development, including pruning, to create specialized network topologies [396].
Since different brain regions are responsible for distinct computational tasks,
the pruning mechanisms adapt to these differences, shaping networks in areas
like sensory cortices differently from those involved in executive or motor func-
tions. The network requirements for these tasks—such as redundancy, paral-
lelization, recurrency, and interregional signaling—demand varied pruning tar-
gets and timescales [41, 229, 271, 378, 438]. Despite this, the underlying prun-
ing mechanisms are consistent across regions. Generally, neurons are pruned
based on their activity levels: low-activity neurons or synapses are marked for re-
moval either autonomously or by microglia (glial immune cells) [13, 360, 378].
The input to each region influences the activity of its neurons, with those con-
tributing more frequently to the output being preserved, enabling the region to
adapt to its input while retaining the most efficient network components. By
initially growing a large network and then pruning it to match specific com-
putational tasks, the human nervous system is better able to adapt to diverse
environments compared to constructed or engineered networks.

These biological insights prompt questions about the design of ANN con-
trollers for artificial agents, particularly regarding the appropriate network size
and the number of parameters required to learn a specific task. The potential
for optimizing these networks in terms of learning efficiency, robustness to noise,
and factors like energy cost remains an active area of research. In the following
sections, we review various pruning strategies for ANNs.

7.2.2 Pruning in ANNs

The term “pruning” is not exclusive to ANNSs; it originated in the context of deci-
sion trees as early as 1984 [45]. In this context, it refers to methods for structural
simplification, such as the “pruning” of branches in large trees that tend to over-
fit or poorly generalize to unseen data. Since its inception, pruning—essentially
the top-down removal of excess components from a machine learning model—
has been motivated by the pursuit of simplicity, echoing the principle of Occam’s
razor [413, 474].

In the context of ANNs, pruning involves various techniques aimed at spar-
sifying the network—i.e., removing connections (synapses) between neurons to
create a more streamlined subnetwork from the original model. The reasons
for pruning can vary: some techniques may reduce the model error [217, 143],
enhance training and inference efficiency, improve generalization [21], or in-
crease robustness [467]. Additionally, pruning can be used to explore similari-
ties between artificial and biological sparsification processes, as discussed in Sec-
tion 7.2.1.
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ANN pruning can be categorized into two main types: structured and un-
structured, based on the group(s) of connection(s) targeted for removal [11].
Structured pruning focuses on removing well-defined groups of synapses, such
as all connections to a particular neuron or specific channels in Convolutional
Neural Networks (CNNs). This approach offers immediate computational bene-
fits, as eliminating entire neurons or filters results in smaller parameter tensors
and faster calculations. Unstructured pruning, on the other hand, removes indi-
vidual connections without regard for their arrangement. This results in irreg-
ular sparsity that does not directly affect how parameter tensors are stored in
memory. To fully utilize the reduced number of connections, specialized soft-
ware (like CUSPARSE [307]) or hardware (such as GPUs with dedicated sparsity
support) is required [238]. Despite this, unstructured pruning often enhances
model performance even at high pruning rates [118, 357], making it a powerful
regularization technique. In contrast, models pruned using structured techniques
generally have more difficulty matching the performance of unpruned networks,
though recent advances have begun to address this issue [54]. Notably, struc-
tured pruning can also serve as a regularizer without necessarily removing the
pruned parameters from the network structure.

Another way to categorize ANN pruning techniques is based on the heuristics
used for connection removal. These heuristics fall into two main types [156]:
(1) data-free heuristics, which prune synapses solely based on the state of the
network parameters, and (2) data-driven heuristics, which involve evaluating
the model on a given data batch to guide pruning decisions. The key difference
between these heuristics is that data-free methods enable rapid pruning by fo-
cusing on the parameters alone, while data-driven techniques allow for a more
nuanced selection process by considering additional criteria such as information
flow within the network [412], gradient flow, and Hessian values [217].

In this work, we will employ both types of heuristics for pruning. Specifically,
we will use Least-Magnitude Pruning (LMP) [34, 143], a data-free technique
that removes connections with small magnitudes, and variants of Contribution
Variance Pruning (CVP) [412], a data-driven heuristic that eliminates parameters
with low variance (potentially reintegrating the average into the bias term of the
corresponding layer). Additionally, we will apply another data-driven heuristic
based on the value or magnitude of the signal passing through each synapse. To
establish a baseline, we will also use random pruning as a control technique for
comparison with the other pruning methods. We provide a detailed overview of
these techniques in Section 7.3.

These pruning techniques are commonly applied within the framework of
gradient-based ANN training methods, e.g., Stochastic Gradient Descent (SGD).
When improving the network through iterative training, we can distinguish be-
tween in-training sparsification techniques and after-training techniques [156].
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In-training pruning techniques are applied during the training process. A notable
example is LASSO, initially developed for linear models [376, 420], which uses
an L1-norm penalty term. This concept has been adapted to ANNs [30]. More
recent approaches [231] involve feedback mechanisms to reactivate connections
that were prematurely removed.

After-training pruning techniques, which include both structured and unstruc-
tured methods like LMP, are applied once the network has been fully trained.
The immediate effect of pruning can be a loss of performance, which must be
restored through re-training of the sparser model [217]. This often leads to an
iterative process of training, pruning, re-training, and re-pruning. Different meth-
ods vary in their re-training schedules, and there is no clear consensus on which
approach yields the best results. For example, there is debate about whether full
re-training [118, 357], fine-tuning [238], or hybrid methods [484, 468] achieve
higher accuracy. Additionally, the impact of pruning and re-training on the fea-
tures learned by pruned models is still under investigation [9, 10]. From a com-
putational perspective, in-training pruning is advantageous because it requires
only a single training pass. However, after-training methods often achieve higher
performance at high levels of sparsity. Recent research by Liu et al. [237] has sig-
nificantly narrowed this gap by drawing inspiration from biological pruning pro-
cesses, specifically neuroreconstruction—the ability of biological networks to re-
construct previously removed synapses. This work demonstrates that in-training
pruning can achieve performance close to that of dense ANNs. It also intro-
duces a new state-of-the-art for sparse-to-sparse training, which involves training
pruned ANNs with randomly re-initialized parameters. Previously, methods re-
lied on either: (1) re-training a pruned ANN with the same parameters as before,
or (2) re-training a pruned ANN with parameters reverted to their initial values
before the network was trained.

7.2.3 Pruning ANNs in the Context of Neuroevolution

Iterative pruning is challenging to apply in NE, because it does not use an itera-
tive training process like SGD. Instead, NE adjusts the parameters and structure
of the ANN using evolutionary variation operators. There is no traditional train-
ing phase; instead, ANNs undergo random variations in each generation. For ex-
ample, NEAT [401], a key method in NE, employs both crossover and mutation to
facilitate structural growth and weight modification. Typically, when evolving an
ANN with NEAT, the network starts off small and expands as new generations are
produced. This approach contrasts with the common Deep Learning paradigm,
which usually begins with a very large, overparameterized ANN, as larger mod-
els are known for their superior generalization capabilities [309], particularly in
fields like Natural Language Processing (NLP) [48].
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This does not imply that pruning cannot be integrated into the evolutionary
process. For example, Real et al. [354] included a parameter removal phase
(equivalent to pruning) in their evolutionary algorithm. Additionally, Evolution-
ary Acquisition of Neural Topologies (EANT) [183], a variant of NEAT, incorpo-
rates pruning as a method for structural modification of the ANN.

Pruning techniques do not need to be tied to a NE algorithm, as they can be
independent of the training or evolutionary method and decoupled from it, as we
suggest in this work. For instance, Siebel et al. [388] applied pruning to neural
controllers using a technique inspired by [217]. More recently, Gerum et al.
[126] used random pruning on neural controllers and found that it improved
generalization when these controllers were used to navigate agents through a
maze. While this study is perhaps the most similar to ours, our findings differ, as
we observe that random pruning has a negative impact in our experiments.

7.2.4 Pruning Biologically-Inspired ANNs

SNNs are a type of ANN that is more closely aligned with biological neural pro-
cesses compared to traditional ANNs. Building on the insights into human brain
connectivity discussed in Section 7.2.1, several studies have explored pruning in
SNNs. For instance, Iglesias et al. [167] used a criterion similar to CVP to prune
SNNs and analyze the connectivity patterns across various pruning iterations.
Additionally, Shi et al. [387] implemented LMP on SNNs during training but did
not manage to restore the performance of the original, unpruned networks.

7.3 Pruning Techniques

In this work we consider MLPs as ANNs, and consider different forms of pruning.
We limit our focus to MLPs for two main reasons: (1) most works in the literature
consider this type of ANN, as presented in Section 7.2, and (2) more complex
types of ANNSs, though suitable for pruning—e.g., RNNs [127], SNNs [167], or
plastic MLPs [138]—tend to compensate for other factors (as seen in Chapters 3
to 5), which would make the interpretation of results more complex.

Concerning the employed forms of pruning, they share a common working
scheme and differ in three parameters that define an instance of the scheme: the
scope, i.e., the subset of connections that are considered for the pruning, the crite-
rion, defining how those connections are sorted in order to decide which ones are
to be pruned first, and the pruning rate, i.e., the rate of connections in the scope
that are actually pruned. In all cases, the pruning of a connection corresponds to
setting to 0 the value of the corresponding element 6, of the network parameters
vector 6.
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Since we are interested in the effects of pruning of ANNs used as controllers
for robotic agents, we assume that the pruning can occur during the life of the
agent, at a given time ¢,. As a consequence, we may use information related to
the working of the network up to the pruning time, as, e.g., the actual values
computed by the neurons, when defining a criterion.

Algorithm 7.1 shows the general scheme for pruning. Given the vector
of the parameters of the ANN, we first partition its elements, i.e., the connec-
tions between neurons, using the scope parameter (as detailed below): in Algo-
rithm 7.1, the outcome of the partitioning is a list (hq, ..., h,) of lists of indices
of §. Then, for each partition, we sort its elements according to the criterion,
storing the result in a list of indices h. Finally, we set to 0 the 8 elements corre-
sponding to an initial portion of h: the size of the portion depends on the pruning
rate p and is ||ph|].

function prune(6):
(h1,...,h,) < partition(@, scope)
foreach j € {1,...,n} do

h < sort(h;, criterion)

foreach k € {1,...,||ph||} do

‘ th_ +~— 0

end
end
return 0
end
Algorithm 7.1: The algorithm for pruning a vector 8 of ANN parameters
given the parameters scope, criterion, and pruning rate p.

We explore three options for the scope parameter and five for the criterion
parameter; concerning the pruning rate p € [0, 1], we experiment with many
values (see Section 7.4).

For the scope, we have:

* Network: all the connections are put in the same partition.

* Layer: connections are partitioned according to the layer of the destination
neuron.

* Neuron: connections are partitioned according to the destination neuron
(also called post-synaptic neuron).

For the criterion, we have:

* Weight: connections are sorted according to the absolute value of the cor-
responding weight. This corresponds to LMP (see Section 7.2).
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* Signal mean: connections are sorted according to the mean value of the
signal they carried from the beginning of the life of the robot to the pruning
time.

* Absolute signal mean: similar to the previous case, but considering the mean
of the absolute value.

* Signal variance: similar to the previous case, but considering the variance
of the signal. This corresponds to CVP (see Section 7.2).

* Random: connections are sorted randomly.

All criteria work with ascending ordering: lowest values are pruned first. Ob-
viously, the ordering does not matter for the random criterion. When we use
the signal variance criterion and prune a connection, we take care to adjust the
weight corresponding to the bias of the neuron the pruned connection goes to by
adding the signal mean of the pruned connection: this basically corresponds to
making that connection carry a constant signal.

We highlight that the three criteria based on signal are data-driven; on the
contrary, the weight and the random criteria are data-free. In other words,
signal-based criteria operate based on the experience the ANN acquired up to
the pruning time. As a consequence, they constitute a form of adaptation acting
on the time scale of the robot life, that is shorter than the adaptation that occurs
at the evolutionary time scale; that is, they are a form of learning. As such, we
might expect that, on a given robot that acquires different experiences during
the initial stage of its life the pruning may result in different outcomes—similarly
to what we have observed for Hebbian learning and specialization in Chapter 5.
Conversely, the weight criterion always results in the same outcome, given the
same robot. In principle, hence, signal-based criteria might result in a robot be-
ing able to adapt and perform well also in conditions that are different than those
used for the evolution.

7.4 Experimental Evaluation

We perform various experiments to the extent of answering to the following ques-
tions:

1. Is the evolution of effective VSR controllers hindered by pruning? What are
the factors that mostly influence the effects of pruning?

2. Does pruning have an impact on the adaptability of the evolved VSR con-
trollers to different tasks? Is the impact of pruning dependent on the same
factors highlighted before?
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3. Can evolution find a path towards VSR controllers that are life-long effec-
tive, i.e., effective both before and after pruning? How do these controllers
perform in terms of adaptability?

For answering these questions, we experiment evolving the controller param-
eters of various combinations of controller architectures, ANN topologies, and
VSR morphologies. During the evolution, we enable different variants of prun-
ing, including, as a baseline, the case of no pruning. We consider the task of
locomotion, in which the goal for the robot is to travel as fast as possible on a
terrain. We describe in detail the experimental procedure and discuss the results
in Section 7.4.2. We re-evaluate each evolved VSR on different terrains to mea-
sure its adaptability, as described in Section 7.4.3. In order to evaluate whether a
VSR can evolve to be effective both with and without pruning, we repeat the ex-
perimental procedure presented before, with some minor variations, thoroughly
detailed in Section 7.4.4.

For evolved VSRs, we also examine the resulting behaviors, performing a sys-
tematic analysis based on the features proposed by Medvet et al. [263], which
should capture the different gaits achieved by VSRs. We provide a brief descrip-
tion of the analysis pipeline and of the aforementioned features together with the
obtained results in Section 7.4.5.

In order to reduce the number of variants of pruning to consider when an-
swering to the aforementioned questions, we first perform a set of experiments
to assess the impact of pruning in a static context, i.e., in MLPs not subjected
to evolutionary optimization and not used to actually control a VSR. We refer to
these conditions as static and disembodied and present the experiments and the
corresponding findings in the next section.

7.4.1 Characterization of Pruning Variants in Static and Dis-
embodied Conditions

First, we aim at evaluating the effect of different forms of pruning on ANNs in
terms of how the output changes with respect to no pruning, given the same
input. In order to make this evaluation significant with respect to the use case of
this study, i.e., ANNs employed as controllers for VSRs, we consider ANNs with
topologies that resemble the ones used in the next experiments and feed them
with inputs that resemble the readings of the sensors of a VSR doing locomotion.

For the ANN topology we consider three input sizes mo € {10,25,50} and
three depths i* € {0, 1,2}, resulting in 3-3 = 9 topologies, all with a single output
neuron (see Section 2.2.1 for more context on parameters). For the topologies
with hidden layers, we set the hidden layer size to the size of the input layer. In
all cases we employ tanh as activation function. In terms of the dimensionality
p of the vector 6 of the parameters of the ANN, the consider ANN topologies
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correspond to values ranging from p = (10 + 1) - 1 = 11, for mp = 10 and [* = 0,
top=(50+1)-(50+1) (50 +1)-1 = 132651, for my = 50 and I* = 2,
where the +1 is the bias. We instantiate 10 ANNs for each topology, setting 6 by
sampling the multivariate uniform distribution U([—1,1])? of appropriate size,
hence obtaining 90 ANNs.

Concerning the input, we feed the network with sinusoidal signals with differ-
ent frequencies for each input, discretized in time with a time step of At = 1/10s.
Precisely, at each time step h, with t = hAt, we set the ANN input to ("), with

2" = sin (hAt>, and we read the single output y*) = fo (™).

41
We consider the 3 - 5 pruning variants (scope and criteria) and 20 values for
the pruning rate p, evenly distributed in [0,0.75]. We take each one of the 90
ANNs and each one of the 300 pruning variants, we apply the periodic input for
10, triggering the actual pruning at ¢, = 5s, and we measure the mean absolute
difference e between the output fp (x(")) during the last 5s, i.e., after pruning,
and the output f; (z(®) of the corresponding unpruned ANN:

h=100

E e ) e

h=50

Figure 7.1 summarizes the outcome of this experiment. It displays one plot
for each ANN topology (i.e., combination of I* and m() and one line showing
the mean absolute difference e, averaged across the 10 ANNs with that topology,
vs. the pruning rate p for each pruning variant: the color of the line represents
the criterion, the line type represents the context. Larger ANNs are shown in the
bottom right of the matrix of plots.

From Figure 7.1 we can make the following observations. First, the criterion
used for pruning (indicated by the color of the line in Figure 7.1) has the most
significant impact on the output of the pruned ANN. Criteria based on weight
and absolute signal mean consistently yield lower values for the error difference
e, regardless of the scope and pruning rate. Conversely, using the signal mean
criterion results in larger values of e even at low pruning rates; beyond p > 0.1,
e does not seem to increase further. Interestingly, the random criterion gener-
ally has a less negative impact on e compared to the signal mean criterion. This
result can be attributed to the nature of the input provided to the ANNs, which
consist of sinusoidal signals. Since the mean of periodic signals with a period
shorter than the time before pruning is close to 0, connections that carry relevant
information tend to be pruned. We choose sinusoidal signals for this study be-
cause they simulate the sensor readings a VSR might collect during locomotion,
especially when performing repetitive gaits, which are characterized by repeated
movements over time.
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p p p
— weight — signal mean — abs. signal mean
— signal variance — random
— network - - layer -+ neuron

Figure 7.1: Mean absolute difference ¢ between the output of a pruned ANN
and the output of the corresponding unpruned ANN vs. the pruning rate p, for
different ANN structures and with different pruning criteria (color) and scopes
(linetype).

- 118 -



7.4 Experimental Evaluation

Second, there appear to be no significant differences among the three values
for the scope parameter. As anticipated, for shallow ANNs (with [* = 0), the
scope parameter has no effect since there is only one layer and a single output
neuron, which serves as the destination for all connections.

Third, the pruning rate p affects e as expected: generally, a higher p leads to a
larger e. However, the relation between e and p varies depending on the pruning
criterion. For the weight and absolute signal mean criteria, Figure 7.1 indicates a
linear relation. In contrast, for other criteria, e increases rapidly with p and then
stabilizes (as seen with the signal mean criterion) or increases more slowly (as
observed with the signal variance and random criteria).

Fourth and finally, the topology of the ANN seems to have a minimal effect on
the impact of pruning. The depth of the ANN (I*) appears to have only a slight
influence on the differences among pruning variants: deeper networks tend to
show less clear distinctions. Regarding the number of inputs (my), Figure 7.1
does not provide sufficient evidence to draw any strong conclusions.

Based on the results of this experiment, summarized in Figure 7.1, we decide
to consider only weight, absolute signal mean, and random criteria and only the
network scope for the next experiments.

To better understand the actual impact of the chosen pruning variants on the
output y) of an ANN, we show in Figure 7.2 the case of two ANNs. The figure
shows the value of the output of the unpruned ANN (in gray), when fed with
the input described above (up to ¢ = 20s), and the outputs of the 3 - 4 pruned
versions of the same ANN, according to the three chosen criteria and four values
of p.

7.4.2 Impact on the Evolution

In order to understand if the evolution of VSR controllers is hindered by pruning,
we perform various experiments. First, we evaluate the effect of pruning on
different controller architectures and ANN topologies. To this extent, we evolve
nine VSR controllers, resulting from the combination of three architectures and
three ANN topologies, and one morphology.

We experiment with the following controller architectures, among those pre-
sented in Section 2.1.3. First, we consider the centralized controller. Then, we
consider two variants of the distributed controller with explicit communication,
which we call homo-distributed and hetero-distributed. In the former, the ANNs
of all voxels are the same, whereas in the latter each voxel has its own ANN. In all
cases, since we consider stateless ANNs, the MLP implements the output function
of the controller. Concerning the parameters, for the centralized controller and
the homo-distributed one, the vector 6 corresponds to the vector of the weights
of the MLP, whereas for the hetero-distributed controller, 8 is the concatenation
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y™ @(10,0)

y") @(100, 2)

e Py g 1

t = hAt
— unpruned = - weight - abs. signal mean =~ - random
—p=0 - p=0.25 — p=05 -+ p=0.75

Figure 7.2: Comparison of the output of pruned and unpruned versions of two
ANNs of different structures: mg = 10, I* = 0, above, and my = 100, I* = 2,
below. Pruning occurs at ¢, = 5s.

of the parameters of each MLP, 6 = [0, 05 ... 0,,]—n being the number of voxels
of the VSR.

We combine each of these with different ANN topologies, considering ANNs
with [* € {0,1,2}. For the ANNs with hidden layers, we set the size of those
layers to match the size of the input layer. Regarding the distributed controllers,
we set n. = 2, and for the hetero-distributed architecture we keep the ANN
topology homogeneous throughout the entire VSR. In all cases we employ tanh
as activation function in the ANNs.

Concerning the VSR morphology, we employ the biped, B, which consists of
10 voxels arranged in a 4 x 3 grid. We experiment with two different sensor con-
figurations: uniform, where each voxel is equipped with velocity (both vertical
and horizontal), touch, and area sensors (shown in Figure 7.3a); and rich, with
area sensors in each voxel, velocity sensors (both vertical and horizontal) in the
voxels in the top row, touch sensors in the voxels in the bottom row, and proximity
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sensors (with directions —47, —&7, 0, §7, ;7 with respect to the voxel positive
x-axis) in the voxels of the rightmost column (shown in Figure 7.3b). These two
configurations result in 40 and 35 overall sensor readings, respectively.

(a) Biped, uniform (b) Biped, rich (¢) Worm, rich
@ area O touch @ z-velocity O y-velocity O proximity

Figure 7.3: VSR morphologies and sensory apparatuses.

We combine the rich configuration with the centralized and with the hetero-
distributed controller architectures, whereas we use the uniform configuration
in conjunction with the homo-distributed architecture due to its requirements
of having the same amount of sensors in each voxel. Table 7.1 summarizes the
number of parameters to be optimized for each VSR controller we evolve.

[* Centralized Hetero-dist. Homo-dist.

0 360 1125 117
1 1620 2623 273
2 2880 4121 429

Table 7.1: Number of parameters to be optimized for each controller architecture
and ANN topology.

For each of the nine combinations of controller architecture and ANN topol-
ogy, we use three different pruning criteria: weight, absolute signal mean, and
random, all with network scope, as thoroughly described in Section 7.3. For each
criterion, we employ the following pruning rates: p € {0.125,0.25,0.5,0.75}.
We remark that for distributed controllers we apply pruning separately for each
voxel ANN. Furthermore, we evolve, for each combination, a controller without
pruning to have a baseline for meaningful comparisons.

To perform evolution we use the ES of Algorithm 2.2 with the following pa-
rameters: npop = 48, Nevals = 20000, Nelite = Npop/4 = 12, and o = 0.35. We
optimize VSRs for the task of locomotion: the goal of the VSR is to travel as
fast as possible on a terrain along the positive xz-axis. We quantify the degree
of achievement of the locomotion task of a VSR by performing a simulation of
duration t; and measuring the VSR average velocity v,, discarding the initial
transitory of duration ¢;. In the ES we hence use v, as fitness for selecting the
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best individuals. We set t; = 60s and ¢; = 20s to discard the initial transitory
phase. For the controllers with pruning, we set the pruning time at ¢, = 20s:
this way the evaluation of the fitness of the VSR only takes into consideration
the velocity after pruning. In Section 7.4.4, instead, we investigate the effects
of determining the VSR fitness considering both the pre- and the post-pruning
velocities (t; < tp,).

For favoring generalization, we evaluate each VSR on a different randomly
generated hilly terrain, i.e., a terrain with hills of variable heights and distances
between each other. To avoid propagating VSRs that were fortunate in the ran-
dom generation of the terrain, we re-evaluate, on a new terrain, the fittest indi-
vidual of each generation before moving it to the population of the next genera-
tion.

For each of the 3-3- (3 -4 + 1) combinations of controller architecture, ANN
topology, pruning criterion, and pruning rate (the +1 being associated with no
pruning) we perform 10 independent, i.e., based on different random seeds, evo-
lutionary optimizations of the controller. We hence perform a total of 1170 evo-
lutionary optimizations. We use 2D-VSR-Sim [261] for the simulation, setting all
parameters to default values.

Impact of the Controller Architecture and the ANN Topology

Figure 7.4 summarizes the findings of this experiment. In particular, the plots
show how the pruning rate p impacts the fitness of the best individual of the
last generation, for the different controller architectures and ANN topologies em-
ployed in the experiment.

The most striking aspect of the plots is that individuals whose controllers were
pruned using the weight or absolute signal mean criteria significantly outperform
those subjected to random pruning. This finding indicates that random pruning
during each fitness evaluation is detrimental to the evolutionary process. In fact,
individuals with strong genotypes might perform poorly if critical connections
are removed, while others could excel due to a fortuitous pruning, potentially
distorting the selection of the fittest individuals for survival and reproduction.
Furthermore, Figure 7.4 confirms that the heuristics based on weight and abso-
lute signal mean criteria (see Section 7.3) effectively identify and remove less
crucial connections, thereby minimizing the negative impact of pruning.

Additionally, when comparing the subplots in Figure 7.4, there are no signif-
icant differences between the rows. This suggests that the architecture of the
controller does not play a crucial role in determining the impact of pruning on
its performance.

Similarly, different ANN topologies do not appear to be affected differently
by pruning, as there are no clear distinctions between the columns of the plots.
However, the first subplot does stand out, as the trend of the lines suggests that
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Figure 7.4: Fitness v, of the best individual (median and inter-quartile range
across the 10 repetitions) vs. pruning rate p, for different pruning criteria (color),
controller architectures (plot row), and ANN topologies (plot column).
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pruning might have a beneficial effect on the centralized controller architecture
with no hidden layers. Despite this, the wide inter-quartile range indicates that
the distribution of fitness v, is spread over a large interval, making it difficult to
draw any definitive conclusions about the potential benefits of pruning for this
controller.

For all other subplots, we observe that a higher pruning rate p generally leads
to weaker controller performance. This outcome aligns with expectations, as in-
creasing p means more connections are removed from the ANN, thereby reducing
its expressiveness. Nevertheless, controllers pruned using an appropriate heuris-
tic have evolved to achieve results comparable to those that were not pruned
during their evolution, which serves as the baseline. To further analyze this, we
perform a Mann-Whitney U test with the null hypothesis that, for each combi-
nation of controller architecture, ANN topology, pruning criterion, and pruning
rate p, the distribution of the best fitness is the same as that of the corresponding
baseline controller. The baseline refers to a controller with the same architecture
and ANN topology but evolved without pruning. The test results show that the
p-value is greater than 0.05 in 66 out of 108 cases, suggesting that in these in-
stances, pruning does not significantly affect the performance compared to the
baseline.

Impact of the VSR Morphology

Given the lack of significant differences between the centralized and distributed
controller architectures, we decide to focus on evaluating the impact of pruning
on various VSR morphologies using only the centralized controller architecture.
To achieve this, we perform the evolutionary optimization of three additional
VSRs, combining each of the three ANN topologies used in the previous experi-
ment with the worm morphology.

Such morphology consists of 10 voxels arranged in a 5 x 2 grid, E#8. We equip
the VSR with the rich sensor configuration, similarly to what we have done in the
previous experiment with the centralized controller architecture and the biped
morphology (see Figure 7.3c). The amount of parameters to be optimized is the
same as in the first column of Table 7.1, as the two VSR morphologies share the
same amount of voxels and sensor readings, hence the number of inputs and
outputs of the controller ANNs is the same in both cases.

We repeat the exact experimental pipeline as before, employing the same
pruning criteria and pruning rates, without changing any hyper-parameter. For
each of the 3 (3 -4 + 1) combinations of ANN topology, pruning criterion, and
pruning rate, we perform 10 independent evolutionary optimizations, for a total
of 390 runs.

The results are displayed in Figure 7.5, together with the outcomes of the
previous experiment for the centralized controller architecture for the biped mor-
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phology. The conclusions we can draw from this matrix of plots are rather similar
to what we have observed for Figure 7.4, both in terms of pruning criteria and in
terms of differences among the various ANN topologies employed. We can assess
the effect of pruning on different VSR morphologies by comparing the rows of
the figure, deducing that the biped and the worm are impacted in a substantially
equal manner by pruning.
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Figure 7.5: Fitness v, (median and inter-quartile range across the 10 repetitions)
vs. pruning rate p, for different pruning criteria (color), VSR morphologies (plot
row), and ANN topologies (plot column).

As before, controllers pruned with a proper heuristic achieve results compara-
ble to those who have not undergone pruning during their evolution. To confirm
this, we perform a Mann-Whitney U test with the null hypothesis that, for each
combination of VSR morphology, ANN topology, pruning criterion, and pruning
rate p, the distribution of the best fitness is the same as obtained from the cor-
responding baseline controller, i.e., with the same VSR morphology and ANN
topology, evolved without pruning, and we find that the p-value is greater than
0.05 in 30 out of 72 cases.
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Pruning After the Evolution

Based on the results of Figure 7.4 and Figure 7.5, we speculate that controllers
pruned with weight and absolute signal mean criteria are robust to pruning be-
cause they result from an evolution in which VSRs are subjected to pruning,
rather than because those kinds of pruning are not particularly detrimental per
se. To test this hypothesis, we carry out an additional experiment. We take the
best individuals of the last generations for the centralized controller with the
biped morphology and we re-assess them (on a randomly generated hilly terrain
similar to the one used in evolution). For the individuals evolved without prun-
ing, we perform 3 - 4 additional evaluations, introducing pruning after ¢, = 20s
with the previously mentioned 3 criteria and 4 rates p.

Figure 7.6 shows the outcome of this experiment, i.e., v, on the re-assessment
plotted against the re-assessment pruning rate p for both individuals evolved with
(solid line) and without (dashed line) pruning. The foremost finding is that indi-
viduals evolved with pruning visibly outperform the ones whose ancestors have
not experienced pruning, for almost all pruning rates. This corroborates the ex-
planation we provided above, that is, VSRs whose ancestors evolved experiencing
pruning are more robust to pruning than VSRs that evolved without pruning.

=0 =1 *=2

Uz

P p P
— weight — abs. signal mean — random
— evolved w/ pruning - - evolved w/o0 pruning

Figure 7.6: Median and inter-quartile range of re-assessment velocity v, vs. re-
assessment pruning rate p of individuals evolved with and without pruning for
different ANN topologies for the centralized controller and biped morphology.

Besides analyzing the aggregate results, we also examine the behavior of a
few evolved VSRs in a comparative way, i.e., with and without pruning in re-
assessment. We find that, interestingly, in some cases the VSR starts to move
effectively only after pruning: this might suggest that pruning shaped the evolu-
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tionary path at the point that the lack of pruning becomes detrimental, similarly
to what happens in the brain of complex animals (as described in Section 7.2).
We provide videos of a few VSRs exhibiting a change in their behavior after prun-
ing!. We speculate that choosing ¢; = t, might be a contributing cause to this
neat behavioral shift, hence in Section 7.4.4 we investigate the effects of setting
t; <:tp.

7.4.3 Impact on the Adaptability

For the sake of this question, we define VSR controllers as adaptable if they are
able to effectively accomplish locomotion on terrains that none of their ancestors
ever experienced locomotion on. Hence, to assess the adaptability of evolved
controllers, we measure the performance in locomotion of the best individuals of
the last generations on a set of different terrains. We experiment with the fol-
lowing terrains, also shown in Figure 3.6: (1) flat, (2) hilly with 6 combinations
of heights and distances between hills, (3) steppy with 6 combinations of steps
heights and widths, (4) downhill with 2 different inclinations, and (5) uphill with
2 different inclinations. As a result, each individual is re-assessed on a total of
17 different terrains. Note that, in this experiment, controllers are not altered in
between evolution and re-assessment, i.e., they are re-evaluated with the same
pruning criterion, if any, and pruning rate p as experienced during evolution.

Figure 7.7 displays the outcome of this experiment. Namely, for each of the
different controller architectures, VSR morphologies, ANN topologies, and prun-
ing criteria, the re-assessment velocity v, (averaged on the 17 terrains) is plotted
against the pruning rate p. The results in Figure 7.7 are coherent with the find-
ings of Section 7.4.2: comparing the subplots, we can conclude that neither the
controller architecture nor the morphology of the VSR are relevant in determin-
ing the effect of pruning on adaptability, whereas the ANN topology is some-
what of impact. Specifically, for shallow networks, pruning seems to enhance
adaptability for the centralized controller architecture, whereas it has a slightly
detrimental effect in all other cases.

Anyway, for controllers evolved employing weight or absolute signal mean
pruning criteria, the re-assessment results are comparable to those of controllers
evolved without pruning. We perform a Mann-Whitney U test with the null hy-
pothesis that, for each combination of controller architecture, VSR morphology,
ANN topology, pruning criterion, and pruning rate p, the distribution of the av-
erage re-assessment velocities across all terrains is the same as the one obtained
from the re-assessment of the corresponding baseline controller, i.e., with the
same VSR morphology and ANN topology, evolved without pruning, and we find

Ihttps://youtu.be/-HCHDEb9azY, https://youtu.be/o0tJKri6vyw, https://youtu.be/
uwrtNezTrx8
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that the p-value is greater than 0.05 in 79 out of 144 cases.

7.4.4 Life-long Effectiveness

In the previous experiments, the behavior of the VSR before the pruning played
no role in determining the fitness of the robot, hence in driving the evolution.
To determine whether evolution can find a path towards VSR controllers that are
life-long effective, we repeat the experimental pipeline described in Section 7.4.2,
setting ¢; = 5s and ¢, = 20s for the velocity v, calculation—we still “discard”
the first 5s of each simulation to avoid considering transient behaviors. This
way, the VSR fitness is computed by taking into account both phases of the life
of the VSR, before and after the occurrence of pruning. Such procedure has
stronger biological resemblance than discarding the pre-pruning life for fitness
computation, as in nature the survival and mating likelihoods are estimated on
the entire lifespan of an individual, and not only after full brain development.

Since in Sections 7.4.2 and 7.4.3 we have noticed no significant differences
between the controller architectures, VSR morphologies, and ANN topologies, for
this analysis we only experiment with the centralized controller architecture with
an ANN with one hidden layer on the biped morphology. Again, we perform 10
independent evolutionary optimizations, each based on a different random seed.

Figure 7.8 displays the results for this experiment (right plot), paired with
those obtained with the corresponding configuration from Section 7.4.2 (left
plot). Namely, for each pruning criterion the median and the inter-quartile range
of velocity at the end of evolution v, are plotted against the pruning rate. Ob-
serving the plots we can answer affirmatively to our third question: evolution has
indeed managed to find a successful path towards controllers that can perform
effectively both before and after pruning. Comparing the two plots of Figure 7.8
there are no outstanding differences, so we can draw similar conclusions as in
Section 7.4.2, in the sense that pruning remains not significantly detrimental,
provided that it is applied with proper heuristics and not randomly.

To gain further insights, we consider the velocity of the evolved VSRs sep-
arately for the two phases of life (before and after pruning). We compute the
pre-pruning velocity using ¢; = 5s and t; = 20s and the post-pruning velocity
with ¢; = 20s and ¢y = 60s. The results are shown in Figure 7.9, where, simi-
larly as before, the velocity is plotted against the pruning rate for each pruning
criterion applied. In the plots, the solid line indicates the pre-pruning velocities,
while the dashed line represents the post-pruning velocities. Comparing the two
lines for each criterion, we can note that for the weight and absolute signal mean
criteria there is a small gap between the two lines, which indicates that most of
the controllers abilities are retained after pruning. Contrarily, for the random cri-
terion there is a significant performance decrease after the occurrence of pruning,
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Figure 7.7: Median and inter-quartile range of re-assessment velocity v, vs. prun-
ing rate p averaged across re-assessment terrains for different pruning criteria,
VSR controller architectures, VSR morphologies, and ANN topologies.
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t; =t, = 20s t; =5s,t, =20s
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Figure 7.8: Fitness v, (median and inter-quartile range across the 10 repetitions)
vs. pruning rate p, for controllers evolved with ¢; = ¢, = 20s (first column) and
controllers evolved with ¢; = 5s and ¢, = 20s (second column). Both controllers
share the centralized architecture, the ANN topology with /* = 1, and the biped
morphology.

which is in line with the previous findings (Section 7.4.2). We explain this re-
sult as follows: since random pruning acts differently on individuals of the same
evolutionary lineage, evolution is not able to “guarantee” good performance af-
ter pruning. However, since it is driven also by the performance before pruning,
evolution produces controllers that are effective in terms of pre-pruning velocity.
Put simply, with random pruning only one of the two objective in a bi-objective
evolutionary optimization is actually improvable.

Having observed that, similarly to biological organisms, controllers can evolve
to be effective both before and after pruning, we decide to investigate the perfor-
mance of such controllers also in terms of adaptability. To this extent, we repeat
the experimental pipeline described in Section 7.4.3.

Figure 7.10 shows the re-assessment velocities for this experiment (right),
paired with those obtained with the corresponding configuration in Section 7.4.3
(left). From the comparison of the two subplots, individuals that are evolved in
a more biologically plausible fashion, i.e., taking into account both the pre- and
post-pruning velocities for fitness evaluation, seem to be slightly more adaptable
than those whose evolution was carried out considering only the post pruning
performance. However, the difference between the two plots is not significant,
hence we cannot draw sharp conclusions on this.
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Figure 7.9: Median and inter-quartile range of velocity v, vs. pruning rate p
of individuals before (solid line) and after (dashed line) pruning for different
pruning criteria (color).

7.4.5 Behavior Analysis

Having observed that pruning does not significantly affect the velocities of VSRs
in locomotion, we decide to investigate its behavioral impact. Namely, we aim at
systematically evaluating whether the pre- and post-pruning behaviors of VSRs
are substantially different. To this extent, we rely on a consolidated data analysis
procedure consisting of (1) feature extraction, (2) dimensionality reduction, and
(3) visualization.

The features we employ to capture a VSR behavior in locomotion [263] are
based on the movement of the center of mass of the VSR over time and on the
way the VSR touches the ground during gait, i.e., its footprints. Here we provide
just a brief description of the feature extraction procedure—we refer the reader
to [263] for further details.

Concerning the center of mass movement, we extract its signals on the z- and
y-axis from a sequence of snapshots—a snapshot is the description of the spatial
configuration of every voxel of the VSR at a given time step—and we compute
the signals of their first differences. From these, we calculate the FFTs, from
which we take the magnitude and we filter out frequency components not in
the range [0Hz, 10 Hz]. Last, we re-sample the obtained signals to have ngeq =
100 components for each axis, constituting the final feature vector related to the
center of mass movement. This part of the pipeline is similar to that employed in
Chapter 3.
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Figure 7.10: Average re-assessment velocity v, (median and inter-quartile range
across the 10 repetitions) vs. pruning rate p, for controllers evolved with ¢; =
t, = 20s (first column) and controllers evolved with ¢; = 5s and ¢, = 20s
(second column). Both controllers share the centralized architecture, the ANN
topology with [* = 1, and the biped morphology.

Regarding the footprints, for each snapshot at each time step %k, we project
the minimal bounding square of the VSR on the z-axis, i.e., the smallest square
parallel to the z-axis that completely contains the VSR, and we partition the
projection in 8 equal sections, from which we build a binary vector (of size 8),
the footprint, where each element is set to 1 if the VSR is touching the ground
for more than half of the corresponding segment. To extract some features from
the footprints, we consider a sequence of snapshots, which we process in the
following way:

1. We split it in a sequence of non-overlapping subsequences, each corre-
Sponding to Atfootprint =0.5s.

2. We compute the sequence M of footprints, where each element is obtained
as the element-wise mode of the footprints in the corresponding subse-
quence;

3. We consider all the non-overlapping n-grams of footprints in M, 2 < n < 10
occurring at least twice, we compute their overall duration and we select
the main n-gram M™* as the one with the longest overall duration.

4. We process M* to obtain the following descriptors: average touch area of
the footprints in M*, overall duration of all M* occurrences, length of the
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main n-gram |M*|, mode of the intervals between consecutive occurrences
of M*, and rate of intervals that are equal to the mode.

We obtain the feature vector related to the footprints of the VSR through the
concatenation of the features extracted from M*.

Given the concatenation of the feature vectors of the center of mass move-
ment and of the footprints, we perform dimensionality reduction using the PCA
from 25 to 2 components, in order to visualize the results in scatter plots.

We exploit the aforementioned analysis pipeline to evaluate the impact of
pruning on the behavior of a VSR. In addition, we investigate whether chang-
ing the beginning evaluation time ¢, with respect to the pruning time ¢, results
in more or less visible behavioral differences. To this extent, we focus on the
VSR configuration employed both in Section 7.4.2 and Section 7.4.4, namely, the
biped morphology with the centralized controller architecture with an ANN with
1 hidden layer.

For each evolved VSR, we extract the behavior features in a re-assessment
performed on flat terrain, in order to minimize the impact of any terrain irregu-
larities on the features. To distinguish pre- and post-pruning behaviors, we per-
form the feature extraction on two separate intervals of the VSR lifetime: before
pruning, from 5s to 20s, and after pruning, from 20s to 60s.

The results are shown in the scatter plots of Figures 7.11 and 7.12, for VSRs
evolved with ¢; = t, = 20s (i.e., with the evolution driven only by post-pruning
performance) and ¢; = 5s and ¢, = 20s (i.e., with the evolution driven by life-
long performance), respectively. Each point in the scatter plot corresponds to a
behavior defined by the aforementioned features, its size depends on the velocity
achieved by the VSR in the evaluation interval.

When comparing the two figures, the most notable observation is that in
Figure 7.11, the distributions of behaviors post-pruning appear to diverge more
from the pre-pruning behavior distributions. This is in contrast to Figure 7.12,
where the two distributions generally exhibit greater overlap, especially at lower
pruning rates. To explain this result, we consider that the VSRs in Figure 7.11
are evolved with ¢; = ¢, = 20s, meaning that the fitness evaluation does not
account for the robot behavior before pruning. We hypothesize that, under
these conditions, evolution favors a post-pruning behavior that is reasonable but
does not prioritize pre-pruning performance. Consequently, there is a more pro-
nounced shift between pre- and post-pruning behaviors. In contrast, the VSRs
in Figure 7.12 were evolved with ¢, = 5s, emphasizing consistent performance
throughout the robot lifespan. This likely explains the smaller shift in behaviors,
as the VSRs are selected to perform well both before and after pruning.

Focusing on Figure 7.12, it is evident that at higher pruning rates, the pre- and
post-pruning distributions tend to diverge more noticeably. However, even for
VSRs whose controllers are not subjected to pruning (first column, p = 0), there
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Figure 7.11: Scatter plots of the first two components resulting from the PCA
analysis of the features described in Section 7.4.5 for the biped VSR with a cen-
tralized controller. Each subplot corresponds to a pruning criterion (row) and a
pruning rate p (column); pruning is applied at ¢, = ¢; = 20s. The color of the
bubble indicates whether the evaluation of velocity and feature extraction are
performed before or after the occurrence of pruning, while the size of the bubble
is proportional to the achieved velocity v,.

is still a small but notable shift in behavior. Additionally, the diversity among
behaviors of different robots evolved and reassessed under the same conditions
(i.e., markers of the same color within the same plot) is quite significant. Given
these observations, it is difficult to identify a clear overall trend regarding the
impact of pruning on the behavior of evolved VSRs.

Regarding the behavioral shifts caused by different pruning criteria, the plots
do not allow us to draw any definitive conclusions. When comparing the rows
of Figure 7.12, we observe that with pruning rates p < 0.25, the greatest devia-
tion is induced by the absolute signal mean criterion, although the VSRs largely
retain their functionality. However, at higher pruning rates, the shifts caused by
all criteria appear to be similar. Despite this, VSRs pruned using a well-chosen
heuristic tend to maintain their velocities, whereas those subjected to random
pruning experience a notable decline in performance.
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Figure 7.12: Scatter plots of the first two components resulting from the PCA
analysis of the features described in Section 7.4.5 for the biped VSR with a cen-
tralized controller. Each subplot corresponds to a pruning criterion (row) and a
pruning rate p (column); pruning is applied at ¢, = 20s (¢; = 5s). The color
of the bubble indicates whether the evaluation of velocity and feature extraction
were performed before or after the occurrence of pruning, while the size of the
bubble is proportional to the achieved velocity v,.

7.5 Concluding Remarks

In this chapter, we explored the impact of integrating pruning into the evolution
of neural controllers for VSRs. Our goal was to determine whether this biolog-
ically inspired technique could enhance adaptability in artificial agents, similar
to its effects in living organisms, or if it would be detrimental to the evolved
individuals. To achieve this, we focused on the task of locomotion and evolved
the controllers for VSRs using various pruning criteria and rates. Our study en-
compassed three types of controller architectures, two VSR morphologies, three
ANN topologies, and two types of fitness measures (post-pruning and life-long).
We also performed a behavioral analysis, examining frequency-domain and gait
features.
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Our results showed that applying pruning at a moderate rate with an appro-
priate criterion during evolution can produce individuals comparable to those
evolved without pruning, and can even enhance their robustness to pruning.
Additionally, controllers evolved with pruning demonstrated similar adaptabil-
ity to new tasks, such as locomotion on unfamiliar terrains, compared to those
evolved without pruning. Thus, we concluded that pruning can effectively re-
duce network complexity without compromising the performance of the evolved
controllers.
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Exploring the Notion of
Interpretability in the
Control of Embodied

Agents

In this part of the thesis, we delve into the concept of interpretability, specifically
examining how to achieve interpretability in the control of embodied agents
without compromising their performance.

We begin by focusing on the subjective nature of interpretability in Chap-
ter 8. Using a human-in-the-loop system with both real and simulated users, we
investigate the factors that influence the perceived interpretability of a model.
Then, in Chapters 9 and 10, we utilize graph-optimization techniques to synthe-
size interpretable controllers for various types of robots. In the former chapter,
we compare a bi-objective optimization approach that balances performance and
interpretability against a performance-focused optimization where interpretabil-
ity is expected to naturally emerge. In the latter chapter, we explore solution
diversity as a means to simultaneously enhance performance and interpretability.
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Interpretable Symbolic
Regression Models with
Human-in-the-Loop

nterpretability is essential for ensuring the fair and responsible application of
Machine Learning (ML) in high-stakes scenarios. Genetic Programming (GP) is
often employed to create interpretable ML models due to its operation at the level
of functional building blocks. However, the interpretability of a model can vary de-
pending on the observer. To address this, we explore a human-in-the-loop system
that allows users to guide the GP generation process according to their preferences,
which are learned online by an Artificial Neural Network (ANN). First, we develop
more generalized representations of ML models for the ANN to learn from, broad-
ening the system applicability to various problems. Second, we conduct a detailed
analysis of the system components. Specifically, we propose an incremental experi-
mental evaluation to: (1) assess how effectively an ANN can capture perceived inter-
pretability from simulated users, (2) examine how different simulated user feedback
profiles influence the GP outcomes, and (3) determine if human participants prefer
models generated with their involvement over those without. Our findings provide
insight into the advantages and limitations of using a human-in-the-loop approach
to discover interpretable ML models with GP.

This chapter is based on the following publication: G. Nadizar*, L. Rovito*, A. De Lorenzo, E. Medvet,
and M. Virgolin (* shared first co-author). An analysis of the ingredients for learning interpretable
symbolic regression models with human-in-the-loop and genetic programming. ACM Transactions on
Evolutionary Learning, 2024 [303].
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8.1 Introduction

In recent years, it has become evident that irresponsible use of ML models can
pose significant risks [176]. To address this issue, the field of Explainable Ar-
tificial Intelligence (XAI) focuses on methods for explaining model predictions
and enhancing interpretability, as well as developing models that are inherently
interpretable [2, 134]. The need for XAI research is accentuated by the pres-
ence of highly complex opaque models in high-stakes real-world applications,
where users must thoroughly interact with these models to analyze and under-
stand their predictions. Current consensus suggests that methods for explaining
opaque models have limitations, depending on their underlying assumptions, and
should be used cautiously [282, 283]. If the data permits the discovery of an in-
terpretable model that achieves high accuracy, it is generally preferable to use
this interpretable model over an opaque alternative [367].

GP is an Evolutionary Computation (EC) algorithm used to find interpretable
models, such as formulae, Decision Trees (DTs), rule sets, or computer pro-
grams [202]. GP operates by initializing a population of (typically) random mod-
els made up of basic operations or instructions, and then evolving this population
through stochastic recombination or mutation, with survival of the fittest deter-
mining which models are retained. If the basic operations involved are clearly
understandable and GP discovers an accurate model, there is a chance that the
resulting model is also interpretable, meaning it consists of a limited number
of operations arranged in an understandable way. However, relying solely on
chance to discover interpretable models is unlikely to yield satisfactory results.

To guide GP towards finding interpretable models, we need to define an ob-
jective function that serves as a proxy for interpretability. Unfortunately, inter-
pretability is inherently subjective—it varies based on the specific application and
the user’s background [31, 235]. Additionally, different applications might re-
quire balancing model accuracy with interpretability in various ways, depending
on the context and stakes involved [146, 122].

Virgolin et al. [447] tackled the challenge of the subjective nature of inter-
pretability using a GP-based human-in-the-loop system known as Model Learning
with Personalized Interpretability Estimation (ML-PIE). This system employs GP in
a multi-objective setting, where one objective is the accuracy of the model and
the other is a proxy for interpretability, represented through an ANN. The ANN
is trained using feedback from the user, which is provided via a Graphical User
Interface (GUI) during the GP evolutionary process. Specifically, users are shown
pairs of models (from those generated by the ongoing GP process) and are asked
to indicate which model they find more interpretable based on their personal un-
derstanding of interpretability. Over time, the ANN learns to approximate user
preferences, and users tend to favor models generated by ML-PIE compared to
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Figure 8.1: Schematic view of ML-PIE. In the green rectangles, we highlight the
questions we tackled in this study.

those produced by non-personalized methods. Figure 8.1 illustrates ML-PIE, de-
tailing its main components and phases.

While the proposal by Virgolin et al. [447] shows promise, it has several lim-
itations. Firstly, the system, particularly the ANN component, was specifically
designed for Symbolic Regression (SR) models. For instance, it uses features
such as the count of basic arithmetic operations (e.g., +, —, X, =). It is uncertain
whether ML-PIE would perform effectively with more general features applica-
ble to other types of models, such as DTs or rule sets. Secondly, Virgolin et al.
[447] did not address several key issues. For example, it is unclear whether the
reliability of the proposed Active Learning (AL) strategy [356, 383] scales with
the complexity of the interpretability representation used, particularly as it be-
comes more detailed. Additionally, it is unknown whether updating the ANN as
the GP search progresses has a positive or negative effect on the search outcome,
potentially influenced by the frequency of user feedback.

In other words, there is still much to learn about how best to integrate human
input into GP for interpretable ML and what limitations this integration might
have. Thus, this chapter aims to advance our understanding of using GP with a
human-in-the-loop approach for interpretable ML.
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Specifically, we address the aforementioned shortcomings by: (1) proposing
alternative representations (features) to capture the interpretability of models
evolved by GP, and (2) experimentally evaluating the components of ML-PIE,
both with real and simulated users. Figure 8.1 provides a detailed view of the
specific components of ML-PIE that we investigate and outlines the aspects we
target in the form of questions.

We organize our experimental evaluation into three phases, as follows.

1. First, we examine the expressiveness of different model representations and
how effectively an ANN can learn from them based on simulated user feed-
back. We identify a trade-off between expressiveness and learning capa-
bility and demonstrate that uncertainty-based AL (as proposed in [447])
does not scale well with larger representations unless there is a substantial
increase in the volume of feedback.

2. Next, we integrate the ANN into GP as a proxy for user interpretability
and analyze the search dynamics under various scenarios. Simulated users
provide feedback based on ground-truths. We find that different notions of
interpretability affect the search outcomes, but the system remains robust
against inconsistent feedback from users who provide input irregularly.

3. Finally, we engage actual human participants to use our system for iden-
tifying suitable models for two real-world datasets. Participants assess, in
a blind manner, whether the models generated with their involvement are
preferable to predefined models. Our findings indicate that with limited
user feedback, participants often prefer the predefined models over those
generated by our system, suggesting that a longer feedback collection pe-
riod might be necessary.

8.2 Related Works

Recent advancements in explaining and interpreting ML model predictions have
garnered significant attention in scientific literature [159, 95, 130, 157, 140].
The most relevant strategies that can be adopted to make models explainable
consist in directly synthesizing interpretable models by means of ad hoc learning
algorithms or, alternatively, applying specifically designed techniques (e.g., re-
verse engineering, feature attribution methods, counterfactual explanations) on
opaque models to obtain the needed explanations [359, 134, 2, 440, 462]. The
latter approach can be model-agnostic, but has the clear limitation that it can-
not provide a complete understanding of how a model operates for any potential
input [367, 235]. Here, we concentrate on the first approach, focusing on the
synthesis of models that are inherently interpretable.
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In general, DTs, rule-based systems, and linear models are often considered
better suited for generating interpretable models compared to more complex
models like deep neural networks [369, 97, 135, 166, 373, 79]. However, even
these seemingly simpler models require justification, as simplicity alone does
not guarantee interpretability [235, 199]. For DT models, simplification can be
achieved through techniques such as size reduction and pruning [171, 46] (as
seen also for the robotics case in Chapter 7), or by optimizing a loss function that
balances detection accuracy with model complexity [212, 406]. Linear models
can be simplified by reducing the number of features [482, 429, 419, 341]. Over-
all, many types of ML models can benefit from removing irrelevant and redun-
dant features, including linear models, regression trees, and DTs. Additionally,
ANN-based models can be improved by eliminating redundant hidden layers and
neurons.

In the realm of interpretable ML, Evolutionary Algorithms (EAs) like Genetic
Algorithms (GAs) and GP have garnered significant interest for their ability to
generate potentially interpretable models (EC for XAI) [18, 114, 384, 266]. GP,
in particular, is frequently used to create inherently interpretable models such
as DTs [108] and classification rules through Learning Classifier System (LCS)
algorithms [428]. A common strategy for achieving interpretable trees involves
constraining the complexity of the tree. This can be accomplished by minimizing
the number of nodes while pursuing other objectives and by restricting the func-
tion set to simpler functions only [364, 55, 101, 391, 222, 221, 295, 444, 47].

Model components can also be assigned weights according to a predefined
weighting scheme, allowing the weighted sum of these components to estimate
the interpretability of the model: models with lower interpretability are penal-
ized during the evolutionary process [150, 259]. Additionally, formula simplifi-
cation techniques can be applied, potentially as a post-processing step, to further
refine the learned models, improving their interpretability and readability [173].

Recent research has made significant strides in the field of interpretable EC,
applied to Reinforcement Learning (RL) scenarios [181, 458, 439]. Custode and
Iacca [71] combined Grammatical Evolution (GE) [322] with Q-learning [454]
to evolve interpretable DTs for RL problems, focusing on learning a decompo-
sition of the state space. This approach was later extended by the authors to
accommodate continuous action spaces [72]. Given that interpretable models
often struggle with raw data and high dimensionality, Custode and Iacca [73]
introduced a framework that employs end-to-end pipelines consisting of multiple
interpretable models, optimized using EC. This system allows for the decomposi-
tion of the decision-making process in an RL environment and the extraction of
high-level features from raw data, which are easier to understand. Additionally;,
ML techniques have also been utilized to develop policies for managing pan-
demics [195, 424, 273, 74].
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Another proposed strategy involves a data-driven approach that derives an
interpretability formula from human feedback, which can then be used to esti-
mate the interpretability of formulae synthesized during a GP evolutionary pro-
cess [445]. This method was subsequently utilized by [71]. The key difference
between [445] and our approach is that while [445] learns an interpretability
formula by training a linear model on data collected through a mathematically
constrained survey, our framework aims to learn an arbitrary notion of inter-
pretability tailored to the preferences of any user, regardless of their domain of
expertise.

The framework introduced by Virgolin et al. [447] addresses the subjectiv-
ity of interpretability by implementing a SR system where formulae are assessed
based on an interpretability estimator trained with user feedback. This system
employs a bi-objective GP process, where one objective evaluates model accuracy,
while the other assesses interpretability through an ANN trained alongside the
evolutionary process. In this system, pairs of formulae are selected using an AL
criterion based on the estimator uncertainty and presented to users [466, 383].
Users then choose the more interpretable formula from each pair based on their
subjective concept of interpretability. This feedback trains the interpretability es-
timator, enabling it to approximate a personalized Proxy of Human Interpretabil-
ity (PHI).

Several other studies have explored incorporating human feedback during
the training of Artificial Intelligence (AI) systems with a human-in-the-loop ap-
proach [251, 382, 64]. Murphy et al. [295], suggesting that integrating human
feedback during the model synthesis process can aid in discovering interpretable
models. Additionally, there are works where AL is used within GP [23, 83, 169]
to directly incorporate collected labels into the objective function.

8.3 Personalized Model Learning with ML-PIE

We consider supervised learning where, given a dataset D = {(z(V,y")}_ of
observations and corresponding labels, the goal is to find a model f : X — Y
that is accurate, i.e., f (x()) correctly predicts the label y*) for each 4, and is also
interpretable.

We assume that the accuracy of a model can be measured with a function
qr : Fx>y — R, where F = {f, f : X — Y'} is the space of models (or hypothesis
space). In practice, a number of well-defined accuracy measures exists, such as
the mean squared error or the coefficient of determination for regression (i.e.,
when Y = R), and the percentage of correct classifications for classification (i.e.,
when Y is a finite set without intrinsic ordering). Regarding interpretability, we
assume that a measure v ¢+ Fx—y — R exists that captures the personal notion
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of interpretability of the user.

We consider the case in which the user wants to solve a supervised learning
problem by providing the dataset D and the desired measure of accuracy ¢y, but
not their interpretability measure + (e.g., because the user is unable to formal-
ize 'l&f). We assume, however, that the user is available for providing feedback
(annotations) about the interpretability of models that are generated by the ML
process.

8.3.1 Framework Overview

We propose to solve the interpretable model learning problem as a bi-objective
search in the space Fx_,y of models, where accuracy and interpretability are
the two objectives. Since the true interpretability measure 1/Azf is not provided,
the corresponding objective is pursued using an estimator! ¢; of interpretability
that is learned during the search of the model using the user’s feedback. This
approach is an extension of the one pursued by Virgolin et al. [447] and, just like
in the original work, we refer to it as ML-PIE.

Internally, ML-PIE resorts to a model search algorithm for searching Fx _.y
and to an AL algorithm for training the estimator. Both algorithms are iterative in
nature. The training process of the estimator is implemented via human-in-the-
loop: the user is prompted with selected models among the ones being evaluated
by the search algorithm, and asked to provide feedback about the models’ in-
terpretability. ML-PIE collects the user’s feedback concurrently with the model
search process, yet asynchronously: that is, the rate at which models are gener-
ated is independent from the rate at which the user provides feedback on (part
of) them.

8.3.2 Concurrent Model Search and Active Learning

In ML-PIE, the model search and AL algorithms operate concurrently (though
asynchronously). This concurrent approach is preferred over an offline approach,
where user feedback is collected before the model search begins. The advantage
of the concurrent method is that users are presented with models that are actively
being discovered by the model search algorithm. Consequently, ¢ is trained on
data that is in-distribution w.r.t. the model search, as this data reflects the actual
distribution of models being generated. In contrast, an offline approach would
lack a guarantee that the user feedback covers the same distribution of models
as those being discovered by the model search algorithm.

I Although both the model f that evolution is searching for and the estimator of interpretability
1y can be called model or estimator, from here on we refer with model to the first, and with estimator
to the second.
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At initialization, ML-PIE starts with a randomly generated initial estimator
1¢. Note that ¢y can also be initially set to be an estimator that was pre-trained,
e.g., on previous data that was annotated by one or multiple users [445], or
on a proxy of interpretability from the literature, e.g., [448]. We discuss a few
alternatives for initializing v; in Section 8.4.3. Then, at each iteration, the model
search algorithm builds some new candidate models and evaluates them using
¢r and the current ¢;. ML-PIE adds (syntactically unique) models discovered by
the model search algorithm to an initially empty set F' C Fx_,y of models. F
is re-set at every iteration of the model search algorithm, to contain only models
that are relevant to the current status of the search. Meanwhile, the AL algorithm
is in charge of iteratively refining ;. At each iteration, the AL algorithm builds
a query, i.e., it selects a pair f1, fo of candidate models from F' according to a
priority rule (see Section 8.4.4), and submits the two models for user assessment.
The user is shown the two models on a GUI and is instructed to choose the one
that they believe to be more interpretable. When the user answers the query,
the AL algorithm updates ¢; by using the feedback as signal. Once ¢ has been
updated, the AL algorithm builds a new query, thus starting a new iteration of
the feedback collection phase.

We note that feedback collection in ML-PIE is simplified to a binary choice
between two models, making the annotation task more manageable for users
and applicable to various model spaces Fx_,y. Asking users to rank more than
two models simultaneously would likely be too demanding. Likewise, requiring
users to rate a single model on a numerical scale, such as from one to ten, could
also be challenging for them. Additionally, creating a suitable scoring function
for users to evaluate models can be a complex task for the system designer.

The feedback collection process (or AL algorithm) runs concurrently with the
model search algorithm until the latter concludes. The model search algorithm
terminates when it reaches a predefined budget, which could be a maximum
number of iterations (such as generations in GP) or a specified time limit.

In summary, ML-PIE runs two iterative algorithms concurrently. The model
search algorithm updates one or more models at each iteration, guided by a fixed
¢¢ and a dynamically evolving v ¢; the pace of iterations is the fastest possible on
the machine ML-PIE is executing on. Meanwhile, the AL algorithm updates ¢
with user feedback at each iteration, with the iteration pace dependent on how
quickly the user provides feedback.

8.3.3 Applicability

ML-PIE, as described so far, is a rather general approach that can be applied to
many different use cases. For example, regarding the space of models Fx_,y,
the only requirements are that (1) models in Fx_,y are compatible with the
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estimator being updated by the AL algorithm ¢, and that (2) pairs of models
can be judged by the user in terms of relative interpretability. In practice, the
first requirement can be met if a proper encoding of the models in Fx_.y is
used—we discuss a concrete case in Section 8.4. The second requirement can be
met if the models can be visualized: hence, the user’s feedback can be collected
by means of a GUI.

For what concerns the model search algorithm, i.e., the one searching in
Fx_y, We require it to be bi-objective, although this constraint can, if neces-
sary, be relaxed using linearization or lexicographic order among objectives.

Lastly, a practical requirement is that the speed at which the model search
algorithm progresses must be approximately compatible with the speed at which
the user provides feedback. In other words, the model search algorithm should
run for enough time for the user to provide a reasonable amount of feedback (we
experiment in detail on this in Section 8.5.4).

8.4 ML-PIE for Symbolic Regression

We now consider a concrete application of ML-PIE to the case study of SR, show-
ing how the general framework described so far can be adapted to this specific
problem of interpretable ML.

SR is a form of supervised learning in which, given data on d independent
numerical variables (z1,...,24) = ® and on the dependent numerical variable
y, one wishes to find the model f : R? — R that best explains y from a while,
crucially, f can be written as an analytical expression (or, simply, a formula).
In other words, f must be realized by composition of basic and interpretable
functional building blocks such as +, x, —, +, exp, In, 21, 22, 0.5, —1, 7, and so on.
These building blocks are decided by the user of the system and are an input for
the SR problem, which is NP-hard [442]. With respect to the general formulation
of Section 8.3, here X = R%, Y = R, and the space of models Fx_.y is the
space S, of formulae for d variables. Consequently, the interpretability estimator
1y : Sq — R takes a formula as input.

We consider GP to act as model search algorithm since it has been shown to
be an effective approach for SR [211]. We set GP to work in a bi-objective man-
ner, with accuracy and interpretability as objectives. At termination, GP outputs
a collection of formulae, with different trade-off levels between the considered
objectives. This allows the user to choose the model that best fits their needs. We
provide a more detailed description of the model search via GP in Section 8.4.1.

Concerning the AL algorithm for the interpretability estimator ¢, we inves-
tigate several design options. All of them share the following general structure.
We use an encoding h : Sy — R™ to map a model, i.e., a formula, to a numeric
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Model feedback form

Please select the madel that you find to be more interpretable.

Model 1 Model 2

27— In(|zs — 23 + 21]) 21— In(| In(|z4])[) + 24

Evolution progress:

to survey

Figure 8.2: A screenshot of the GUI during the feedback collection process.

vector whose m components are features of the formula. These features must be
decided beforehand, we discuss this in Section 8.4.2. Next, we use an ANN to
obtain an interpretability estimate v ;(f) for a formula f by giving the feature
vector of f as the input for the ANN, i.e., ¥¢(f) := ANNg(h(f)), where 8 € RP
represents the parameters of the ANN. Over time, by using an AL approach, the
parameters @ must be optimized to make the ANN consistent with the user’s feed-
back; provided that the choice of the encoding function 4 is adequate, i.e., the
features of the formulae are informative. We discuss (and experiment with) a few
design options for the encoding in Section 8.4.2 and for the ANN optimization in
Section 8.4.3. Besides updating )¢ by optimizing 6, the AL algorithm is also in
charge of building the queries, i.e., of selecting which pairs of formulae should
be shown to the user. We discuss design options concerning query building in
Section 8.4.4. From a practical point of view, we collect the user’s feedback via a
GUI, depicted in Figure 8.2: ML-PIE shows two rendered formulae and the user
can tell which one is the most interpretable with a single click on the GUIL

We emphasize that, while our experiments focus specifically on SR, our ap-
proach is broadly applicable as long as the few requirements outlined in Sec-
tion 8.3.3 are met. For instance, the same methodology could be applied to RL
problems where symbolic policies are sought, by incorporating a suitable fitness
evaluation in simulated environments. Additionally, our approach can be gener-
alized to the search for other types of models, not limited to symbolic formulae,
as detailed in Section 8.4.2.

8.4.1 Bi-Objective Model Search

We use Non-dominated Sorting Genetic Algorithm II (NSGA-II) [86] (see Algo-
rithm 2.3) as bi-objective model search algorithm, with the implementation pro-
vided in [35]. Specifically, we resort to a GP version of NSGA-II, encoding the
formulae as trees [326]. We remark that the specific optimization algorithm is

- 148 -



8.4 ML-PIE for Symbolic Regression

not the key point of this work, rather the important part is how we compute the
interpretability estimation. As a matter of fact, this system may be implemented
as well by replacing NSGA-II with other multi-objective optimization algorithms.
We believe that NSGA-II is the most convenient choice considering the scope of
this work because of its popularity and proven speed and effectiveness for multi-
objective discrete optimization tasks.

We leverage Algorithm 2.3 with the following specifications. For the initial-
ization of the population, i.e., for the init () function, we use the ramped half-
and-half initialization method [246], with a maximum depth of dn.,x = 4 (see
Section 2.3.2). For the variation operator, i.e., for the variate() function, we
combine subtree crossover and subtree mutation. First, we apply crossover to
generate 90 % of the offspring, while we simply clone the sampled parents for
the remaining 10 %. Then, 60 % of the offspring, chosen at random, undergo
subtree mutation. During this process, we discard (and repeat the creation of)
any offspring with depth greater than dp,x = 4 (as too large formulae are hardly
interpretable), and that are identical to an existing member of the population
or of the offspring generated so far. We discard identical trees because diver-
sity preservation can greatly improve the performance of NSGA-II when used for
GP [236]. Specifically, we retain two trees to be identical if they are semantically
equivalent (e.g., x1 + x5 is the same as z3 + x1). We do this by simply comparing
the corresponding predictions on the considered data, meaning that if the pre-
dictions are the same, then we assume that the trees are identical, even if they
are syntactically different.

We employ the following primitives as nodes for the trees representing the for-
mulae: (1) the variables x1, ..., x4 of the problem at hand, also known as the fea-
tures of the dataset, (2) random constants sampled uniformly at random between
—5 and 5, and (3) the mathematical operators +, —, x, =*, (-)3, In*, max (where
* denotes the protected version? to avoid mathematical operations performed on
out-of-domain values). We set npop = 200, ngour = 200, and neyas = 10 000. These
settings are the result of several preliminary experiments, and correspond to a
reasonable compromise between performance and execution time. In particu-
lar, we aim to enable the algorithm to discover accurate models, while keeping
the model search within reasonable time for the involved user. With the chosen
settings, each model synthesis lasts approximately 10 min.

As already mentioned, NSGA-II aims to optimize accuracy and interpretability
simultaneously. Regarding the former, we use the coefficient of determination,
i.e., the R? score, to be maximized—which corresponds to maximizing the model
accuracy. We include linear scaling [185, 186] to adapt the fitting of the syn-
thesized formulae, given its proven effectiveness on real-world datasets [443].
Regarding interpretability, we rely on the outcome of the estimator ¢y, which

2% (q,b) = sign(b) In*(a) = In(|a+10~9)

a - 1ln
|b] if |b] > 10—9 else 10-9°
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should ideally capture the perceived interpretability of a formula for the user in
question. Since the estimations of interpretability change over time as s is up-
dated by the user’s feedback, the interpretability of the formulae is re-computed
at every generation. Finally, the outcome NSGA-II is a set S* C Sy of formu-
lae that achieve a Pareto trade-off between the two objectives, i.e., each formula
corresponds to some level of compromise between accuracy and interpretability.

8.4.2 Model Encoding

We consider three options to realize the encoding function h : S; — R™, which
differ in terms of size, complexity, and expressiveness. In our setting of SR, as
formulae are represented with trees, h operates on trees. We remark that the tree
representation can be generalized to other problems besides SR, as, e.g., regular
expressions [22] or DTs, which proves the generality of our approach.

Counts Encoding

With this option, a tree is encoded as a vector where each component corre-
sponds to a possible primitive, and the value of that component is the num-
ber of times the primitive occurs in the tree. In particular, |H| components
are devoted to counting the occurrences of each mathematical operator, with
H = {+,—,x,=* (-)3In*, max} for SR, d components are employed for count-
ing the occurrences of each of the features of the problem, and one component
counts how many numerical constants appear in the tree. The encoding vec-
tor further includes three components that provide additional information about
shape and size of the tree, namely: (1) the ratio between the number of depth
levels and the number of nodes; (2) the ratio between the maximal number of
operands that an operator in the given tree can have, and the maximal breadth
(i.e., the maximum number of nodes at a same depth level); (3) the percentage
of leaf nodes.

The size of this encoding is thus m = |H|+d + 1+ 3. This encoding can be ad-
vantageous because it scales with H and d, i.e., it is independent of the maximal
number of nodes in the tree. However, this encoding does not distinguish be-
tween primitives appearing at different positions in the tree, which might impact
interpretability.

One-hot Encoding

Different from the counts encoding, the one-hot encoding takes into account the
exact position of each element in the tree. More specifically, each node is one-
hot encoded as a vector of size |H|+d + 1, where all components are set to zero
with the exception of the one corresponding to the element in the node (the last
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+1 being the vector element reserved to all the constants), which is set to one.
Then, h(f) is the concatenation of the encoding of all possible nodes as the tree
is traversed from the root in a breadth-first fashion. To ensure encoding coher-
ence, we assume all nodes to have a number of operands equal to the maximal
possible (maximum arity «): in case a node is missing, i.e., it is an intron, the
corresponding encoding is 0 € RI#|+d+1,

Clearly, the one-hot encoding is more expressive than the counts encoding,
as it can capture a wide variety of properties of the tree that can be related
to interpretability. However, the one-hot encoding scales poorly compared to
the counts encoding, since it depends on |H|, d, as well as on the maximum
possible number of nodes contained in a tree of maximal depth dp.x. Namely,

the encoding size is m = 2™*=L (|H|+d + 1).

a—1

Level-Wise Counts Encoding

This last encoding represents a compromise between the counts encoding and the
one-hot encoding. This encoding counts the occurrences of operators, problem
features, and constants separately for each depth level I < dy.x in the tree. In
addition, as for the counts encoding, we provide three descriptive components
for the shape and size of tree.

The size of the level-wise counts encoding is m = dpax (|H|+d + 1) + 3, which
makes it still fairly compact w.r.t. the maximal number of levels dy.x, the size of
the function set |H|, and the amount of problem features d. However, differently
from the one-hot encoding, information of specific node positions is now missing.

Figure 8.3 shows how the size m of the three encodings scales for different
combinations of |H|, d, o, and dpax-

8.4.3 ANN Optimization

We use an ANN as interpretability estimator. The ANN takes in input the encoded
formula and returns a score of interpretability, i.e., ¥ ;(f) = ANNg(h(f)). We
make use of dropout [398] at prediction time [285] to make ANNs provide a
measure of prediction uncertainty, which enables to perform uncertainty-based
AL. Other ways of obtaining an uncertainty measure from an ANN could be used,
e.g., bootstrapping or conformal prediction [346]: we choose dropout because it
integrates well with the rest of our framework.

Regarding the architecture of the ANN, we employ an Multi-Layer Perceptron
(MLP) with two hidden layers, each with 100 neurons with Rectified Linear Unit
(ReLU) activations [304]. The output layer consists of a single node with tanh
activation. Moreover, we add dropout to each hidden layer [398] with a proba-
bility of 0.25. Dropout is enabled both at training and evaluation time. During
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Figure 8.3: Encoding sizes (in different colors) w.r.t. the amount of problem fea-
tures d (on the z-axis), the maximum tree depth dp.x (in each subplot), and the
maximum node arity o (solid vs. dashed line). We keep the size of the function
set H fixed to 7, as in Section 8.4.1.

training, the ANN is applied (forward pass) to the encoding of the given formula
once in order to obtain the signal needed to train the ANN parameters (explained
below). Instead, when the ANN is used for inference, we perform k& = 10 predic-
tions (forward passes) for the same formula, to account for the stochastic nature
of dropout. We then take the mean of the k predictions as interpretability esti-
mate, and the standard deviation as uncertainty (see Section 8.4.4).

We rely on a binary signal from a pair of formulae for optimizing the param-
eters 6 of the ANN, given the nature of the feedback requested from the user
(preferred formula between two options). In detail, a training data point for op-
timizing 0 is essentially a triplet that contains two formulae, f; and f», and a
binary label p € {—1,1}. If the user deems f; to be more interpretable than fo,
then p = —1, otherwise p = 1. Given this data, we compute the interpretability
scores ¥ ¢(f1) and ¢ ;(f2) (one forward pass for each), and we compare them to
p. Then, we use the Wasserstein loss function [136] to train the ANN:

LWs) =p @y (f1) —vr (f2)), (8.1)

as done in [447]. The loss will be positive if the user and the estimator disagree
on the relative interpretabilities of f; and f,, whereas it will be negative in case
of agreement. Note that this loss trains a ranking ANN rather than a regressor
ANN. In other words, the ANN does not learn to estimate scores that have a
specific meaning per se, rather, these scores are only meaningful in relative terms,
i.e., to rank different models. As shown by Virgolin et al. [447], this training is
effective and requires less annotation effort than estimating specific scores (i.e.,
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a regression approach). Moreover, the employed model search algorithm, NSGA-
II, relies for the most part on rankings rather than specific values. The only
exception to this is the computation of the crowding distance, which is anyhow
normalized, at each generation, using the minimum and maximum value for each
objective encountered. We use Adam as optimizer [478], with a learning rate of
10~ and a weight decay of 10~°.

We argue that employing an ANN as an interpretability estimator for an AL
strategy is a natural choice. This is because, using a given loss function, we
can incrementally update the estimator model (i.e., the ANN weights). Gradi-
ents, which can be computed incrementally as feedback is received, facilitate this
update process. In our setup, feedback involves comparing two formulae and
selecting the better one. To address this, we utilize a Wasserstein-like loss func-
tion. Additionally, we seek a method to measure prediction uncertainty. If we
were to use a different model, such as a DT, training the estimator with user
feedback would convert the problem into a binary classification task, which does
not support incremental gradient updates or provide a mechanism for measuring
uncertainty.

ANN Warm-Up

As stated in Section 8.3, ML-PIE starts the search for a formula f using an initial
interpretability estimator 1[;53. In practice, the initial estimator may have a sub-
stantial impact on what models are eventually discovered, as it drives the model
search algorithm in a particular direction.

We therefore consider the effect of an optional warm-up phase prior to the ac-
tual start of ML-PIE. In other words, we consider the option of providing ML-PIE
with a w? which is the result of an optimization performed on a dataset of triplets
( fl(i), fz(i), p(i)) , pre-collected and independent from the problem at hand—but

K3

compatible with it in terms of H and d. We elaborate below on choices to obtain
the warm-up signal p. The warm-up phase needs not be too short (in terms of
how many training triplets are given as data), as that will be ineffective, nor too
long, as that will have the potential to lead to premature convergence to a sub-
optimal notion of interpretability (w.r.t. the one of the user). With preliminary
experiments, we find that using 20 triplets leads to reasonable results.

We consider the following two options to realize the warm-up.

¢-driven Warm Up. We rely on the ¢ interpretability estimator proposed by
Virgolin et al. [445] for formulae, which we use to label 20 pairs of randomly
generated formulae that use H and d variables. For each pair f1, fo of randomly
generated formulae, p is set to —1 if ¢(f1) < ¢fy or to 1 otherwise. The ¢ esti-
mator takes into account the number of components, the number of operations,
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the amount of non-arithmetic operations, and the number of consecutive compo-
sitions of non-arithmetic operations in a formula. We remark that the encodings
proposed in Section 8.4.2 use features that are more general than those used by
¢, which is tailored for SR.

Data-driven Warm Up. As an alternative and potentially more general ap-
proach, we experiment also with a data-driven warm-up. In this case, we wish
to use a dataset of “well-formed” and “elegant” models for the problem at hand,
retrieved, e.g., from the internet. For the case study of SR, we particularly con-
sider a subset of the dataset of the 100 equations from the Feynman lectures on
physics [115, 211]. Specifically, we build 20 triplets f, fo,p by extracting f;
from the dataset, and building f> out of a random mutation to f; that makes
the formula larger in terms of number of nodes for the respective tree. We make
the assumption that, by its very construction, any f, is less interpretable than
its respective f;, and set the label p accordingly. Finally, to obtain a balanced
dataset, we swap f; with f, and change the sign of the respective p for 50 % of
the triplets.

We remark that this data-driven approach can be extended to other types of
models than SR. For example, this approach could be used for the automatic
inference of regular expressions, using a pool of human-written cases.

8.4.4 Query Building

The user is presented with a query of formulae (f1, f2) € F (F is the set of unique
formulae available in the population of the current generation), where f; and fs
have been picked by the AL algorithm. We consider two approaches to realize
AlL.

Random Sampling

We use random sampling without re-insertion, i.e., random f; and f, are ex-
tracted from F and the user will not see the same formula twice. While simple
and fast to execute, this baseline approach is limited in that it makes no attempt
at maximizing the information gain for training the ANN. However, random sam-
pling can still be effective for very large input spaces (here, when the encoding
has very high dimensionality).

Uncertainty Sampling

The second strategy is to use (the ANN) uncertainty sampling, which is a common
strategy in AL and was found to be effective in [447]. To realize this, we assign
to each formula a level of uncertainty using the ANN with dropout at prediction
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time, as explained in Section 8.4.3. Namely, for any given formula in the set F
of formulae seen during the current NSGA-II generation, & = 10 predictions are
obtained from the ANN. These predictions are different from one another due to
the ANN dropout. Then, the standard deviation of those predictions is taken as
uncertainty. Finally, we pick the two formulae with the largest uncertainty among
those in F.

Clearly, uncertainty sampling is more computationally heavy than random
sampling, as it requires to evaluate the uncertainty for all the formulae in F'
for each query. In fact, this computation cannot be done beforehand, as the
uncertainty might vary from query to query due to the update of ¢; performed in
between them, which can result in different uncertainties for the same formula.

8.5 Experimental Evaluation

We divide the experimental evaluation in three main phases, respectively aimed
to (1) simulate how well the estimator v; can be trained to mimic the user’s
preference (regardless of model search), (2) assess the impact of different user
profiles (feedback speed) on the outcome of GP model search, and (3) deploy the
most promising configuration of ML-PIE from the previous experiments on actual
users and assess its effectiveness.

In the first experiment, we explore various methods to simulate the user’s true
notion of interpretability by considering different PHIs. We detail the PHIs used
in the next subsection. This simulation is conducted across different encodings
h, warm-up strategies, and AL sampling techniques. For the second experiment,
we run ML-PIE with simulated users who follow different PHIs and exhibit vari-
ous response patterns. In the third experiment, we engage 42 B.Sc., M.Sc., and
Ph.D. students from engineering, computer science, and Al programs to provide
feedback on two real-world datasets, which are described in Section 8.5.2.

All experimental phases are designed with the consideration that the pro-
posed system will eventually involve actual human participants. We anticipate
that participants may not be highly responsive and might be reluctant to provide
extensive feedback. Therefore, it is reasonable to assume that participants are
unlikely to spend several hours providing feedback to train the interpretability
estimator. To address this, we aim to evaluate our system performance even with
limited feedback. Consequently, experiments with the estimator are conducted
using a small number of training pairs to reflect a realistic scenario. Addition-
ally, experiments with GP are performed with a minimal number of generations
and a small population size to ensure that the optimization process is efficient,
reducing the likelihood of user fatigue and boredom.
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Our code is available online®>. We use Scikit-learn [332] and PyTorch [328]
for the pre-processing of the datasets and the ANN training, respectively, and
GenePro [441] and PyMOO [35] for the GP evolution. We remark that, unless
otherwise specified, we set all the parameters to the values used originally used
by Virgolin et al. [447] for ML-PIE.

8.5.1 Considered Proxies of Human Interpretability

For the first and second experiments, we utilize simulated users to explore and
refine key aspects of ML-PIE before conducting the third experiment with actual
users. These simulated users provide feedback based on a specified PHI, enabling
us to generate a substantial amount of feedback data in a deterministic and con-
sistent manner.

In our experiments, we evaluate ML-PIE using various interpretability mea-
sures, denoted as PHIs, to simulate different user preferences. Each PHI reflects
a distinct approach to assessing model interpretability:

* (-PHI evaluates formulae based solely on their size, specifically the number
of nodes in the tree representation. Smaller formulae are deemed more
interpretable, independent of the specific operations or primitives used.

* ¢-PHI is based on the interpretability estimator ¢ from [445]. This mea-
sure considers multiple factors: the size of the formula, the number of
operations, the number of non-arithmetic operations, and the length of
consecutive non-arithmetic operation chains.

* W-PHI assigns weights to different primitives (functions, problem features,
and constants) and evaluates formulae by summing the weights of the com-
ponents present in the formula. Primitives with higher weights contribute
more to the perceived complexity of the formula and thus lower its inter-
pretability.

* LW-PHI is an extension of W-PHI, which assigns different weights based on
the level of the primitive within the tree. Primitives at different tree depths
have different impacts on interpretability.

* NW-PHI is the most detailed PHI, incorporating weights that depend on
both the type of primitive and its specific position within the tree. This
measure provides a nuanced evaluation of interpretability.

For W-PHI, IW-PHI, and NW-PHI, we simulate user preferences by sampling
weights using the following formula:

w=—1x |p|, with p ~ N (0,07). (8.2)

Shttps://github.com/lurovi/ML-PIE
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where the negative multiplication indicates that each included component de-
creases a formula interpretability. We choose o2 values based on the complexity
of the primitives: smaller values for simple operators (e.g., +, —, X, <) and larger
values for complex operators (e.g., In, max), reflecting the intuitive understand-
ing that simpler components are generally easier to interpret.

Note that, by construction, our PHIs are always negative. Moreover, we re-
mark that the proposed PHIs do not necessarily capture some true notion of inter-
pretability, e.g., using the model size has been often criticized in the interpretabil-
ity literature, but they just act as proxies to simulate a possible user behavior.

8.5.2 Datasets Description

We run our GP-based experiments on two ML datasets for supervised regression
tasks:

* Boston housing (Boston): dataset for discovering models that can predict
prices of houses in different areas of Boston [144]. This dataset can also be
used for assessing fairness in Al since it includes a feature regarding race.
It contains 506 examples and 13 features;

* Heating load (Heating): dataset for discovering models that can predict
heating load requirements of buildings. It contains 768 examples and 8
features [426, 425].

For each dataset, we perform three different 7:3 random splits in training and
test set. Features are normalized by using robust scaling. For each split, we run
10 different GP processes.

8.5.3 Training the Interpretability Estimator

We train the ANN using up to 150 training pairs, sampled according to each of
the two AL approaches, from a training set consisting of 500 randomly generated
trees. We choose 150 feedback rounds as a sufficiently large number for the ex-
pected number of feedback that users are willing to give. Each training pair is la-
beled according to a given PHI that simulates a possible interpretability notion of
a generic user. For each feedback, we compute the Spearman footrule [394, 89]
(a measure of how much two rankings mismatch) on a validation set consist-
ing of 300 randomly generated trees. In this phase, we use six distinct variables
Z1,...,x¢ in the randomly-generated formulae. We repeat each experiment 10
times with different seeds, and we perform this type of experiment using ev-
ery combination of the following parameters: (1) encoding h (Section 8.4.2);
(2) PHI (Section 8.5.1); (3) AL method (Section 8.4.4); (4) warm-up strategy
(Section 8.4.3).
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Figure 8.4 shows the outcome of this experiment. Our findings are as follows:

* Encoding. Counts encoding generally performs best across various PHIs and

AL methods, though the differences are not statistically significant. This
encoding is notable for its low dimensionality and excellent scalability (see
Section 8.4.2). It effectively handles simple PHIs, such as ¢-PHI, but strug-
gles with more complex PHIs, like NW-PHI (evidenced by the convergence
of the footrule). In contrast, one-hot encoding is the most extensive encod-
ing method we examine. It can lead to overfitting on simpler PHIs, such
as ¢-PHI (as indicated by the solid line for the random sampling strategy).
However, one-hot encoding shows the potential to surpass counts encoding
in handling complex PHIs like NW-PHI, though this requires a substantial
amount of feedback. Given the limited training typically available in a
human-in-the-loop setting, a smaller encoding is likely more suitable than
a larger one.

* PHI. As anticipated, ¢-PHI is the ground-truth that the estimator captures

most easily, regardless of the encoding used, due to its simplicity. We ob-
serve that the footrule decreases even with more complex ground-truths
like ¢-PHI and NW-PHI. This suggests that a more general encoding might
enable the estimator to approximate more complex PHIs, assuming the es-
timator receives sufficient feedback during training.

* Active learning. The results indicate that random sampling is generally as ef-

fective as, or better than, uncertainty-based sampling. In certain instances,
such as W-PHI with Feynman warm-up and counts encoding, uncertainty-
based sampling demonstrates a modest advantage over random sampling.
We will explore this in more detail later in this section.

Warm-up. In nearly all configurations, particularly with counts encoding,
warm-up significantly reduces the footrule when no feedback has been pro-
vided yet. However, after approximately 20-25 feedback rounds, the advan-
tage of warm-up diminishes, and its performance levels out with that of the
no-warm-up approach. Additionally, using warm-up does not typically lead
to premature convergence to a suboptimal estimator compared to not using
warm-up. Overall, there is no significant difference observed between the
two proposed warm-up strategies.

To provide a more detailed explanation of some previous observations, we
conduct additional experiments where we measure the average uncertainty and
the footrule on the validation set when the estimator is trained with significantly
more feedback. Figure 8.5 displays the performance of the ANN when trained
with up to 1000 training pairs. For this experiment, we use ¢-PHI for labeling
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Figure 8.4: Median and inter-quartile range of Spearman footrule with increasing
amount of feedback for different formulae encodings (color), sampling strategies
(linetype), warm-up procedures (one per column), and different PHIs (one per
row).

- 159 -



Interpretable Symbolic Regression Models with Human-in-the-Loop

0.8

Spearman footrule

M"'Mww'mwlwn.w::;, Aands

0 100 200 300 400 500 600 700 800 900 1000 1100

Amount of feedback

— Counts — One hot — Level-wise counts
— Uncertainty sampling - - Uncertainty sampling

Figure 8.5: Median and inter-quartile range of spearman footrule with increas-
ing amount of feedback for different formulae encodings (color) and sampling
strategies (linetype) with no warm-up and ¢-PHI.

the feedback and employ no warm-up. In this scenario, uncertainty sampling
proves to be more effective than random sampling on average after 200-400 feed-
back rounds, regardless of the encoding used. This supports our hypothesis that
uncertainty-based AL can surpass random sampling in effectiveness. However,
depending on the complexity of the encoding, a substantial amount of feedback
may be necessary before uncertainty sampling shows clear benefits.

Based on the aforementioned observations, we choose to adopt counts encod-
ing, random sampling, and the ¢-based warm-up for the following experiments.
The decision regarding the warm-up strategy is grounded in statistical testing:
Table 8.1 indicates whether using a warm-up strategy is significantly better than
no warm-up when only a small amount of feedback—five rounds—is given. We
select the ¢ warm-up because it yields smaller p-values compared to the data-
driven warm-up across the different PHIs (except for ¢, which is very simplistic).
This makes the ¢ warm-up particularly suitable in scenarios where the user might
be minimally responsive.

8.5.4 Integrating the Interpretability Estimator within GP

In this section we delve into the analysis of the full ML-PIE process, i.e., with
multi-objective GP running while the user (in this section, still simulated) pro-
vides feedback to train the estimator of interpretability. As mentioned at the end
of the previous section, and motivated by that section results, we adopt: counts
encoding, random sampling, ¢ warm-up.
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PHI  ¢-driven vs. no warm-up Data-driven vs. no warm-up

14 0.097 0.004
0] 0.004 0.008
W 0.008 0.008
w 0.004 0.027
NW 0.004 0.020

Table 8.1: p-values from Bonferroni-corrected Wilcoxon paired tests of the distri-
bution of footrules (10 runs) at five feedback rounds (with random sampling).

In this experiment, we attempt to answer the following questions:

1. Do different user profiles induce different outcomes in terms of model ac-
curacy? In other words, is GP search substantially influenced by the user’s
personal notion of interpretability?

2. Is the proposed approach robust w.r.t. different user behaviors in terms of
engagement and response rate?

To this extent, we perform a two-fold experimental evaluation, as described be-
low.

User Impact on Discovered Trade-Offs between Accuracy and Interpretabil-
ity

We instantiate ML-PIE using a simulated user who responds at regular intervals
of 55, according to one of the PHIs. As PHIs, we consider a smaller but reasonable
subset, comprising ¢/-PHI, ¢-PHI, and NW-PHI. We consider ¢-PHI and ¢-PHI as
they refer to common interpretability notions [445], but we also include NW-PHI,
which is one of the most general notions we introduced. We repeat the model
search 10 times for each combination of dataset, train-test split, and PHI, for a
total of 10 -2 -3 -3 = 180 runs. At the end of each run, we re-evaluate each
solution found on the test set, to have an estimate of its generality.

From each Pareto front determined on the training set, we select formulae
that correspond to different levels of interpretability and compare their perfor-
mance in terms of accuracy. To facilitate this comparison, we rank the solutions
on each front by their estimated interpretability and use the percentile 7 to repre-
sent their position in the rank. Here, 7 = 100 indicates maximal interpretability
with minimal accuracy, while 7 = 0 represents minimal interpretability with max-
imal accuracy. This ranking system enables us to compare models even when the
underlying interpretability measure, i.e., PHI, varies.
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R2
Dataset 7 Train Test Model
0.81 0.59 max(z12,—0.15 — 4.39) —max (29, x5) + g
10 —XI3
0.77 0.78 12 — T3 — 12 — Max (.’)312, 1'5)
0.75 0.72 T12 — Imax ($13l'3$6, Is — T12 + 1’10)
Boston 0.71  0.56  z12 — @5 —x3 + 210
50 0.72 0.68 12 —max (x12 — max (xg,Ts),Ts5)
0.72 0.63 ($4 + -TIO) T5 — T5 + T12
0.57 0.54 Is — I8
90 0.27 0.29 11 — T11 +T5 — 8 — X
0.42 0.43 T12 + mMax ($77 To — T7 — 1‘7)
0.9 09 x¢—In(Jzg —In(Jz4])|)
10 0.9 086 6+ 4.6z +2.33% (26 — 73)
—max (zox2, x5 + xo) — In (| 5 |>
. 093 094 1In(]0.14 — xg]) — 22
Heating — (a5 — g — —2.22%) (w6® + 24)
0.82 0.79 zy— x4 — 1z — In(|zs])
50 0.9 086 x1—2x4—2x2— x4 — X
0.91 0.93 r3 — 4.5 — T4 —Tg+ Ty —Tog— g
0.7 0.7 Tg — 1 — T4
90 0.8 0.73 T — T3 — Ty — T2 — Tg
0.68 0.66 xz9g— x4 —T0— Tg— Xp

Table 8.2: Examples of models found by the bi-objective GP with a simulated
user (NW-PHI), employing random sampling within AL and a ¢-driven warm-up
for the interpretability estimator. For each dataset, we report the results of three
runs. We sample models according to their interpretability percentile (7) in the
Pareto front—higher 7 meaning higher interpretability, and report the R? score
of each model on both train and test sets.
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Before discussing the quantitative results, in Table 8.2, we present examples
of models along with their accuracy at different interpretability percentiles, 7,
produced by GP. Qualitatively, it can be observed that as 7 increases, the formulae
become simpler and less accurate, which aligns with expectations.

Figure 8.6 shows the distributions of train and test accuracy—in terms of R?
score—of the aforementioned models, for r € {0, 25,50, 75,100}. We also report
above each triplet of box-plots (corresponding to the three PHIs) the p-values
resulting from a Kruskal-Wallis statistical test, with the null hypothesis that the
considered distributions are not different from one another. We use a « to indicate
cases with a p-value smaller than 0.01.

Figure 8.6 illustrates the interpretability-accuracy trade-off. Across all PHIs
and both datasets, we observe that as 7 increases, the (distribution of) R2 de-
creases. This outcome is expected and serves as a sanity check to confirm that
ML-PIE is functioning correctly. Assuming each PHI reflects a different user pro-
file or subjective notion of interpretability, we can compare the R? distributions
across different PHIs at each percentile 7 to determine whether different PHIs
lead to models with varying accuracy. Notably, based on the reported p-values,
in 8 out of 10 cases for the training set and 7 out of 10 cases for the test set,
the samples seem to originate from different distributions. This indicates that, in
most cases, using a different PHI results in a different level of accuracy. In other
words, the trade-off between interpretability and accuracy is highly dependent
on the user’s subjective notion of interpretability. This finding suggests that GP
may need to be configured differently for different users. For example, if a user
requires highly accurate models but has a notion of interpretability that makes it
challenging to find such models, GP should be set to run with a larger budget.

Robustness of the Search Performance with Respect to User Engagement
Profile

In the previous experiment, we simulated a constant rate of response of the user.
In this section, we wish to assess whether changing this rate of response changes
the behavior of GP. We thus repeat the previous experiment using two different
user engagement profiles: a lazy-start profile and a lazy-end profile. For the
lazy-start profile, we set the simulated user to provide feedback every 8 s for the
first half of the model search (in terms of number of generations), and every
2s for the remainder of the experiment; vice versa for the the lazy-end profile
(2s for the first half, 8s for the second half). Moreover, we also consider an
additional configuration where we use the estimator learned with a constant rate
of response of 5s, and use it directly from the start, i.e., as if it was an oracle. In
this case, the user is not involved (i.e., the oracle is not updated). Similarly to the
previous experiment, we repeat the experiment 10 times for each configuration,
for a total of 10-2-3-3 -3 = 540 runs, and at the end of each run, we re-evaluate
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all solutions on the test set.

In the previous experiment, our focus was on determining whether different
PHIs lead to variations in accuracy. Now, we shift our attention to examining
whether the overall Pareto fronts differ when the user’s response rate changes. To
evaluate this, we use the HyperVolume (HV) indicator, which measures the “size
of the space covered” by the solutions on the front [481]. Intuitively, a larger HV
indicates better search performance, as it corresponds to a greater portion of the
search space being covered.

Since we train ANNs to rank rather than to regress specific interpretability
scores, the scores generated by ANNSs trained on different runs (even for the same
PHI) are not directly comparable. Therefore, to compute the HV, we calculate the
actual PHI of each formula. This approach is reasonable because the estimator
is intended to learn to rank models in a manner consistent with how PHI ranks
them. Additionally, to facilitate comparison of HVs across different PHIs, we
normalize the PHI scores using min-max normalization, ensuring that all values
of PHI fall within the range of [0, 1].

Figure 8.7 presents the distribution of hypervolumes (HVs) for each user pro-
file, categorized by dataset (one per row), PHI (one per column), and whether
the data is from the training or test set (shown on the z-axis). Additionally, above
each set of four box plots, we include the p-values derived from a Kruskal-Wallis
statistical test, which tests the null hypothesis that the distributions are equal.

The plots and p-values indicate that there are no significant differences in
the hypervolumes (HVs) resulting from different user engagement profiles. This
suggests that ML-PIE is robust to varying user behaviors, as long as a sufficient
amount of feedback is provided during the model search process. Addition-
ally, when considering the results obtained with the oracles, we observe that the
model search process remains effective even when the interpretability objective
changes over time.

8.5.5 Survey on Real Users

In the final experiment, we deploy ML-PIE with actual users. We involve 42 par-
ticipants, consisting of B.Sc., M.Sc., and Ph.D. students from computer science
and engineering programs at the University of Trieste, Italy. The participants
are not offered any rewards for taking part in the experiment. The users are
presented with a web interface where the landing page explains the task: to re-
peatedly select which of two formulae is more interpretable, first for the Boston
dataset and then for the Heating dataset. The order in which the datasets are
presented is randomized for each user. When a user clicks “start on dataset
Boston/Heating”, ML-PIE is initialized, and the interface shown in Figure 8.2
is displayed. ML-PIE operates with the same settings as in the previous experi-
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Figure 8.7: Hypervolumes distribution for different engagement profiles.

ments, resulting in approximately 10 minutes of runtime per dataset.

After ML-PIE terminates on a dataset, a further feedback page is presented.
On this page, the user is presented with 4 pairs of formulae. The first pair contains
the formula at = = 25 from the front obtained by the very ML-PIE run upon
which the user had been giving feedback, to be confronted with another formula
obtained in an off-line run that used ¢ as notion of interpretability, and that has
the closest accuracy to the first formula (for the same dataset and train-test split).
The other pairs are obtained in a similar manner, changing 7 to 5, and/or ¢ to /.
We do not tell the user which formula was obtained with ML-PIE, and randomize
whether the formula obtained with ML-PIE appears as first or second in the pair
(blind test). In this comparison, besides indicating preference for the first or
second formula, the user can indicate that they find both formulae to be equally
(un)interpretable. Ultimately, our survey should capture whether users actually
prefer the personalized approach that ML-PIE is intended to provide.

Figure 8.8 presents the results from the user survey. It shows that, on av-
erage, users tend to prefer models obtained from offline runs using ¢ or ¢ over
those found by ML-PIE. This outcome is somewhat disappointing and could be
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Figure 8.8: Amount of preferences for each model collected in the survey at the
end of the user study w.r.t. the amount of feedback provided by the user during
the GP run. We consider bins of size 5 for the z-axis.
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of responses, ratio of mispredictions the estimator makes in ranking the models
(prior to the user’s feedback signal), and average response time, along genera-
tions.

attributed to several factors: users may lack domain expertise, and their en-
gagement in the feedback process may be minimal (no rewards are provided).
Further investigation reveals that we barely achieve 50 feedback rounds in these
experiments, as shown in Figure 8.9. Comparing this with Figure 8.4, it is evi-
dent that the estimator typically struggles to rank models accurately with fewer
than 50 feedback rounds. Indeed, Figure 8.9 also shows that the amount of
mispredictions—we take the relative ranking between the two formulae in the
query as predicted by the estimator and compare it with the user’s feedback—is
relatively large (0.5 corresponds to coin flip).

To better understand this outcome, we examine the findings of [447]. In
that study, users provided more feedback on average—about 100 rounds com-
pared to 50 in our study—indicating higher engagement. Another key difference
is that the encoding used by Virgolin et al. [447] was smaller and more specifi-
cally tailored for SR, relying on only four formula features. In contrast, our study
employs counts encoding, which is more general. This suggests that while gen-
eral encodings, like counts encoding, offer promising avenues for making ML-PIE
more versatile and applicable across different problems, they might be too large
to be effective in a human-in-the-loop setting. Consequently, the performance
may be compromised if the encoding is not well-suited to the specific context.

However, there may be potential for improvement by developing more effec-
tive warm-up strategies. If such strategies could reduce the amount of feedback
needed to achieve satisfactory results, it could enhance the effectiveness of ML-
PIE even with general encodings.
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8.6 Concluding Remarks

In this chapter, we explored various aspects to generalize ML-PIE, a human-in-
the-loop approach for learning personalized interpretable models. We introduced
three distinct representations with varying levels of complexity and expressive-
ness, which map GP trees with arbitrary functions and terminal sets to fixed-sized
numerical embeddings. This extension enables the application of the original ML-
PIE framework to problems beyond SR.

We investigated how effectively these representations allow an estimator of
interpretability (in this case, an ANN) to rank models according to different PHIs
from the literature, simulating different user profiles. Our findings indicated
that while larger, more complex representations enable the estimator to better
approximate more intricate PHIs, they require extensive training. Simpler repre-
sentations, on the other hand, achieved reasonable results with less feedback but
struggled to improve accuracy significantly with additional feedback.

Using GP as the model search algorithm, we simulated various user profiles
to assess how they impact the models ML-PIE can discover, in terms of accuracy
and the hypervolume of the Pareto fronts. We observed that different PHIs, repre-
senting diverse user preferences, resulted in varying model accuracies. However,
ML-PIE demonstrated good robustness concerning the rate of feedback from the
simulated users.

In the final experiment, real users (students) used ML-PIE and provided feed-
back in a blind survey, comparing models learned with ML-PIE to those learned
with unpersonalized PHIs. This experiment yielded a negative result, suggesting
that the use of a general but large encoding may necessitate excessive feedback
for ML-PIE to be effective.
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Interpretable Controllers with
Graph-based Genetic
Programming

In many high-risk scenarios, interpretability is essential for ensuring the safety
and trustworthiness of systems. However, much of the current research depends
on complex, highly parameterized models like ANNs that are difficult to understand.
In this chapter, we address the challenge of policy search in continuous observa-
tion and action spaces. We employ two Graph-based Genetic Programming (GGP)
techniques—Cartesian Genetic Programming (CGP) and Linear Genetic Program-
ming (LGP)—to create effective yet interpretable control policies. Our experiments
across eight continuous robotic control benchmarks demonstrate results that are
competitive with state-of-the-art RL algorithms. Furthermore, we observe that GGP
naturally tends to produce smaller, more interpretable graphs even when perfor-
mance matches that of RL. Analyzing these graphs allows us to explain the derived
policies, contributing to the development of trustworthy Al in continuous control
applications.

This chapter is based on the following publication: G. Nadizar, E. Medvet, and D. G. Wilson. Natu-
rally interpretable control policies via graph-based genetic programming. In European Conference on
Genetic Programming (Part of EvoStar), pages 73-89. Springer, 2024 [302].
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9.1 Introduction

Over the past decade, ANNs have delivered remarkable results across a wide
range of fields, often exceeding human performance in situations requiring quick
decision-making, such as drone control [184], or in long-term strategic plan-
ning, like in strategy games [390]. This success has been accompanied by a
proliferation of optimization techniques for ANNs [389], which have evolved to
become sample-efficient, frequently robust, and even applicable in real-world
scenarios [372].

However, ANNs have a significant drawback: their vast architectures, often
comprising billions of parameters, are typically incomprehensible to human ob-
servers. Despite the introduction of various post-hoc explanation methods in re-
cent years [135, 2, 348], ANN-based controllers continue to function as opaque
models, where their inner workings can only be inferred through statistical anal-
ysis.

In contrast to this paradigm, there has been a resurgence of interest in cre-
ating interpretable models, which are models that can be understood “directly”
without the need for additional proxies or post-hoc methods. Although there
is no universally accepted definition of interpretability [235, 447, 303]—as we
have vastly observed in Chapter 8, models that adhere to some interpretation
standard are generally preferred over opaque models [367], as they enable hu-
mans to grasp their underlying logic directly. Unsurprisingly, interpretability is
especially crucial in high-stakes applications, where transparency is a key com-
ponent of trustworthiness [129].

In particular, the field of robotics is increasingly recognizing the demand for
more transparent systems, as many people are hesitant to embrace autonomous
robots in real-world environments, especially when their control algorithms are
opaque. This need for transparency extends to the broader area of control sys-
tems, where the goal is to establish a control law that connects inputs to outputs
in order to achieve a specific objective.

In this chapter, our goal is to discover efficient yet interpretable control laws
by utilizing functional graphs, which are effective at capturing complex relation-
ships between observations and actions while retaining interpretability, particu-
larly when their size is contained. To explore the space of these graphs, we em-
ploy two GGP techniques, CGP and LGP, focusing optimization on performance
while allowing interpretability to emerge naturally.

Our experiments, conducted on eight continuous control tasks from the Mu-
joco suite [422], demonstrate that the policies we obtain often match state-of-
the-art performance while being inherently more interpretable, even without an
explicit focus on interpretability. Additionally, the results achieved using GGP
techniques appear more consistent and less dependent on hyper-parameter tun-

- 172 -



9.2 Related Works

ing compared to those produced by RL.

9.2 Related Works

In recent years, the field of Explainable Reinforcement Learning (XRL) has gained
significant momentum [348, 456], driven largely by the need to understand the
reasoning behind decisions made by artificial agents intended for real-world de-
ployment. Going a step further, considerable efforts have been directed toward
developing policies that are inherently understandable, laying the groundwork
for Interpretable Reinforcement Learning (IRL) [128]. In this context, numerous
proposals for interpretable policies have emerged, ranging from symbolic policies
to DTs, along with a variety of methods for generating them [213]. A popular
approach within this domain is the use of EC techniques in conjunction with
traditional RL methods [480]. Notably, GP and its derivatives are particularly
well-suited for producing interpretable policies: as early as the 1990s, Koza and
Rice [203] demonstrated how GP could be employed to search for a policy to
control a robot.

Building on this foundational work, GP has frequently been applied to various
control tasks, either through direct policy search or by imitation learning, where
an agent learns by emulating the actions or behavior of an expert, i.e., a well-
performing policy. For example, Verma et al. [437] distilled an ANN policy into
an interpretable program for the Open Racing Car Simulator (TORCS), achiev-
ing interpretability and robustness albeit with a minor decrease in performance.
However, while imitation learning partially mitigates the poor sample efficiency
of GP [389], it is not always as effective as direct policy search. Specifically,
Hein et al. [150] demonstrated in a model-based RL setting that symbolic poli-
cies learned through direct interaction with the world model outperform those
obtained through SR to mimic a pre-trained ANN.

Instead, many studies have utilized GP for direct policy search, primarily fo-
cusing on scenarios with discrete action spaces. For instance, Custode and Iacca
[71] and Ferigo et al. [108, 111] have evolved DTs by combining GP with RL and
Quality-Diversity (QD) optimization, respectively, achieving both interpretable
and effective policies for simple control tasks such as cart pole and mountain
car. Video games have frequently served as test-beds due to the challenge of pro-
cessing high-dimensional visual inputs from a full screen of pixels. In this area,
significant effort has been directed toward the Atari benchmark [248], using ap-
proaches like co-evolved DTs [73] or Tangled Program Graphs (TPGs) [187],
even developing single programs capable of solving multiple games [188, 189].
Related to our work, Wilson et al. [458] employed mixed-type CGP to discover
simple and effective policies for playing Atari games. Notably, as in our approach,
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the simplicity of these policies was not explicitly encouraged during evolution but
emerged naturally due to the representation employed.

Moving closer to our study, fewer works have successfully addressed problems
in continuous and multi-dimensional action spaces, as these problems necessitate
discovering and leveraging interdependencies between outputs to achieve effec-
tive coordination. For example, CGP has been applied to continuous control
problems; Wilson et al. [459] introduced a positional variant of CGP, where the
positions of nodes were evolved, and tested it on nine benchmark problems, in-
cluding three Mujoco environments. This study is closely related to ours, though
we use the standard CGP variant across a broader range of environments and
achieve generally better results. Videau et al. [439] also employed multi-tree
GP for solving Mujoco environments and utilized LGP to facilitate information
sharing among outputs. This work is related to ours, although they focus on bi-
objective optimization with an explicit reward for policy simplicity, whereas we
allow simplicity to emerge naturally from evolution. Additionally, we examine a
larger set of environments. More recently, LGP has been successfully used with
the Laikago robot to develop robust and understandable policies, represented as
transparent computer programs [190]. Lastly, Amaral et al. [7] demonstrated
the potential of Symbiotic Bid-based GP combined with TPGs for a continuous
control locomotion task.

9.3 Graph-based Genetic Programming for Contin-
uous Control

We concentrate on the domain of continuous control, with the aim of finding an
interpretable yet effective controller, whose actions will steer the system towards
the achievement of a certain goal. Namely, we consider those tasks where both
the observations and the possible actions are real-valued and multivariate, in a
discrete-time simulated environment.

Formally, we define an environment as a Markov Decision Process (MDP),
i.e., a tuple (S, A,p,r), where S C R"™ and A C R™ are the state and action
spaces, respectively, p : S x A — § is the function describing the dynamics
of the environment, and » : S x A — R is the reward function [349]. We
consider partial observability, thus we introduce an observation space O C RY,
with ¢ < n, and an observation function ¢ : S — O mapping states to the
corresponding observations. At each simulation time step ¢, the environment is
in a state s; € S, the agent observes a subset of the current state, ¢(s;) = o; € O,
and takes an action a; € A according to a policy = : O — A, which results
in the system changing into state s;y; with probability p(s;11|s¢, a;) and the
agent receiving a reward r(s;,a;). The objective consists in finding a policy
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which maximizes the cumulative reward obtainable in a simulated episode of
duration T', Ry (w) = Z;‘F:O r(s¢, m(04)), starting from an initial state so. While we
consider the formalization of an MDP, in this study we use optimization methods
based only on the total episode reward Rr(w). Unifying the terminology with
the previous paragraph, = is the controller we search for, which determines the
actions in the environment.

In our case, 7 is a graph which represents a multi-variate function. This fam-
ily of policies can be inherently interpretable because each graph results from the
high-level composition of simple functions, e.g., +, —, or sin, and is constrained
in size. We rely on two flavors of GGP for searching the space of graphs, namely
CGP and LGP (see Section 2.3.2 for a description of both techniques). We de-
fine the fitness of a policy graph = as the aforementioned cumulative reward,
f(m) = Rp(m), which evolution maximizes. For the evolutionary optimization
we rely on a standard GA (Algorithm 2.1) with the representation dependent
implementations of init () and variate() detailed in Section 2.3.2.

9.4 Experimental Evaluation

In our experimental evaluation we address the following question: “can GGP yield
effective yet interpretable policies for continuous control tasks?” To this end, we per-
form several optimizations for both CGP and LGP on 8 continuous control tasks
from the Mujoco suite. To have meaningful effectiveness baselines, we compare
the performance of the resulting graph policies with those obtained with two
state-of-the-art RL algorithms which represent policies using ANNs. Moreover,
we measure the complexity of the graphs obtained by GP, and analyze example
policies in detail to appraise their interpretability.
We open-source our code and our experimental results’.

9.4.1 Continuous Control Benchmark Tasks

We employ 8 benchmark continuous control tasks from the Mujoco suite [422].
Namely, we consider environments of growing complexity in terms of input and
output space dimensionality, as we summarize in Table 9.1.

Specifically, we consider two balancing tasks, inverted pendulum and inverted
double pendulum, where the controller is rewarded for preventing the pendu-
lum from falling (and also penalized for excessive movements for the inverted
double pendulum). We also incorporate a target-aiming task, reacher, where a
robotic arm has to reach an object and is rewarded for getting as close to the
object as possible and penalized for excessive movements. Last, we include 5

Thttps://github.com/giorgia-nadizar/cgpax
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Environment Observation O Action A
Inverted pendulum R* (-3, 3]
Inverted double pendulum R?® [—1,1]
Reacher R [—1,1)2
Swimmer RS [—1,1]?
Hopper R [—1,1)3
Walker2d RY7 [—1,1]8
Half cheetah R18 [—1,1]°
Ant R?7 [—-1,1)8

Table 9.1: Observation and action space sizes for the considered problems.

locomotion tasks, swimmer, hopper, walker2d, half cheetah, and ant, which all
use a positive reward for the distance covered and a penalty term for excessive
movements. Among the locomotion problems, hopper, walker2d, and ant can be
unstable; they therefore have an additional reward term for maintaining their
balance throughout the simulation. For these problems, if the agent falls to the
ground, the episode is terminated earlier.

For all tasks, we use the Brax [120] implementation which leverages paral-
lelism on GPU accelerators with JAX [43]. We use the v1 simulation engine of
Brax and set all parameters to their default values. We run all episodes to a
duration T' = 1000 time steps.

9.4.2 Reinforcement Learning Baselines

As baselines for comparing the performance of the graph policies, we use two
state-of-the-art RL algorithms for the optimization of ANNs, Proximal Policy Op-
timization (PPO) and Soft Actor Critic (SAC).

PPO [379] is an on-policy RL algorithm that optimizes agent policies within
a “trust region”, balancing the exploration-exploitation trade-off. It achieves this
by optimizing a first-order approximation of the expected reward while ensuring
that policy updates remain close to the actual values.

SAC [139] is an off-policy RL algorithm that balances the maximization of two
objectives: the expected cumulative reward and the policy entropy. By simulta-
neously promoting exploration through entropy maximization and exploitation
through return maximization, SAC ensures robust learning in complex environ-
ments with continuous action spaces.

These two algorithms are considered state-of-the-art for deep RL and are the
default algorithms for the Brax library. We use the Brax library implementations
for both PPO and SAC.
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9.4.3 Parameter Settings

For the GP evolutionary loop we set npop = 100, noge = 90, Nelite = 10, and ngour =
3. Concerning the amount of evaluations performed ney,)s, instead, we have a
different value for each problem, depending on how difficult the optimization
task is. Namely, for inverted pendulum we set neyas = 1000, for half-cheetah we
set Neyars = 50000, for inverted double pendulum, reacher, and swimmer we set
Nevas = 100000, for hopper and walker2d we set neyas = 150000, and for ant
we set neyvas = 250 000. Regarding the representation specific parameters, we set
Nnodes = 90, p; = py = 0.1, and p, = 0.3 for CGP, while we set nreg = nin+nour+5,
Niines = 15, po = 0.3, and py = p; = 0.1 for LGP.

For both CGP and LGP we consider the following function set H = {® + o, ¢ —
o 0 X e e"o o expe sine cose log e e < e e > e} where e represents an
operand, and operators marked with * are protected. The last two functions are
Boolean functions, where the output is 1 if the condition is satisfied and 0 other-
wise. Moreover, we add two constant inputs to each observation, namely {0.1, 1},
thus increasing all observation spaces dimensionalities displayed in Table 9.1 by

2.

For the RL algorithms, we optimize an MLP with 4 layers of size 32 with
Sigmoid Linear Unit (SiLU) activation for PPO, and an MLP of 2 layers of size 256
with ReLU activation for SAC, following the default provided in Brax. Concerning
the algorithm specific hyper-parameters we apply the default ones from the Brax
implementations of both PPO and SAC with a few minor variations (we report
the full parameter list in our code?).

In all cases, we repeat the optimization for 10 independent times to ensure
results consistency. Furthermore, for the GP techniques we evaluate each individ-
ual on 5 distinct episodes and consider the median reward across these episodes
as fitness, in order to make the evolutionary search more stable. For the same
reason, we also re-evaluate the elite individuals upon merging them into the off-
spring population.

Last, when analyzing results in a comparative manner we perform a Mann-
Whitney U test between pairs of distributions, considering equivalence between
the two as null hypothesis. When performing multiple pairwise comparisons, we
apply the Bonferroni correction, thus dividing the significance level a« = 0.05 by
the number of pairwise comparisons computed.

’https://github.com/giorgia-nadizar/cgpax/blob/main/rl_run.py
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Figure 9.1: Box plots of the cumulative reward Ry (n*) collected by the best
policy discovered at the end of optimization 7* in an episode of duration 7' =
1000 time steps.

9.5 Results and Discussion

9.5.1 Performance Results

We report the results in terms of performance in Figure 9.1. We show the dis-
tribution across 10 runs of the cumulative reward Ry (7*) obtained by the best
policy 7* discovered at the end of the optimization on episodes of 7' = 1000 time
steps. We divide our data by environment and by optimization technique to ease
the visual comparison of results. We also show the p-values resulting from the
pairwise Mann-Whitney U tests performed in Table 9.2, again dividing data by
environment.

The first observation we can make is regarding the comparison between the
two GGP techniques employed: in all the environments considered, they achieve
similar results, with no statistically significant differences observed between the
distributions. Additionally, the results for both CGP and LGP are generally con-
sistent, unlike the results from the two RL techniques, where the distributions
are more spread out and show greater variability between the PPO and SAC al-
gorithms. This indicates that GGP offers more consistency than RL, which is a
desirable property for achieving robust results. We speculate that this greater
consistency may be partly due to the high sensitivity of RL algorithms to their
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PPO SAC

PPO SAC

PPO SAC

CGP 0.1680.078
LGP 0.1680.078

CGP 0.0050.571
LGP 0.0060.623

CGP =0 0.003
LGP ~0 0.003

(a) Inv. pendulum

(b) Inv. doub. pend.

(c) Reacher

PPO SAC

PPO SAC

PPO SAC

CGP ~0 =0
LGP ~0 =0

CGP =0 0.021
LGP ~0 0.017

CGP ~0 =~0
LGP ~0 =0

(d) Swimmer

(e) Hopper

(f) Walker2d

PPO SAC PPO SAC

CGP 0.0640.003 CGP =0 =0
LGP 0.0310.001 LGP ~0 =0

(g) Half cheetah (h) Ant

Table 9.2: p-values resulting from pairwise Mann-Whitney U tests comparing,
for each environment, the algorithm on the row with that on the column with
the null hypothesis of equivalence of the distributions. We write a0 for all cells
with p < 0.001. We consider a significance level of & = 0.05/5 = 0.01 (and
highlight all significant values in bold) according to the Bonferroni correction,
as we performed 5 pairwise comparisons per environment: the ones reported
in the table plus the comparison between CGP and LGP (which never yielded
statistically significant differences).

hyper-parameters.

For a more detailed comparative analysis, we revisit the first part of our ques-
tion, which concerns the effectiveness of the graph-based policies discovered.
In this context, a policy is considered effective if it performs comparably to the
examined RL baselines, without being significantly worse. Given the reduction
in the number of parameters and the resulting gain in interpretability, policies
that achieve results similar to, though not necessarily better than, state-of-the-art
policies are deemed effective.

Among the environments studied, graph-based policies are not significantly
worse than either RL policy in 50 % of the cases (inverted pendulum, inverted
double pendulum, swimmer, and hopper). Additionally, they perform at least as
well as one of the RL policies in three more cases (reacher, walker2d, and half
cheetah). The only environment where graph-based policies fail to match either
of the RL algorithms is the ant, likely due to the higher dimensionality of both the
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action and observation spaces, as well as the known challenge of GGP in finding
effective mappings in high-dimensional spaces. Overall, we can conclude that
both CGP and LGP policies are generally effective.

Interestingly, in some instances, GGP methods significantly outperform RL.
Specifically, in four environments (inverted double pendulum, reacher, hopper,
and walker2d), both CGP and LGP notably exceed the performance of one of
the two RL algorithms. In the swimmer environment, both GP methods outper-
form both RL algorithms. It is possible that some of these results could be due
to sub-optimal parameter tuning for the underperforming RL algorithms, which
might achieve better performance with more extensive fine-tuning. Nonetheless,
this observation further supports our earlier point about the robustness of GP re-
sults w.r.t. hyper-parameter tuning, in contrast to RL, which is highly sensitive to
changes in hyper-parameters [151].

To gain a deeper understanding of the evolutionary process behind the GP
policy search, we examine the progression of the fitness of the best individual
in the population, specifically the cumulative reward Ry (7*), at each iteration,
as shown in Figure 9.2. For all the reported plots, we observe that evolution
tends to reach a plateau, where further generations are unlikely to yield signifi-
cant improvements in fitness. Additionally, most plots exhibit an initial phase of
steep fitness growth, followed by a longer period of minor improvements. This
pattern highlights how evolution generally converges relatively quickly—a char-
acteristic with both positive and negative implications. On the positive side, for
environments where the results are satisfactory (i.e., comparable to state-of-the-
art performance), this rapid convergence translates to reduced computational
costs. On the other hand, for tasks where GP has not matched the performance
of RL, this rapid convergence indicates that evolution may become trapped in a
difficult to escape local optimum, which limits overall performance.

To further investigate the reasons behind premature convergence, we analyze
videos of the behaviors of the graph policies and examine the reward models
for the hopper, walker2d, and ant environments. From the visual analysis, we
observe that the graph policies cause the agents to move, but the movements
are slow and overly cautious. This observation aligns with the reward model of
the environments, where: (1) agents are rewarded for maintaining stability, and
(2) episodes are terminated early if an agent falls, thus preventing the collection
of additional rewards. We speculate that this reward model creates a large local
optimum for GGP, where innovative policies that might require fine-tuning to
achieve stability are overshadowed by evolutionary pressure.

In line with this hypothesis, we conduct experiments by disabling the early
termination of episodes when the agent falls. However, the results do not show
significant improvements, suggesting that further investigation is needed to fully
understand this phenomenon. Interestingly, we discover some physically unre-
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Figure 9.2: Progression of the cumulative reward Rz (7*) collected by the best
policy in the population 7* at each generation in an episode of duration 7' = 1000
time steps; median and inter-quartile range across 10 independent runs.

alistic policies for the hopper, which could achieve a reward as high as 30000
by causing the agent to fly>. These policies clearly exploit certain instabilities
within the Brax simulator [120]. Despite their unrealistic nature, being transpar-
ent models, these policies could be thoroughly analyzed to address and correct
the identified issues in the simulator.

9.5.2 Interpretability of Resulting Policies

To evaluate the interpretability of a graph policy =, we consider p.(7), which we
define as the fraction of complexity employed w.r.t. the available one. In practical
terms, for CGP, p. is the fraction between the amount of nodes in the policy graph
and the maximum possible nodes (50 in our case), whereas for LGP, p. derives
from the amount of program lines that contribute to the output computation
divided by the total lines of the program (15 in our case).

Clearly, this serves as a proxy for interpretability, given that (1) there is no
universally accepted definition of interpretability, and (2) interpretability is in-
herently a subjective concept [447]. Yet, given the results obtained in Chapter 8
on how most users’ subjective preferences strongly correlate with models sizes

3We show a video at https://giorgia-nadizar.github.io/cgpax/hopper_cgp_flying.
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Figure 9.3: Fraction of complexity employed p.(7*) for the best performing policy
graph in the population 7*; median and inter-quartile range across 10 indepen-
dent runs.

we deem this approximation acceptable for this case study. In addition, to en-
sure the robustness of our results, we repeat the analysis using two additional
measures of interpretability—the number of edges in the policy graph and the
formula ¢ from [445] (already used in Chapter 8)—obtaining similar results to
those presented.

In Figure 9.3, we illustrate the progression of p.(7*), the fraction of complex-
ity utilized by the best policy graph in the population 7*, presented as median
and inter-quartile range across the 10 runs, categorized by environment and GP
technique. From the plots, it is evident that in all scenarios, the obtained policies
use only a relatively small fraction of the available complexity, with p. generally
remaining below one-third throughout the evolution process. Additionally, there
is no clear upward trend in p. over generations: while some plots show a slight
increase, most remain roughly constant or even decrease. This observation is par-
ticularly noteworthy when compared to Figure 9.2. It indicates that a significant
increase in fitness does not necessarily lead to a more complex policy, meaning
that improved performance does not come at the expense of interpretability.

Notably, these results naturally arise from the inherent representations of CGP
and LGP [275, 117], without any explicit promotion of interpretability. This
observation confirms the inherent tendency of these GGP techniques to produce
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Figure 9.4: Cumulative reward Ry (7*) vs. fraction of complexity p.(7*) for each
policy 7* in each pareto front at the end of evolution with NSGA-II. Policies found
with the standard GA added for reference.

small and interpretable graphs.

For completeness, we also conduct optimization in a bi-objective setting, fo-
cusing on both effectiveness and interpretability, similar to the approach in [439].
This involves using NSGA-II [86] (Algorithm 2.3) instead of a standard GA. We
perform 10 runs for each scenario, though this time we only consider two envi-
ronments: inverted double pendulum and swimmer.

We present the results in Figure 9.4, where we plot the cumulative reward
Ryr(n*) versus the fraction of complexity p.(7*) for all policies 7* in each of
the final Pareto fronts. For context, we also include the policies obtained with
the standard GA. From this figure, we observe that NSGA-II is able to discover
simpler policies compared to the standard GA. However, it often fails to identify
slightly larger but more effective policies due to its tendency to prioritize the
easiest objective [236]. Consequently, we conclude that for these GP techniques,
where interpretability tends to emerge naturally, maintaining a single objective
in the search process is generally advisable.

To conclude our study on the interpretability of the obtained policies, we
analyze two policies for the swimmer environment. We present a schematic
representation of the environment [66], along with the two policies and their
corresponding equations, in Figure 9.5%.

From Figures 9.5b and 9.5c, we can immediately appreciate the simplicity and
transparency of the policies, which align well with our interpretability objective.
While fully understanding a dynamical system typically requires examining all
governing equations, such as those from the simulator, the reported formulae

4We provide videos of these policies in action at https://giorgia-nadizar.github.io/cgpax/
swimmer_cgp and https://giorgia-nadizar.github.io/cgpax/swimmer_lgp.
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(a) Swimmer schematic.

def controller (inputs, r):

— # inputs to registers
N5 r[0:10] = inputs

# perform computation
r [13] r[1] - r[5]

a r[16] r[16] - r[7]
‘ r[15] = r[13] - r[6]
‘ e a r[15] r[15] + r[2]
r[16] r[16] - r[1]

# registers to output

return r[-2:]

tligg t1:017wf7w1+92
t2=4(’l}y—01)—0f to = —wp — 0y
(b) CGP solution. (¢) LGP solution.

Figure 9.5: Schematic representation (9.5a) of the swimmer environment with
the observed variables 6y, 6,02, wy, w1, w2, v, and the control variables ¢;, t2, and
the policies found with CGP (9.5b) and LGP (9.5c), shown in their original form
and as formulae.
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still provide valuable insights. Specifically, we observe that each torque control
value depends on the state of the opposite side of the agent, whether in terms
of angles or angular and linear velocities. This characteristic, which might be
obscured in an opaque policy, is crucial for achieving coordinated movement and
likely plays a significant role in the effectiveness at the locomotion task.

9.6 Concluding Remarks

In this chapter, we utilized two GGP techniques, CGP and LGP, to tackle various
continuous control problems with the aim of deriving effective yet interpretable
control policies. Our experiments across eight Mujoco environments revealed
that the graph-based policies not only achieved state-of-the-art performance on
several tasks but were also sufficiently simple to be observed and directly un-
derstood. We confirmed the inherent tendency of both CGP and LGP to produce
simple graphs, even without explicit incentives for interpretability. Namely, we
found that single-objective optimization generally performed better in striking a
balance between performance and simplicity compared to bi-objective optimiza-
tion.
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Interpretable Graph
Controllers via
Quality-Diversity

nterpretable control policies represented in graph format can be obtained with
GGP, but it encounters issues like local optima and solution fragility that re-
duce its effectiveness. QD has successfully tackled similar problems, particularly in
ANN optimization. This chapter presents a general Graph Quality-Diversity (G-QD)
framework designed to improve GGP performance through QD optimization, lead-
ing to a range of interpretable, effective, and robust policies. By employing CGP
as the GGP method and MAP-Elites (ME) as the QD algorithm, we integrate both
behavioral and structural graph descriptors. Our experiments, conducted on two
navigation and two locomotion continuous control tasks, show that our framework
generates a variety of effective policies with diverse behaviors and structures, out-
performing traditional search methods. Additionally, the solutions derived are more
interpretable, providing better insights into control tasks, and demonstrate resilience
to issues such as sensor malfunctions.

This chapter is based on the following publication: G. Nadizar, E. Medvet, and D. Wilson. Searching
for a Diversity of Interpretable Graph Control Policies. In Proceedings of the Genetic and Evolutionary
Computation Conference, pages 933-941, 2024 [301].
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10.1 Introduction

Policy search and RL are gaining attention for their potential in critical fields like
autonomous driving [12], power systems [479], and traffic management [228].
Typically, these control policies are modeled using ANNs, a complex, highly pa-
rameterized opaque model that often necessitates statistical post-hoc explana-
tions for interpretation. This raises concerns about the applicability of such mod-
els, as stakeholders in critical domains generally demand control models that are
explainable [367].

GP provides an alternative approach to policy representation by composing
high-level functions throughout the optimization process [202]. A recent survey
of the expanding IRL field reveals that several GP methods are being employed
to develop interpretable policies that can be competitive with deep RL in certain
situations [128]. Nonetheless, GP often prematurely converges to policies that
underperform compared to their deep RL equivalents, suggesting the presence
of policies trapped in local optima [189]—much like we have observed in Chap-
ter 9. Additionally, research into these interpretable policies shows that they may
evolve to rely on specific features or conditional logic, making them vulnerable
to environmental changes [458].

To address the issues of premature convergence to local optima and reduced
robustness, we investigate the use of QD to explore a diversity of policies. We
propose a framework called G-QD that integrates QD with GGP. This framework
incorporates graph structure descriptors to facilitate the search for a variety of
functional structures, alongside utilizing the behavior descriptors of the evolved
policies. We apply the G-QD framework to continuous control tasks, a particu-
larly challenging area. Our study evaluates the quality, diversity, interpretability,
and robustness of the discovered policies, demonstrating that G-QD positively
influences all these aspects compared to a baseline GA.

10.2 Related Works

The growing necessity to understand the decisions made by artificial agents in
real-world applications has led to increased interest in RL methods that generate
inherently interpretable policies, thus advancing the field of IRL [128]. Within
this framework, various policy representations and optimization techniques have
been developed, a lot of which encompassing GP, as we have thoroughly exam-
ined in Section 9.2.

However, despite such significant efforts in GP policy search, the results have
often not matched the performance of state-of-the-art RL baselines. A common
issue is the limited expressivity of some GP representations, which fall short of
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the complexity provided by large opaque models. Additionally, GP may under-
perform compared to other RL methods due to insufficient exploration and a
tendency to get stuck in local optima. To address these limitations, Ferigo et al.
[108, 111] proposed using QD optimization to evolve interpretable DTs for sim-
ple discrete action problems. Their method employs a single behavior descriptor,
specifically the entropy across the action space, and a single policy interpretabil-
ity descriptor, which is the depth of the DT. Our approach aligns with theirs, with
two key distinctions: (1) we address more complex continuous actions prob-
lems using a different GP technique, and (2) we explore multiple combinations
of higher-dimensional behavior and policy structural descriptors within a single
archive and across multiple archives.

The concept of using multiple archives to store solutions is well-established in
the QD literature. Many studies have combined Novelty Search (NS) with mul-
tiple archives to enhance exploration. For example, Doncieux and Coninx [92]
utilized this approach to automatically generate new archives for open-ended
evolution. Similarly, Morel et al. [287] and Marrero et al. [252] used multiple
archives to improve exploration in a grasping task and to generate instances for
a Knapsack problem, respectively. A closely related study is that of Cazenille
[58], who employed multiple archives within the ME variant AURORA [68] to
achieve greater solution diversity. Unlike our approach, however, Cazenille [58]
used automatically defined descriptors, while we manually define and keep these
descriptors fixed throughout the evolutionary process.

10.3 Graph Quality-Diversity

By integrating QD with GGP, our goal is to discover a diverse array of effective
and interpretable functions. Our focus is on continuous control tasks, where
the functions evolved through this process serve as control policies for tasks like
maze navigation and robotic locomotion.

Our goal is to discover a set of policies which cover diverse behaviors (the
actions taken by the policy) or diverse structural features (the graph which rep-
resents the policy). By doing so, we first aim to find high-performing functional
graphs, leveraging the exploration of QD to better escape local optima than stan-
dard GGP. By searching for a diversity of functional graph structures, we also
aim to provide a variety of solutions. As these solutions are interpretable graphs,
the goal is to enhance understanding of the problem and different approaches to
solving it. Finally, we aim to enhance the robustness of policy search to possible
real-world scenarios such as damaged sensors.

To accomplish these goals, we propose a G-QD framework that combines
GGP with QD optimization, harnessing the strengths of both approaches. In
this framework, GGP serves as the foundation, offering the representation and
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genetic operators, while QD functions as the evolutionary optimization method,
supplying the archive for storing the population and guiding the selection of so-
lutions for reproduction and survival.

We instantiate the general G-QD framework leveraging CGP as GGP technique
and CVI-ME [434, 435], which enhances standard ME (Algorithm 2.5) with a
discretization of the descriptors space based on Centroidal Voronoi Tessellation
(CVT). More details about CGP and ME are available in Section 2.3.2.

10.3.1 Behavior and Graph Structural Descriptors

To enable the application of QD optimization, we define a set of descriptors to
characterize each solution, i.e., each policy graph. As originally proposed for
robotic control tasks [70], we employ a set of behavior descriptors designed to
capture the aggregate of actions taken by each policy. For the maze navigation
tasks, we use the final location of the agent as behavior descriptor. For robotic
locomotion tasks, we use descriptors that characterize the gait of the agent based
on the duration of leg contact with the ground. The use of GGP allows for the
description of policy functions based solely on their graph properties as well. We
therefore introduce and study structural descriptors that characterize the policy
graphs, specifically the types and number of functions used. We fully detail the
employed descriptors in Section 10.4.2.

10.3.2 Combining Multiple Descriptors

In the G-QD framework, we combine behavioral and structural descriptors to ex-
tract meaningful insights and diversify the solutions. However, since both behav-
ioral and structural descriptors can be multidimensional, there is a potential risk
of increasing the dimensionality of the QD archive to the point where uniform
sampling becomes ineffective. Additionally, these two descriptor types could be
treated as independent, as the same behavior can be generated by different func-
tional graphs, and graphs with similar structures can produce different behaviors.
We therefore explore two approaches for combining the two descriptor types.

Single Archive

First, we adopt a standard ME approach, using the concatenation of behavior
and graph descriptors as the descriptor for defining the archive A (G-QD ). This
results in a dimensionality growth in the archive, as the dimensionality corre-
sponds to ny = ny + ng, where n;, and n, are the sizes of the behavior and graph
descriptors, respectively. As CVT is used for archive discretization, the number of
total cells in the archive is kept constant, even with increased dimensionality, but
the hypervolume that each cell covers is therefore increased.
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Multi-Archive

Secondly, we implement a multi-archive approach, similarly to [92, 58], with
two independent archives: (1) the first, B, with dimensionality n,, for behavior
descriptors, and (2) the second, G, with dimensionality n,, for graph structural
descriptors. In this case, we slightly modify the standard ME algorithm described
in Section 2.3.2 to accommodate the existence of two archives in the sampling
and insertion phases. For insertion, we treat the two archives as completely inde-
pendent, inserting all new individuals into both archives based on cell emptiness
and local competition, as for the standard ME (Algorithm 2.5). For sampling, we
consider three options: (1) sampling only from the behavior archive B (G-QDg),
(2) sampling only from the graph structural archive G (G-QDg), or (3) sampling
from both archives, removing duplicates if present (G-QDg ).

It is important to highlight that maintaining two independent archives could
promote the survival of distinct individuals, as two individuals might share the
same behavior descriptors but differ in graph structure, or vice versa. This setup
could facilitate the development of stepping stones that lead to better final solu-
tions or improve the robustness of the final individuals within the archives.

10.4 Experimental Evaluation

We conduct an experimental evaluation to assess various aspects of the proposed
G-QD framework. In particular, we aim at addressing the following questions:

1. Is the G-QD framework effective at finding high-performing solutions to
continuous control tasks?

2. Are the solutions found diverse? In other words, how well does G-QD
explore the behavior and the graph structural space?

3. Does the framework enhance interpretability, allowing further insights into
the considered problems?

4. Does G-QD increase the robustness of evolved policies and their resilience
to damage?

To answer these questions, we consider four control tasks with continuous ob-
servations and actions; two are maze navigation tasks and the other two are robot
locomotion tasks. We study multiple variants of G-QD to optimize graph policies
on these tasks. We also consider two baseline methods for comparison, namely, a
standard GA for evolving graphs and ME for the optimization of ANN policies. To
understand the ability of these different methods to find useful control policies,
we use the performance of the policies on the respective continuous control tasks
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(a) Point maze. (b) Robot maze. (c) Hopper. (d) Walker2d.

Figure 10.1: Benchmark tasks representations.

as fitness, and we analyze the maximum fitness achieved by each method. To
study the capacity of these methods to search for a wide range of diverse poli-
cies, we measure the coverage over the behavior and structural descriptor spaces.
Finally, we perform an analysis on the interpretability and robustness of policies
found during evolution.

We use the Kheperax [133] and Brax [120] frameworks for environment sim-
ulation, and the QDax framework [59] for the QD optimization. We release the
code for reproducing all experiments together with our experimental results!.

10.4.1 Benchmark Tasks

Navigation Tasks

The first considered navigation task is point maze, where a point-like agent has
to navigate to the exit of a maze as fast as possible. We show the maze in Fig-
ure 10.1a: the agent is initially deployed randomly within the red area, and the
task is considered solved when the agent reaches the green area. The observation
is the (z,y) location of the agent € [—1, 1]?, while the action is the movement of
the agent (Az, Ay) € [—0.1,0.1]%. The task proceeds for a total of 100 timesteps,
but is terminated earlier if the agent reaches the goal. We define the fitness as
the negative sum of the distance of the agent from the target location throughout
the episode, to promote reaching the goal as fast as possible.

The second employed navigation task is robot magze, where a Khepera-like
robot [284] has to move from the red point to the green point of the maze re-
ported in Figure 10.1b. The observation € [—1, 1]® derives from 5 sensors of two
different types: (1) three limited-range lasers placed at —x /4,0, w/4, which re-
turn the distance to the closest object within the range or —1 in the case where no
object detected, (2) and two contact sensors covering the top-right and top-left
perimeter of the robot which return 1 in case of contact with a wall and —1 oth-
erwise. The action € [—0.025,0.025]? corresponds to the velocity commands sent

Ihttps://github.com/giorgia-nadizar/QDax/tree/feat/cgp
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to the two wheels situated to the sides of the robot. The simulation is conducted
for 1000 timesteps, with early termination when the agent reaches the target lo-
cation. As for the point maze, the fitness is the negative sum of the agent-target
distance throughout the episode.

Locomotion Tasks

For the locomotion tasks, we use two tasks with legged agents from the Mujoco
suite [422], the hopper and the walker2d, displayed in Figures 10.1c and 10.1d,
respectively. The objective of the agent is to locomote as far as possible from the
initial starting point, without losing its balance. The observation corresponds to
various sensory inputs relative to the status of the agent (¢ R!! for the hopper
and € R!7 for the walker2d) and the action determines the values for the joints of
the agent (€ [—1, 1]* for the hopper and € [—1, 1]° for the walker2d). We simulate
the agents for 1000 timesteps, terminating the episode earlier if the agent falls
to the ground. We thus define the fitness by summing the distance run to the
amount of timesteps for which the agent is stable, subtracting a small penalty
term for excessive movements.

We choose these two specific locomotion tasks given the results of Chapter 9.
In fact, both these tasks showed a strong tendency of GGP towards premature
convergence in local optima. Thus, they constitute ideal test beds for assessing
whether thanks to QD we can prevent such stagnation.

10.4.2 Experimental Settings

For each of the tasks, we study six EAs: four G-QD variants and two baseline
algorithms. First, we test the four G-QD variants listed in Section 10.3.2, namely
the single archive option G-QD 4, and the three multi-archive approaches, differ-
ing only in terms of sampling (G-QDg, G-QDg, and G-QDy,g). In these cases we
set npop = 100.

Then, we consider two baselines. The first is a GA (Algorithm 2.1), with
Npop = 100, nogr = 90, nejie = 10, and neur = 3, for optimizing graphs with
the CGP representation. We include this baseline, which adopts the same policy
representation of G-QD, to study the contribution of ME in G-QD, over the use of
a standard evolutionary method that does not explicitly consider diversity. The
results obtained with this algorithm should be comparable to those of Chapter 9.

The second baseline algorithm is ME for Neuroevolution (NE) with the same
parameter settings as G-QD. As ME has been often used for NE, this baseline is
intended as a comparison to the use of a graph-based policy. For this baseline, we
consider only the behavior space B, as there is no corresponding graph structure
archive. We employ the isoline mutation variation [433] with oy = 0.005 and
oo = 0.05; we optimize MLPs with 2 hidden layers of 64 neurons with ReLU
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activation, while we use tanh as activation on the output layer. Each method
is run for a total of neyys = 1000000 evaluations and repeated 30 independent
times.

For CGP, we set npoges = 50 and we consider the following function set:
H={o+o0—00xeo0:"0o |o|7expo7sino7coso7log*o, \ﬁ*7o <o, 0>00<
0,e > 0}, where e represents an operand, and operators marked with * are pro-
tected. The last four functions are Boolean functions, where the output is 1 if
the condition is satisfied and 0 otherwise. Moreover, we add two constant inputs
to each observation, namely {0.1, 1}, thus increasing all observation dimension-
alities by 2. We include the constant inputs based on previous observations that
CGP benefits from having constant inputs in order to combine the constants later
in the graph.

For the ME archives, we use behavior descriptors of dimension n; and graph
structural descriptors (for the G-QD methods) of dimension n,. The behavior
descriptors are task dependent: we use the final (z,y) location of the agent for
navigation tasks (n;, = 2) and the percentage of ground contact of each leg for
locomotion tasks (n, = 1 for hopper, n, = 2 for walker2d). Conversely, the graph
structural descriptors are task-agnostic, as they rely only on the graph structure.
We use two descriptors (ny = 2): (1) the total number of 1-arity functions in the
active graph divided by nyqes, and (2) the total number of 2-arity functions in
the active graph divided by npeqes. Each of these descriptors is defined in [0, 1],
but their sum cannot exceed 1. Therefore, we adjust the archives generation
procedure to take this into account and avoid creating unreachable cells.

At the end of each optimization process, we perform additional analyses on
the resulting policy archives. First, we evaluate the interpretability of the poli-
cies by leveraging the ¢ metrics proposed by Virgolin et al. [445] for mathe-
matical formulae. To do so, we first extract the equations mapping the inputs
to the outputs in the graph, and then compute the median value of ¢ across
these equations. We then rescale the results with min-max normalization, with
min(¢) = 77.9 and max(¢) = 79.1, to obtain interpretability values in [0, 1]: the
greater, the more interpretable. We remark that, although interpretability is a
highly subjective notion, in Chapter 8 we have observed good correlation be-
tween the ¢ metrics and users’ preferences, thus we consider ¢ as a reasonable
proxy for interpretability.

Second, we assess the robustness of solutions by disabling each sensor of the
agent individually, i.e., always returning a 0 reading, and then measuring the
performance of the policy with a disabled sensor. In particular, we re-evaluate all
solutions (i.e., the whole final archives or the entire final population), and report
the performance of the best one for each optimization condition (random seed
and EA) and sensor disabled.
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10.5 Results and Discussion

10.5.1 Performance

To evaluate the effectiveness of G-QD at finding well-performing solutions, we
consider the fitness of the best individual in the population/archive. We display
the progression of maximum fitness over evolution in Figure 10.2, where we can
observe that evolution is occurring in all cases, with some differences among
tasks and methods. For both navigation tasks, all optimization techniques con-
verge to a plateau, whereas for locomotion tasks, we see that we could potentially
obtain increased performance for most QD methods with additional iterations.
We limit the total number of iterations based on computational cost.

Point maze Robot maze Hopper Walker2d
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— ME-NE GA-CGP — G-QD, — G-QDyz; — G-QDzy — G-QDg

Figure 10.2: Progression of the fitness collected by the best policy in the popu-
lation at each iteration; median and inter-quartile range across 30 independent
runs.

To facilitate a comprehensive comparison of the methods, we present the dis-
tribution of the fitness of the best solution at the end of the evolution for each
scenario in Figure 10.3. Additionally, we employ two statistical tools for further
analysis: the Kruskal-Wallis H-test, which allows us to evaluate multiple method-
ologies simultaneously, and the Mann-Whitney U-test for pairwise comparisons.
For the latter, we adjust the significance threshold using the Bonferroni correc-
tion. In all tests, we adopt equality as the null hypothesis.

In Figure 10.3, we first note the advantage of promoting diversity to achieve
better solutions: all QD methods outperform the GA across all tasks. This ob-
servation is supported by statistical analysis. Secondly, we find that behavioral
diversity plays a crucial role in obtaining high-performance policies. For all tasks
except hopper, the fitness distributions achieved by NE, G-QDg, G-QDpg g, and
G-QD 4 are statistically indistinguishable. However, in the hopper task, all dis-
tributions are statistically different, although those from G-QDyz and G-QDg g
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Figure 10.3: Distribution over 30 independent runs of the fitness of the best policy
in the population at the end of evolution.

are quite similar. The importance of using behavior descriptors is further sup-
ported by pairwise comparisons: in all tasks except point maze, G-QDg performs
significantly worse than all other QD methods. Relying solely on graph descrip-
tors leads to less effective results compared to when both graph and behavioral
descriptors are used to search for diversity.

Summarizing, we can answer affirmatively to our first question: G-QD is in-
deed effective at finding high-performing solutions, provided that behavior de-
scriptors are involved in the archive definition.

10.5.2 Diversity

In our second question, we concentrate on diversity. To evaluate this, we use the
coverage of the behavior and graph structural spaces as metrics. For all multi-
archive methods and the NE baseline, we calculate coverage directly from the
archives where the solutions are stored. For G-QD 4, we measure coverage in
the B or G archives by inserting all the solutions from .A into these respective
archives. The progression of this coverage throughout the evolutionary process
is presented in Figure 10.4.

The key insight from analyzing the coverage plots is that coverage is signif-
icantly impacted by both the storage method used for solutions, whether single
or multi-archive, and the sampling strategy employed. Specifically, we find that
sampling from a dedicated archive is essential for achieving diversity in the met-
ric associated with that archive.

To confirm this, we can examine the coverage in B, where G-QDy consistently
achieves the highest diversity. This method uses a dedicated archive for different
behaviors and samples exclusively from it when generating offspring. Similar
observations apply to the coverage in G, where G-QDg; demonstrates superior
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Figure 10.4: Progression of the coverage on the behavior archive B and on the
graph structural archive G at each iteration; median and inter-quartile range
across 30 independent runs.

diversification compared to all other G-QD approaches.

Thus, to achieve diversity in both spaces simultaneously—balancing coverage
in B and G—we need to consider approaches that account for both behavior and
graph structural descriptors, such as G-QD 4 and G-QDg g. However, G-QD 4
presents a poorer trade-off compared to G-QDjy g, likely due to its higher dimen-
sionality. Focusing on G-QDj g, we find that it achieves coverage in 5 compara-
ble to G-QDjy across 3 tasks, while it remains slightly behind G-QDg in terms of
g coverage.

In conclusion, also our second question receives a positive answer, although
each G-QD approach fosters diversity in the behavior and in the graph structural
space in a peculiar manner.

In addition to the quantitative analysis of coverage, we further evaluate the
diversity provided by G-QD by examining two sample archives generated with
G-QDg g, as shown in Figure 10.5. The archives presented in Figure 10.5a and
Figure 10.5b reveal patterns that offer insights into both the tasks and the CGP
representation. In the behavior archives, we observe a spatial relationship be-
tween descriptors and fitness: for the navigation task, the best-performing solu-
tions are located closest to the target point, while in the locomotion task, effective
gaits are clustered around the diagonal, indicating a balanced use of the agent
legs. In the graph structural archives, we notice a color gradient where smaller
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Figure 10.5: Sample archives from a navigation (robot maze) and a locomotion
(walker2d) task, obtained at the end of optimization with G-QDg_g. The upper-
right portion of the graph structural archives is not reachable. The black circles
O highlight the best performing policies, the red circles O highlight the most
interpretable one. The highlighted policies are reported in Figure 10.7.

solutions tend to achieve better fitness compared to more complex ones. Al-
though this might seem counterintuitive, it aligns with previous findings on CGP,
which have shown a natural bias towards smaller solutions, irrespective of the
task complexity. This pattern suggests that better solutions are more frequently
found in this area of the graph structural space because it is explored more exten-
sively. Consequently, this also explains why the coverage in the graph structural

space tends to plateau at values below 100 %: extremely large solutions are rarely
encountered during evolution.

10.5.3 Interpretability

Assessing whether G-QD enhances interpretability is a complex task. Although
graph-based policies are inherently more interpretable (as illustrated by the poli-
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Figure 10.6: Interpretability of sample archives from a navigation (robot maze)
and a locomotion (walker2d) task. The archives are the same shown in Fig-
ure 10.5.

cies shown in Figure 10.7), we have already discussed how interpretability is a
highly subjective concept [447], and not all policies are equally understandable.
Certainly, if users are presented with a broad range of high-quality and diverse
solutions, they are more likely to find at least one well-performing policy that
they can interpret. However, this assumes that the presented policies are diverse
in terms of their interpretability.

To determine if G-QD effectively diversifies in the interpretability space, we
use a metric ¢ derived from a user study on mathematical formulae, which aims
to capture some aspects of interpretability [445]. We conduct a qualitative anal-
ysis and visualize the archives as heatmaps of ¢ to examine its relationship with
the chosen descriptors. For brevity, we present only a sample of two archives
obtained with G-QDy ¢ in Figure 10.6.

Examining Figure 10.6a and Figure 10.6b, we observe a spatial dependence of
¢ on the archive G. While the colors in B appear scattered, showing little pattern,
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Figure 10.7: Selected policies, shown as graphs and corresponding equations,
for the robot maze and walker2d tasks. In graphs, input nodes are shown with
rounded angles on the right [°V and output nodes with rounded angles on the
left (“]; for inner nodes with arity 2, the second input is marked with full arrow
heads —+; for all inner nodes, the first input is marked with empty arrow heads .
For the robot maze task, the observation is (I;, ., 1., c;, c,) € R® and the action is
(v, v,) € R2. For the walker2d task, the observation is (o1, ...,017) € R and
the action is (a1, ..., as) € RE.
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G exhibits a noticeable gradient of color. This suggests that while diversifying in
the behavior space can lead to diversity in interpretability, it does not guarantee
it. In contrast, enforcing diversification within the chosen graph structural space
enables the generation of policies with varying levels of interpretability across
different regions of the archive.

This corroborates the importance of considering a G-QD approach with graph
structural diversity for enhancing the interpretability of the final solutions, thus
yielding a positive answer to our third question.

10.5.4 Robustness

Our last analysis evaluates the solutions robustness against damage. Specifically,
we assess how resilient each policy is to sensor failures. For each policy in the
final archive/population, we re-evaluate its fitness ny, times, each time disabling
the i-th input by setting it to 0. We then compute the average fitness across these
evaluations and select the best individual from the archive/population based on
this criterion. The results of this experiment are presented in Figure 10.8.
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Figure 10.8: Distribution of fitness upon validation with each sensor disabled
separately.

From the figure, we observe that G-QD 4, G-QDpg ¢, and G-QDj all perform
well in the re-assessment, demonstrating a high degree of robustness to sensor
damages. In contrast, GA exhibits poor performance, as noted in Section 10.5.1,
and NE also shows a significant performance decline under these conditions. This
increase in robustness can be attributed to two aspects of G-QD: (1) the implicit
feature selection common to all GP techniques, which likely leads to some policies
partially disregarding sensory information, and (2) the diversity aspect, which,
as originally proposed for QD [70], helps in finding solutions that rely on sensory
information in different ways to achieve their objectives.

As in previous analyses, we also conduct a qualitative assessment of the re-
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silience of various archives. In Figure 10.9, we present the graph structural
archive G obtained with G-QDy_ for the robot maze task, showing both the orig-
inal performance and the performance when each sensor is disabled. The plots
reveal interesting patterns in how fitness changes when different sensors are dis-
abled. Specifically, policies that heavily rely on certain sensors tend to cluster
in specific areas of the archive. In these clusters, disabling the corresponding
sensors results in a significant performance drop. This observation reinforces the
value of promoting diversity in the graph structural space.
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Figure 10.9: Validation of the robot maze with one sensor disabled on the graph
archive G.

10.6 Concluding Remarks

In this chapter, we introduced the G-QD framework, demonstrating the effec-
tiveness of using QD to explore a diverse range of graph-based policies within
GGP. By integrating a secondary graph structure archive with a standard behav-
ioral archive, we showed how to uncover a variety of interpretable control poli-
cies. These graph-based policies not only surpassed ANN policies found using
the same QD algorithm but also suggested that G-QD is a powerful tool for evolv-
ing high-performing and inherently interpretable policies. Additionally, we found
that maintaining a diverse archive of graph policies can enhance adaptability to
conditions such as sensor faults.
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Merging Biological
Inspiration with
Interpretability in the
Control of Embodied
Agents

In this part of the thesis, we integrate the two concepts explored in Parts I
and II—bio-inspiration and interpretability—into the control of embodied Ar-
tificial Intelligence (AI) agents. Our objective is to identify a paradigm of bio-
inspired, interpretable embodied Al that balances the complexities and advan-
tages of bio-mimicry with the trustworthiness of transparent control.

We begin by proposing more compact controllers for embodied agents in
Chapter 11, exploring the most effective optimization approach, whether via di-
rect optimization or imitation learning. Subsequently, in Chapter 12, we integrate
graph optimization with a focus on diversity to develop embodied controllers that
balance interpretability, effectiveness, and adaptability.
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11

Direct vs. Imitation Learning
for Interpretable Controllers

In this chapter, we compare various representations for the optimization of a
controller for Modular Soft Robots (MSRs), each offering a different level of ex-
pressivity and transparency. We consider Neuroevolution (NE) for optimizing Arti-
ficial Neural Networks (ANNs), a multi-tree version of Genetic Programming (GP)
for optimizing symbolic formulae, and GraphEA, an Evolutionary Algorithm (EA)
that directly evolves graphs. For each representation we conduct optimization by
simulating the robot to evaluate the controller fitness. Additionally, we investi-
gate the potential of optimizing a controller via offline imitation learning, using a
pre-optimized controller as an “expert”. We find that, under direct optimization,
multi-tree GP shows the best trade-off between interpretability and performance:
while it offers a rather compact solution representation it scores competitively with
NE. However, controllers obtained through offline imitation learning are consistently
less effective than those evolved directly. We hypothesize that this gap in effectiveness
may be explained by the possibility, given by direct evolution, of exploring during
the simulations a larger portion of the observation-action space.

This chapter is based on the following publication: E. Medvet and G. Nadizar. GP for Continuous
Control: Teacher or Learner? The Case of Simulated Modular Soft Robots. In Genetic Programming
Theory and Practice XX, pages 203-224. Springer, 2024 [257].
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11.1 Introduction and Related Works

There are numerous practical scenarios where an agent behavior is governed by
a numerical dynamical system that functions as a controller: this system pro-
cesses the agent observations over time and generates corresponding actions. A
particularly important subset of these scenarios involves robots, whether real or
simulated. In such cases, the agent observations are derived from sensory data
collected from the environment, and the resulting actions are expressed as actu-
ation values that dictate how the robot interacts with its surroundings.

It has been shown that even for complex tasks, a stateless numerical dynam-
ical system—essentially a simple multivariate function f : R™ — R™—is often
sufficient to enable a robot to perform the required task effectively [182, 265].
This is possible because the state necessary to solve the task, which acts as a
memory of past observation-action pairs encountered by the agent, can be stored
in the robot body, the environment, or both, rather than within the controller
itself [315]. This is particularly true for robots with complex body dynamics, as
MSRs, which can even exhibit forms of morphological computation [330].

It is not surprising, then, that ANNs, e.g., Multi-Layer Perceptrons (MLPs),
have been widely utilized as multivariate functions for controlling robotic agents,
owing to their strong approximation capabilities [75]. For controllers that use
ANNs as multivariate functions, NE has proven to be an effective approach for
optimization [116], constituting a scalable alternative to Reinforcement Learning
(RL) [371].

Despite their success and large diffusion, ANNs have some limitations, par-
ticularly when interpretability is crucial. In high-risk environments, where un-
derstanding the behavior of the robot controller is critical, the opaque and over-
parameterized nature of ANNs can be a disadvantage. The complexity of these
networks makes it challenging to analyze or reason about the robot decision-
making process [103], raising concerns in safety-critical applications.

To address this, alternative techniques that produce more interpretable con-
trollers, while still being effective, have been explored—namely within the fields
of Explainable Reinforcement Learning (XRL) and Interpretable Reinforcement
Learning (IRL). Simple mathematical functions or concise graphs, as opposed to
over-parameterized ANNs, can offer transparent and understandable alternatives
to ANNS, particularly in scenarios where the ability to assess and explain a robot
behavior is important.

One promising approach for generating such interpretable functions is tree-
based GP [266, 18]. Traditionally used for solving univariate regression prob-
lems, GP has shown success in approximating complex functions, and its flexibil-
ity suggests it could be applied to multivariate functions as well [211]. In fact,
numerous GP variants have been developed in which the optimized structure is
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not a tree but rather a graph [117], a structure that can inherently represent a
multivariate function.

There is a substantial body of literature on the use of GP variants for robot
control, as discussed in Section 9.2. However, most of these works focus on rela-
tively simple, rigid-body robots and straightforward tasks. These studies demon-
strate that GP can be effective in such constrained settings where the complexity
of the input-output mappings is limited, and the physical dynamics of the robot
are not too intricate. We have reached similar conclusions in Chapters 9 and 10,
where we explored two Graph-based Genetic Programming (GGP) techniques.
While these techniques have shown some promise, our findings indicate that
GP-based approaches tend to struggle when applied to more complex robotic do-
mains, particularly those involving robots with a higher number of inputs and
outputs, or tasks that require mapping intricate relationships between sensory
data and actions.

Given these premises, it is unclear whether simple representations can ade-
quately handle a complex scenario like that of Voxel-based Soft Robots (VSRs),
which involve intricate body dynamics and demand precise coordination among
their modules to achieve effective behaviors. Therefore, in this chapter, we aim
to compare different representations—specifically, traditional ANNs versus more
concise alternatives—in the context of VSRs for a locomotion task. We consider
three representations: (1) a form of NE in which only the weights of the ANN are
optimized through a Genetic Algorithm (GA), (2) a multi-tree version of GP, and
(3) GraphEA [256], a recently proposed GGP technique.

We compare the three EAs in two ways. First, in their ability of evolving a
controller through simulation, i.e., driven by a fitness function that measures the
ability of the candidate controller to make the robot perform the task. Second,
we evaluate their ability to evolve a controller through offline imitation learning,
where the fitness function measures how closely a candidate controller replicates
the observation-action pairs of another controller (the expert). In this scenario,
the three EAs are used to solve a regression problem based on data collected
by observing the expert controller during a simulation. These two scenarios dif-
fer significantly: in the first, evolution can freely explore the observation-action
space during each fitness evaluation by interacting with the environment; in the
second, this exploration is not possible.

The rationale for using imitation learning in this context is two-fold: (1) GP
is known to be highly effective at solving regression problems, and (2) learning
from an already optimized controller in an offline setting may accelerate the
process, considering that the original controller might be optimized with more
sample-efficient techniques (or even be available “for free”) and that regression
is not a computationally expensive task. Furthermore, as discussed in Chapters 9
and 10, one of the challenges with GP techniques is their tendency to get trapped
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in local optima. By imitating an optimal controller, we hypothesize that we may
guide the search process toward better solutions, potentially avoiding some of
these pitfalls. Although previous studies suggested that imitation learning often
fails with GP [437, 150], we still consider it in this work due to the unique nature
of VSRs, which differ significantly from the scenarios explored in those studies.

Our experimental results show that GP (in its multi-tree variant) performs
almost on par with NE in direct evolution, while offering a much more compact
and interpretable representation. However, consistent with findings in the lit-
erature, we observe that imitation learning is largely ineffective: although the
resulting controllers can accurately replicate the observation-action pairs of their
respective expert controllers, they fail to perform effectively when applied to the
actual task in a simulated robot environment.

11.2 Evolutionary Optimization of VSR Controllers

In this chapter we rely on the distributed controller with explicit communication
for VSRs, presented in Section 2.1.3. Namely, we use the non-directional com-
munication version (i.e., the n. communication values computed in each voxel
are equally fed to all 4 adjacent voxels) and we experiment with n. € {1,3}. We
equip each voxel with the same controller and we set the control frequency to
fo = 5Hz to explicitly discourage vibrating behaviors. We remark that in this
chapter we consider multivariate functions as controllers, i.e., we implement the
output functions f; ¢ while neglecting the possible existence of a state and of a
state update function within each controller.

Concerning the robot morphology, we consider VSRs with a biped shape, B,
which consists of 10 voxels arranged in a 4 x 3 grid. As already observed in
the chapters in Part I, this morphology is well-suited for the locomotion task
and is generally representative enough, with minor differences observed w.r.t.
other morphologies. We equip each voxel with area, touch, and x and y velocity
Sensors.

Given these parameters, the controller of the VSR is a function f : R® — R™,
with n = 4 + 4n,, corresponding to the 4 sensors and the n. communication
values coming from the 4 adjacent voxels, and m = 1 + n., corresponding to
the actuation value and the n. communication values. Note that in this case the
dimensionalities of the input/output spaces of the controller function, n and m,
are not dependent on the VSR size, i.e., they are independent of its number of
voxels.

In the following we briefly describe the considered controller representations
and their optimization with Evolutionary Computation (EC). In all cases, we aim
to optimize a control function that results in a VSR able to perform locomotion.
To this end we drive the evolution with a fitness function ¢ which measures the

- 208 -



11.2 Evolutionary Optimization of VSR Controllers

quality of a candidate solution as a single value in R. We detail in Section 11.3
what ¢ exactly measures: in brief, it operates by running a simulation where the
robot equipped with the controller under evaluation, i.e., the candidate f, faces
a task. The larger the value of ¢(f), the better the solution.

11.2.1 MLP-based Controller

In this variant, we use an MLP as the multivariate control function (see Sec-
tion 2.2.1). We set the input layer size to n, the output layer size to m, and we
use a single hidden layer with size |0.65n |, as done in previous works using MLPs
as distributed controllers for VSRs [338]. We use tanh as activation function for
all neurons. Hence, the overall number |6| of parameters describing an MLP is
m(|0.65n] + 1) + [0.65n](n + 1). In the two configurations we consider for our
experiments, i.e., with n. = 1 and n. = 3, n and m are respectively 8, 2 and 16, 4,
and hence |0 results being 57 and 214.

We optimize the MLP parameters 0, i.e., we perform a variant of NE, with
the GA of Algorithm 2.1. We implement the init () function by sampling each
individual from a uniform distribution U([—1, 1])?. Concerning the variation, i.e.,
the variate() operator, we either perform crossover (with probability pyover) OF
mutation (with probability 1 — pxover). For crossover we use an extended geomet-
ric crossover, i.e., we compute a weighted average of the two parents py, ps, as
p1+a® (p2—p1)+ B, with a sampled from a uniform distribution U(—0.5,1.5)?
and 8 sampled from a normal distribution N (0, oxover)?. Conversely, for the mu-
tation we employ a standard Gaussian mutation of opyy;.

In our experiments, we set pxover = 0.8, Oxover = Tmur = 0.35, Npop = Noff =
100, Meite = 0, Teour = 5, and Neyals = 10 000.

11.2.2 Multi-Tree-based Controller

In this variant, we use an array of m regression trees, each representing a symbol
formula, for encoding the multivariate function f. We define a regression tree
for a regression problem R” — R as a tree where terminal nodes are labeled
with either a variable in X = {x;,...,2,} or a constant in C C R and non-
terminal nodes are labeled with an arithmetic operator in H (the function set).
We assume that operators in H may have different arities and that regression
trees are valid in terms of arity: that is, if a node is labeled with an operator A
with arity n, then it has exactly n; children nodes. In this work, based on our
previous experience, we set H = {+, —, x, =*}, where all the operators have the
same binary arity and +* is the protected division, and C' = {0,0.5,1,...,5}.
More sophisticated options are known in literature for incorporating numerical
constants in regression trees, as ephemeral random constants [339, 446]: for
the sake of simplicity, we do not employ them here and leave their investigation
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to future work. We denote by T), ;7 ¢ the set of all the possible trees defined as
above.

For expressing a multivariate function f : R™ — R™ suitable to be the con-
troller of a VSR, we use an array ¢t = (¢1,...,%,) of m trees in T}, u ¢, rather then
a single tree. Hence, we define f as:

y = f(x) = [tanh (¢; (x)) ... tanh (¢; (2))], (11.1)

where t; (x) € R is the result of the application of the tree ¢; to the point x € R".
We apply tanh to the result of the application of the tree to ensure that the output
of f isin [—1,1]™, as required by the VSR. We denote by T, ,,, m,c the set of all
the possible arrays of m trees, i.e., Ty m,n,c = 1,y - We remark that the trees
in ¢ are independent from each other. /

To optimize an array of trees, i.e., to search the space T, ,,, i,c, We propose
an adaptation of Algorithm 2.1—multi-GP. As initialization we use the ramped-
half-and-half method [246], repeated m times for each individual to generate an
array of trees. Concerning the variation we use three genetic operators. The first,
chosen with probability pyover/2, is an element-wise standard subtree crossover,
which combines the corresponding trees of the two parents. The second, chosen
with probability pxover/2, is @ uniform crossover, which select each tree in the
array from either parent. The last, chosen with probability 1 — pyover is @ standard
subtree mutation, which is applied to all trees in the array independently. Both
the initialization procedure and the genetic operators output arrays of trees in
which each individual tree depth is granted to be in [dmin, dmax]. More details
about the initialization and genetic operators are available in Section 2.3.2.

In addition, we also incorporate a mechanism for favoring diversity in the
population. Namely, we simply avoid inserting in the offspring those newly gen-
erated individuals which are already part of the offspring or the parent popu-
lation, i.e., those which are duplicates. According to this mechanism, inspired
by [24], multi-GP re-tries to generate individuals for up to nagempts times; if it
fails, the duplicate individual is accepted. This diversity mechanism is particu-
larly important since the search space T, ,, u,c is discrete, differently from R? of
the previous case, and hence the risk of premature convergence due to lack of
diversity is not negligible [397].

In our experiments, and according to our previous experience, we set pyover =
0.8, TNpop = Toff = 100, neiite = 0, Ntour = 9, Nattempts — 100, dmin = 3, dmax = 8,
and Neyas = 10 000.

11.2.3 Graph-based Controller

In this variant, we use a graph as the multivariate function, similarly to what
we have done in Chapters 9 and 10. More specifically, we consider directed
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graphs with unlabeled edges whose nodes can be of four types: input, constant,
hidden, or output. For a multivariate regression problem R” — R™, input nodes
are labeled with variables in X = {1, ..., z,}, constants nodes are labeled with
constants in C' C R, hidden nodes are labeled with arithmetic operators in H, and
output nodes are labeled with variables in Y = {y1,...,ymn}. We enforce a few
constraints on the structure of the graphs. Each graph ¢ has to: (1) be acyclic;
(2) contain exactly | X |= n input nodes, each labeled with one different variable
in X; (3) contain exactly |C| constant nodes, each labeled with one different
constant in C; (4) contain exactly |Y'|= m output nodes, each labeled with one
different variable in Y; (5) have no incoming edges to input and constant nodes,
no outgoing edges from and exactly one incoming edge to output nodes, and the
correct number of incoming edges (corresponding to the arity of the label) to
each hidden node. We denote by G,, ,,, u,c the set of all the graphs that meet
these requirements.

When we compute the output y € R™ from the input & € R” using a graph
g € Gy.m,u,c, we do as we do for regression trees. For each j-th element y; of y,
we consider the tree ¢ € T}, i ¢ defined by the subgraph starting from the output
node labeled with y; and following only incoming edges: then, we compute the
value of y; using that ¢. Similarly to the case of arrays of tree, we use tanh on
the output of ¢ to make it fall in [—1, 1].

In this work, based on our experience and on [256], we use the same set of
constants as for the arrays of trees, i.e., we set C = {0,0.5,1,...,5}, and we set
H = {+,—, x,+*,log"}, where log" is the protected logarithm with unary arity.

We search the space G,, ., g,c of graphs, driven by the fitness function ¢, by
means of the GraphEA algorithm [256]. In brief, GraphEA evolves a fixed size
population of graphs using a number of unary genetic operators (i.e., mutations
defined over graphs) in the reproduction phase. In order to protect the innova-
tion introduced by those operators, GraphEA employs a speciation mechanism,
inspired by the one of NeuroEvolution of Augmenting Topologies (NEAT) [401]:
as a side effect, this mechanism favors the diversity in the population. Moreover,
GraphEA enforces structural constraints on graphs by performing the correspond-
ing validity checks: whenever a check fails after the generation of a new individ-
ual, that individual is discarded and a new one is built. We refer the reader to
[256] for further details.

In our experiments and following [401], we set npop = noff = 100 and neyas =
10 000; for the other parameters, we use the default values of [256].

11.3 Experimental Evaluation

We perform a twofold experimental campaign. First, we aim at assessing the
performance of the various representations proposed for “directly” evolving con-
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trollers for VSRs: we describe these experiments in Section 11.3.1. Second, for
gaining deeper insights in the experimental findings, we employ the same three
EAs (NE, multi-GP, GraphEA) as learners from the controllers optimized through
direct evolution, which act as experts: we describe these experiments in Sec-
tion 11.3.2.

In both cases, we target the problem of optimizing a controller for the task
of locomotion. Since we consider a 2-D scenario, locomotion is indeed directed
locomotion, i.e., the VSR has to run the fastest possible along the positive z-
direction. We use the average x-velocity v, of the VSR during a simulation of 30s
(simulated time) as fitness, i.e., we set ¢(f) = v,. For computing v,, we simply
consider the distance between the x-position of the VSR center of mass taken at
t = 0s and its z-position taken at ¢ = 30s. Differently from most experiments
conducted in Part I, here we do not discard the initial transient of the simulation
for the fitness evaluation to also assess the response speed of each controller.

For increasing the difficulty of the task, we make the VSR run on a slightly
uneven, rather than a flat, terrain. This way, controllers that better exploit the
sensors should be more capable of adapting to the terrain unevenness, eventually
being faster.

We perform the experiments using 2D-VSR-Sim [261] for the simulation. All
our results are publicly available!.

11.3.1 Direct Evolution of the Controller

For this part of the experimental campaign, we apply the three EAs described
above to the problem of evolving a VSR controller for the task of locomotion. We
perform 10 evolutionary runs for each EAs by varying the random seed.

Figure 11.1 reports the results of this experiment. It shows the fitness v, of
the best individual in the population during the evolution, one plot for each of the
two values of n.. Several interesting observations may be made from Figure 11.1.

First, both NE and multi-GP appear capable of evolving effective controllers
within the budget of ney,s = 10000 fitness evaluations. This conclusion is sup-
ported by the following observations: (1) for these two EAs, the best fitness v,
curve stabilizes in the later stages of evolution, and (2) the absolute values of v,
are comparable to those reported in other studies involving similar robots and
in Part I. Additionally, we confirm that they effectively produce effective gaits by
visually inspecting the behaviors of several evolved VSRs?.

Second, multi-GP appears to be on par with NE with n. = 3 and slightly worse
with n. = 1. For the former case, multi-GP is as effective and as efficient as NE;

Thttps://github.com/ericmedvet/2023-GPForContinuousControlAndLearning
2Videos of the VSRs obtained with the first random seed and n. = 1 are available at https:
//github.com/ericmedvet/2023-GPForContinuousControlAndLearning/tree/main/videos.
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Figure 11.1: Median and inter-quartile range (across 10 runs) of the velocity v,
of the best individual along fitness evaluations.

that is, it achieves the same values of v, in the same number of evaluations.
Interestingly, with the smaller search space corresponding to n. = 1, multi-GP
achieves lower values of final v, than with n. = 3, while NE does the opposite.
This discrepancy may be explained by the fact that a larger number of communi-
cation channels facilitates reactive behaviors through higher values of exchanged
communication. These larger values are more readily achieved with multi-GP,
which can utilize operators (such as +*) that easily generate large outputs from
small inputs. In other words, trees might be more adept at implementing a sort
of bang-bang control [29], where abrupt changes in actuation and communica-
tion values lead to effective gaits. Indeed, visual inspection of the videos of the
evolved robots reveals that those controlled by trees generally exhibit less smooth
movements compared to robots controlled by MLPs.

Third, unlike NE and multi-GP, GraphEA struggles to evolve effective con-
trollers, achieving significantly lower values for v, by the end of the evolution.
Additionally, the v, curve does not appear to converge to a plateau. We hypothe-
size that this lower effectiveness may be due to the default speciation mechanism
settings in GraphEA, which could contribute to a slower evolution process.

Continuing our analysis, we present the size of the best solution in the pop-
ulation throughout the evolution in Figure 11.2. For NE, the size is represented
by |0| for each individual. For multi-GP, the size is the sum of the sizes of the
trees in the array. For GraphEA, the size is calculated as the sum of the number of
nodes and edges in the graph. Figure 11.2 serves various purposes, as supporting
the interpretation of the lower effectiveness of GraphEA and gaining additional
insights w.r.t. interpretability.
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Figure 11.2: Median and inter-quartile range (across 10 runs) of the solution size
of the best individual along fitness evaluations.

Two interesting observation can be made by looking at Figure 11.2. First,
the size of the best arrays of trees for multi-GP seems to stabilize after about
5000 fitness evaluations. In contrast, the size of graphs in GraphEA continues
to increase throughout the evolution. We interpret this continuous growth as an
indication that GraphFEA is significantly slower and less efficient in optimizing
solutions for the case study compared to the other two methods.

Second, the size of the solutions evolved with multi-GP is only slightly larger
in the n, = 3 case compared to the n, = 1 case. Given that the size of an array
of trees is the sum of the sizes of the individual trees and that there are m = 4
trees for n. = 3 and m = 2 for n. = 1, it follows that the trees for n. = 3 are
generally simpler. This suggests that effective behavior can be achieved through
simpler processing of the inputs. Moreover, this highlights how even compact
controllers, potentially more interpretable, can yield effective behaviors.

11.3.2 Offline Imitation Learning

After having compared the three EAs in their ability to evolve effective controllers
through direct experience of the environment where the robot is immersed, we
investigate experimentally the possibility of obtaining a controller by making it
“behave like” another, pre-evolved controller. For this aim, we proceed as follows:

1. we take the controllers evolved in the previous experiment and, for each

of them, perform one simulation saving a dataset containing all the input-
output pairs it handles;
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2. for each dataset and each EAs, we perform a few evolutionary optimiza-
tions for obtaining a multivariate function that fits the dataset, driving the
evolution with a fitness function measuring the error on the dataset (to be
minimized);

3. we take each of the functions obtained at the previous step and put it in-
side a VSR, as a controller, and measure the velocity v, it achieves in a
simulation.

Concerning the first step, and considering that we actually use the f inside
the controller every 0.2s, we obtain a dataset (x;,y,); of 10-30 -5 = 1500 input-
output pairs out for each controller evolved in the first experiment. We further
reduce the size of each dataset by even sampling to ny = 375 pairs. This way, we
obtain 10 datasets for each of the three EAs, i.e., a total of 30 + 30 datasets given
by the two values for n..

For the second step, we use the same EAs used in the first experiment. How-
ever, we use the Average Mean Squared Error (aMSE), i.e., the Mean Squared
Error (MSE) on each output variable averaged across the output variables, as
fitness function:

j=m i

1 1
m < ng
Jj=1

Il
3

(fj(xi) — yi,j)Qa (11.2)
1

q(f) =

<.

where f;(x) is the j-th element of the vector in R obtained by applying f on
x € R™. We apply each EAs to each dataset 5 times, by varying the random seed,
hence performing 5 - 3 - 30 = 450 runs for the case of n. = 1 and 450 runs for the
case of n. = 3—we keep the two cases separated since the dimensionality of the
dataset, and hence of the function to be optimized to fit them, is different. We
call expert the EAs used for evolving the controller which generated each dataset
and learner the EAs that we use to obtain a multivariate function given a dataset,
i.e., to fit the dataset.

Finally, for the third step, we take each of the 450 + 450 evolved functions
and use it inside a controller of a VSR for which we measure the velocity v, it
achieves in a 30 s simulation.

We recall that the key difference between evolving a function through simula-
tion and evolving one to fit a given dataset is that, in the first case, each function
being evaluated is potentially able to obtain input-output pairs that facilitate the
evolution. Differently, in the second case, the input-output pairs are given and
cannot be changed. This difference between direct evolution and offline imitation
may be of practical relevance if what the function is expected to do is to gener-
ate an effective behavior on a generally large input space, rather than “simply”
approximate it on a few points.
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Evolution of Functions from Data

Figure 11.3 displays the results of the first step in the form of six line plots show-
ing how the fitness aMSE of the best solution changed during the evolution. The
figure shows one plot for each combination of expert EAs and value of n.; within
the plot, the line color corresponds to the learner EAs.
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Figure 11.3: Median and inter-quartile range (across 10 runs) of the average MSE
of the best individual along fitness evaluations, one column per expert, one row
per n..

The first observation is that, generally, all three EAs appear to be effective
learners, as evidenced by the steady decrease in the aMSE during evolution. In
most cases, particularly for multi-GP, the budget of neys = 10000 is sufficient to
reach a plateau. This is not particularly surprising, given that all three EAs have
demonstrated the capability to handle regression problems effectively.

However, there are differences among the combinations of expert and learner.
As a learner, NE appears to be the most effective: it achieves the lowest aMSE at
the end of evolution in 4 out of 6 cases, with 3 of these cases showing particularly
strong performance. NE only struggles with n, = 3 when the expert is not NE.
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This observation aligns with the findings discussed in Section 11.3.1: it seems
that the functions evolved by multi-GP (and GraphEA) produce effective gaits
in a fundamentally different manner compared to those evolved with NE. This
difference is likely due to the distinct ways in which the two representations
model multivariate functions.

Regarding multi-GP, Figure 11.3 illustrates that it quickly achieves a decent
aMSE on the data but often reaches a plateau thereafter. Notably, the highest
aMSE occurs when the expert is multi-GP with n, = 3. This indicates that multi-
GP as a learner struggles to effectively imitate the behaviors it produced as a
expert.

Finally, consistent with the results from direct evolution, GraphEA appears to
be notably less effective compared to the other two EAs. It is generally slower
and achieves the highest aMSE in all cases except one.

Learned Functions Used as Controllers

We take the 450+ 450 functions evolved in the previous experiment and put them
inside VSRs for assessing their ability to generate behaviors that are effective for
locomotion, i.e., good gaits.

We show the results of this evaluation in Table 11.1. The table shows, for
each combination of expert EAs, learner EAs, and value of n., the 50-th (i.e., the
median), 75-th, and 90-th percentile of the 50 v, values (5 random seeds and
10 datasets) obtained through simulations. We report also the 75-th and 90-th
percentile, instead of just the median, because the observed velocities were in
general very low (see, for a comparison, the range of the y-axis of Figure 11.1).

The key observation from Table 11.1 is that offline imitation learning gen-
erally fails in terms of performance. None of the combinations of learner and
expert achieves a median v, value comparable to the median values obtained
through direct evolution. This holds true across all learner-expert combinations.
The highest median v, is achieved when both the expert and learner are multi-GP
with n, = 3; however, this value is 0.15 m/s, while it was approximately 2.75 m/s
with direct evolution.

Examining the best controllers learned through offline imitation learning,
specifically at the 90-th percentile, reveals that the most effective combination
is when NE learns “from itself” with n, = 1. This case of NE with n, = 1 was also
the top performer in direct evolution. However, a noticeable difference remains:
with offline imitation learning, the 90-th percentile value is 1.79 m/s, whereas in
direct evolution, the median value is approximately 3 m/s.

By visually inspecting the behaviors produced by controllers learned through
offline imitation we find them generally quite sloppy. While the VSR is capable
of generating a gait-like movement, it appears to be “out-of-sync” and clearly
ineffective in advancing the robot efficiently.
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Expert— NE Multi-GP GraphEA
n. Learner|  50-th 75-th 90-th 50-th 75-th 90-th 50-th 75-th 90-th
NE 0.12 1.03 1.79 0.04 0.17 0.54 0.03 0.16 0.56
1 Multi-GP  0.00 0.02 0.07 0.04 0.14 0.24 0.02 0.06 0.11
GraphEA  0.00 0.01 0.06 0.05 0.06 0.13 0.00 0.04 0.10
NE 0.04 0.17 0.70 0.12 0.25 0.48 0.01 0.08 0.23
3 Multi-GP  0.00 0.00 0.01 0.15 0.20 0.36 0.02 0.20 0.35
GraphEA  0.00 0.00 0.01 0.00 0.04 0.17 0.00 0.01 0.20

Table 11.1: x-velocity v,. obtained by the learned controllers for different experts
(groups of columns) and values of n. (groups of rows). For each combination of
expert, learner, and n. value, we show the 50-th (i.e., the median), 75-th, and
90-th percentile of the 50 v, values obtained for that combination.

From a broader perspective, these results show that direct evolution produces
functions that are much more robust than those obtained through offline imita-
tion learning. Moreover, multi-GP appears to suffer more than NE from this lack
of robustness: we attribute this weakness to the way GP represents numerical
functions, which is very suitable for solving “static” Symbolic Regression (SR)
problems, but may not be as effective when the functions are inserted in a dy-
namical system whose dynamics may be complex.

11.4 Concluding Remarks

In this chapter, we compared three EAs and their respective representations for
evolving MSRs controllers for the task of locomotion. We considered a setting
with controllers embedded within the voxels, able to perceive local sensory infor-
mation and to communicate with adjacent voxels. As representations we consid-
ered (1) an MLP optimized with NE, (2) an ensemble of GP trees, and a (3) graph
optimized with a custom EA, GraphEA. We assessed the approaches by both di-
rect evolution, i.e., by letting the controller interact with the environment, and
by imitation learning, i.e., by optimizing the controller to mimic the behavior of
some other controller. Our findings revealed that a compact representation based
on trees performs comparably well as more complex MLPs when trained directly;
GraphEA, instead, was generally less effective. We also observed the consistent
failure of imitation learning, which highlighted that, due to strong coupling be-
tween body dynamics and controller, direct interaction with the environment
upon optimization is fundamental.
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n the path towards truly autonomous robots, embodied agents will require to
be adaptable to unforeseen circumstances. Yet, most robotic agents still suf-
fer from significant performance degradation when scenarios change slightly, with
many even failing their tasks entirely. In contrast, organisms in nature exhibit
strong adaptability, largely due to bio-diversity, which has prevented the extinction
of life throughout severe environmental changes. The concept of Quality-Diversity
(QD) aims to emulate this natural resilience, yielding robust results through diver-
sification of embodied agents in the behavior space. However, in nature, diversity
occurs simultaneously at multiple levels: body, brain, and behavior. In this study
on simulated embodied agents—namely MSRs—we investigate these levels introduc-
ing the Body-Brain-Behavior Quality-Diversity (3B-QD) framework, to determine
the most critical scope for diversity in fostering generality and robustness. We ex-
tend our evaluation to two controller representations, involving both complex ANNs
and more compact interpretable graphs. Our findings for both cases confirm the
paramount importance of behavior diversity, but highlight how it is closely followed
by body diversity, which plays a pivotal role in specific environments. Lastly, we ob-
serve that brain diversity, while offering potential for various insights, has a minor
impact on overall generality.

This chapter consists of unpublished material.
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12.1 Introduction

The need for autonomous robots has become increasingly evident as they are
tasked with substituting or aiding humans in complex and risky operations. In
hazardous environments, robots are often deployed to minimize human exposure
to danger. However, such environments are prone to unexpected situations or
damages that may compromise the robot effectiveness. In these scenarios, robots
must maintain their ability to function, even when faced with challenges they
were not explicitly optimized for, without becoming a burden or failing in their
tasks.

Observing the natural world offers a valuable lesson on adaptation and sur-
vival. Throughout evolutionary history, life has consistently evolved and adapted
to survive, even amidst drastic environmental changes. A critical factor in this
survival has been biodiversity: while certain species perished, others thrived be-
cause of their unique characteristics [421]. In many cases, traits that may have
seemed less advantageous in stable environments became essential for survival
in times of change. This is a direct result of biodiversity preserving these traits
across species, ensuring the survival of life despite uncertain futures.

This biological lesson has inspired developments in the artificial domain, par-
ticularly with the emergence of techniques such as QD algorithms [69]. Algo-
rithms like Novelty Search (NS) [219] and MAP-Elites (ME) [291] have been de-
signed to explore search spaces by discovering diverse solutions, many of which
may initially seem suboptimal. However, these diverse solutions often act as step-
ping stones for future innovation [124], eventually leading to better adaptations.
In robotics, this diversity is invaluable, as a variety of solutions can help the sys-
tem adapt to damage—e.g., a robot might find alternative ways to function if one
of its legs becomes damaged [70].

Despite the progress made through artificial diversity, most of the research has
primarily focused on behavioral diversity [293]. While this approach has shown
significant benefits, biological systems diversify along multiple dimensions, in-
cluding also body structure and neural connectivity [365]. These additional di-
mensions of diversity can also be explored in artificial systems. In particular, in
modular robots, e.g., VSRs, both the controller (“brain”) and the physical body
can be optimized and, in some cases, even reconfigured during their operational
lifespan [475, 368].

Another crucial factor in bringing autonomous robots into everyday life is
their trustworthiness [194]. Performance alone is not enough—robots must also
be transparent in their decision-making processes to ensure safety and build pub-
lic trust [473]. Transparency in how robots make decisions not only aids in
safety but also facilitates broader societal acceptance of autonomous robots in
daily use [461].
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In this work, we have a two-fold goal of addressing both the possibility of
achieving robustness through diversity and the interpretability problem. We
consider the case-study of simulated VSRs, which are particularly well-suited as
(1) they strongly mimic biological organisms with their soft compliant structure,
and (2) they can be optimized both in the body and the controller. First, we
explore diversity across multiple axes—body, brain, and behavior—to develop
more adaptable VSRs. To this end, we propose the 3B-QD framework, illustrated
in Figure 12.1, which we test for robustness by transferring robots optimized for
one task to related tasks, simulating unforeseen environmental changes. Second,
we involve controller representations that are inherently interpretable. There-
fore, we compare traditional ANNs with a graph-based representation optimized
with Cartesian Genetic Programming (CGP) [276], to assess whether transparent
representations can perform on par with opaque ones.

Our results confirm the paramount importance of diversity in addressing un-
foreseen changes in robot tasks. Furthermore, we demonstrate that different
axes of diversity contribute to generalization in unique ways, with body diversity
playing a key role, followed by behavior and body diversity. Last, we highlight
how with suitable optimization techniques it is possible to yield interpretable
controllers matching the performance of more complex opaque ANNS.

12.2 Related Works

Bio-diversity plays a critical role in ensuring the robustness of life on Earth,
serving as a fundamental trait for resilience and adaptability in various ecosys-
tems [421]. This has been particularly highlighted in the context of climate
change, where it is key to the survival of species under shifting conditions [289].
Drawing inspiration from biological systems, the field of robotics has also ex-
plored the concept of diversity, particularly in relation to finding better and more
adaptable and robust solutions. However, the majority of the research associated
with the key words “diversity” and “robotics” primarily concentrates on behav-
ioral diversity rather than structural or cerebral diversity.

Early works in this area proposed leveraging behavioral diversity to achieve
improved solutions, often through NS in a multi-objective setting (with perfor-
mance as the other objective). Behavioral diversity has been effectively used to
address challenges such as the bootstrapping problem, i.e., the initial lack of fit-
ness gradient, in EAs [292], as well as to avoid stagnation in highly-attractive
local optima [93, 293].

Interestingly, even in cases involving modular robots like VSRs, where the de-
sign space is highly optimizable, most of the focus has remained on behavioral

1 According to a research by keywords on Google Scholar.
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diversity. For instance, Methenitis et al. [270] leveraged NS to obtain a diversity
of VSR trajectories under varying environmental conditions for space exploration.
Similarly, Gravina et al. [131] combined surprise and novelty to explore the be-
havioral space, while characterizing the diversity of the resulting morphologies
post-hoc, demonstrating how morphological diversity could emerge. Lastly, Daly
et al. [76] employed ME with two hand-designed behavioral descriptors to diver-
sify VSRs, yielding innately more robust solutions.

Shifting focus to morphological diversity, several studies have examined how
environmental differences drive the natural emergence of diversity [16]. Among
these, the most relevant to this work is the study by Miras et al. [278], where the
authors introduced descriptors for the controller, body, and behavior spaces. Yet,
unlike this study, they focused solely on observing how environmental changes af-
fect diversity across these axes, without directly fostering it. Notably, research has
shown that when co-optimizing body and brain, morphological diversity tends to
diminish over time [327], highlighting the need for mechanisms that specifically
encourage morphological diversity during optimization.

In this direction, several approaches have been proposed to foster morpho-
logical diversity. For example, Lehman and Stanley [220] introduced the use
of NS in a multi-objective setting to prevent premature convergence. Building
on this, Samuelsen and Glette [374] applied NS to both the space of morpho-
logical graphs and feature spaces of modular robots, later transferring solutions
to the real world and demonstrating how different morphologies were variably
impacted by the reality gap [375]. In other works, diversity was incorporated
directly into composite fitness functions to guide the evolutionary process [277].
Notably, De Carlo et al. [82] introduced an artificial speciation mechanism based
on morphological differences to preserve diversity within evolving populations.
The ME algorithm has also been effective in this domain, as shown by Veenstra
et al. [436], who demonstrated its ability to promote morphological diversity
with a generative encoding of 2D virtual agents. Comparative studies, such as
those by Nordmoen et al. [319], further highlighted the superiority of ME over
multi-objective search in maintaining diversity, as well as its usefulness in evolv-
ing robots that are more adaptable to new environments [320]. Most recently,
Mertan and Cheney [269] utilized ME to generate a morphological diversity of
VSRs, which were later distilled into a “general” controller capable of handling a
broader range of morphologies.

Last, several works addressed multiple axes of diversity in robotic systems.
These are the closest to our study. For instance, Gravina et al. [132] explored
the evolution of VSRs using a “nested” ME framework, employing body descrip-
tors for defining the ME grid and relying on variants of behavior-based NS for
selection. Similarly, Zardini et al. [471] examined both brain and body features
in ME for tensegrity soft modular robots, using a multi-archive approach (sim-
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ilarly to our study of Chapter 10). Both these works are strongly related with
ours, but both neglect one dimension which we consider: the controller in [132],
and the behavior in [471]. In other studies, Medvet et al. [263] utilized hand-
defined classes of behavior and morphology for VSRs, classifying individuals via
an automated Machine Learning (ML) pipeline according to some extracted de-
scriptors [338]. Their approach encompassed a speciation mechanism inspired
by NEAT to maintain diversity. Relying on similar descriptors and ME, Ferigo
et al. [110] investigated the interplay between evolvability, fitness, and diver-
sity in VSRs. Our work is closely related to these, but differs from them in that
(1) we focus on three axes of diversity separately (brain, body, and behavior),
and (2) we consider also an interpretable type of controller for VSRs.

12.3 Body-Brain-Behavior Quality-Diversity in VSRs

In this work, we consider the body-brain co-optimization of VSRs. To this end,
we rely on evolutionary optimization, both with and without an explicit focus
on diversity, as we shall see in Section 12.3.1. We provide more details about
fostering diversity in the evolutionary process in Section 12.3.2.

12.3.1 Evolution of VSRs

We consider the body-brain evolutionary co-optimization of VSRs with a single
genome accounting for both the body and the brain of a robot. The genotype we
evolve consists of the concatenation of a brain genotype and a body genotype:
9 = [Gbrain Gbody)- We detail the representations of both in the following.

Brain Representations

Concerning the brain or controller part, we employ the distributed controller pre-
sented in Section 2.1.3, with all voxels having the same controller. We implement
the controller with either an MLP or with a graph, in both cases realizing state-
less types of controllers. When relying on the MLP, the brain genotype consists
of the vector of the parameters, i.e., the weights, of the MLP, gy;,, = € € R”.
Conversely, when considering a graph-based controller representation we employ
CGP for its optimization. Thus, the brain genotype gy,.;, in this case consists a
sequence of integers (as detailed in Section 2.3.2).

Body Representation

Regarding the body of the VSR, it consists of a polyomino enclosed in a grid of
size h x w. Since we conduct our experiments with the Evolution Gym (Evo-
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Gym) simulation framework, each voxel of the robot can be of a different type
(see Section 2.1.2). Therefore the body genotype needs to specify both which
voxels are present and what is their type (i.e., material). We implement this by
concatenating two parts, one encoding the former and one encoding the latter:
Gbody = |Gvoxels Imaterial]- The first part g . € R"*™ consists of real values,
whereas the second part g, aerial € 11,2, 3,4}"** consists of integer values in-
dicating the material of the voxel (respectively rigid passive B, soft passive |,
horizontally active B, vertically active H).

The genotype-phenotype mapping is similar to that adopted in Chapter 6;
it proceeds as follows. First, we reshape both g, s and g arerial iNt0 matrices
Glyoxels ANd G acerial Of Size h x w. Second, we define a Boolean matrix Bygxels Of
size h x w with all values set to false. Third, we set to true the value of Bygyels
corresponding to the position with the highest value in Gyoes. Then, we set to
true the element of Byels corresponding to the position with the highest value
among the ones connected to the already selected ones in Gyoyxeis- We repeat this
process until nyexeis are selected. Last, to obtain the VSR morphology we mask
Gnaterial with Byyoxels-

12.3.2 Diversity of VSRs

To foster diversity in the evolution of VSRs we propose the 3B-QD framework,
which we illustrate in Figure 12.1. The framework consists in an adaptation of
ME with multiple archives, each for a different type of descriptors, similar to that
proposed in Chapter 10. In this case, we extract three types of descriptors from
a solution, i.e., from a VSR, namely brain, body, and behavior descriptors (more
details in the following). We then use them to assign the solution to a cell in
the respective archive, where the solution will be inserted or not according to
the standard rules of local competition of ME. Concerning the generation of new
solutions, we apply representation-dependent variation operators on solutions
sampled from the union (without duplicates) of the three archives. Besides the
full 3B-QD framework, we also consider three variants which sample from a
single archive only: Brain-QD, Body-QD, and Behavior-QD.

The rationale behind the idea of dividing the solutions into separate archives
according to certain axes of diversity is the same followed in Chapter 10. Namely,
two solutions, i.e., two VSRs, might differ in terms of, e.g., controller structure
but might be same in terms of, e.g., morphological features: if we only maintain
a single archive for one diversity dimension, certain potentially interesting solu-
tions might be lost in the evolutionary process. This could be detrimental as lost
solutions could potentially be valuable stepping stones for eventually yielding
better VSRs. In addition, following the biological lesson, diversity along mul-
tiple axes could foster robustness and adaptability, thus the 3B-QD framework
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constitutes a test bed for testing the hypothesis in the artificial domain.

Brain Descriptors

For the brain descriptors we differentiate among the considered controller repre-
sentations.

For the MLP controller we consider two descriptors (dgy , dgy o) to capture the
connectivity in the ANN. More specifically, we compute the descriptors as follows.
For each neuron we take all outgoing connections, take the absolute value of the
synapse, and select those exceeding a threshold of 0.25, i.e., connections with
weight |w|> 0.25. We then count the numbers of selected outgoing synapses
from each neuron, and divide the value by the initial number of connections.
The two descriptors (dgy ;, dgy ») are the mean and the variance of this relative
count across the ANN. Thus both descriptors are bounded in [0, 1]. Intuitively,
these descriptors should capture how many “significant” connections there are
in the MLP, together with how evenly they are distributed, i.e., whether some
neurons are more important than others.

For the graph controller we use the same descriptors seen in Chapter 10.
Namely, dgy ; is the number of one arity functions in the graph divided by the
available number of nodes, whereas dgy , is the number of two arity function
in the graph divided by the available number of nodes. These two descriptors
should capture both connectivity and complexity: one arity functions imply less
connectivity then two arity functions, while the division by the number of avail-
able nodes indicates the relative size of the graph. Following their definition,
both descriptors are bounded in [0, 1], with the additional constraint that their
sum cannot exceed 1.

Body Descriptors

For describing the body of a VSR we consider a metric of “activity” and one of
shape. In details, we set da , to be the number of active voxels (i.e., the sum of
horizontally and vertlcally ‘active voxels) divided by the total number of voxels
Nyoxels- This descriptor is bounded in )0, 1], with 0 excluded since at least one
voxel needs to be active for a robot to be considered valid.

As shape body descriptor dga , we consider the elongation of the VSR, i.e.,
how stretched the morphology is in its direction of maximum development. For
computing the elongation we first consider the smallest ellipse that encloses the
VSR morphology and then we compute the ratio of the focal distance (distance
between focal points) of the ellipse over the major axis length [52]. It follows
that the elongation is bounded in [0, 1], with 0 corresponding to perfectly even
morphologies (e.g., a circle or square).
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Figure 12.1: Overview of the 3B-QD framework, an adaptation of the standard
ME algorithm. In 3B-QD we extract three types of descriptors from a solution—
brain, body, and behavior descriptors—and assign the solution to a cell in the
related archive accordingly. The solution is inserted in the archive according to
the local competition rules that govern standard ME. For generating new individ-
uals we employ variation operators on individuals selected from the union of the
three archives (with duplicates removal).
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Behavior Descriptors

We describe the behavior of a VSR with one descriptor related to its vertical veloc-
ity and one related to its contact with the ground, which should ideally capture
the different gaits achieved by a moving VSR. For obtaining d s ,, we first com-
pute the Fast Fourier Transform (FFT) of the signal of vertical velocity of the VSR
center of mass during a simulation. Then, we compute the frequency at which
the median signal energy is realized and we normalize it w.r.t. the maximum fre-
quency. To remove the domain of too high frequencies we cap the resulting value
in [0,0.25] and then rescale it in [0, 1] to obtain d s ;.

Concerning the second behavior descriptor d @ , we count the amount of sim-
ulation time steps in which the robot is in contact with the ground with at least
one voxel and divide it by the total number of time steps in the simulation. Also
this descriptor is bounded in [0, 1] by construction.

12.4 Experimental Evaluation

We conduct a thorough experimental evaluation targeting two main questions:

1. Is the 3B-QD framework effective? In the scope of this research question,
we consider the quality of the resulting solutions and the efficiency of the
search process, assessing the most important axes of diversity and the co-
herence of results across different representations.

2. Does QD optimization within the 3B-QD framework reflect bio-diversity
in terms of adaptability? Within this research question we evaluate the
robustness of solutions to unforeseen changes in the environment, focusing
again on the most important axes of diversity and the differences among
controller representations.

The code for our experimental evaluation is based on EvoGym for the simula-
tion and on QDax for the evolutionary optimization [59]. We make the code and
the results of our experimental evaluation publicly available?.

12.4.1 Effectiveness of the 3B-QD Framework

To test the effectiveness of the 3B-QD framework we compare all the proposed
variants against a standard GA. For the comparison we consider a simple loco-
motion task on a flat terrain (named “Walker-v0” in EvoGym, simply “Walker”
for us). We run the simulation for 500 time steps, corresponding to 10s of simu-
lated time. As already done in other works involving the distributed controller in

’https://github.com/giorgia-nadizar/BBB-QD
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VSRs [267, 299], to prevent vibrating behaviors, we invoke the controller every
5 time steps, keeping the control signal fixed in between. Given the task, we
consider as fitness for driving the optimization the total distance traveled by the
robot along the positive z-axis Az, computed as the difference between the final
and initial « positions of the VSR center of mass.

Going more into detail about the VSRs, we equip each voxel with volume
and horizontal and vertical velocity sensors (totaling 3 sensor readings). As
anticipated in Section 12.3.1, we employ the distributed controller presented
in Section 2.1.3, and we implement the control function with either an MLP
or with a graph. In both cases the controller has 9 - 3 = 27 inputs—deriving
by the sensors in the voxels belonging to the Moore neighborhood of the cur-
rent voxel (a 0 € R? is used when no voxel is present at a certain location in
the neighborhood)—and a single output to control the local actuator. For the
MLP we consider an architecture with 2 hidden layers of size 21 with the Rec-
tified Linear Unit (ReLU) activation function, and a single output neuron with
tanh activation. Concerning the graph-based controller we leverage CGP for
its optimization, as presented in Section 2.3.2, with the following function set
H={o+eo0o—00xee:"elo cxpe sine cose log e /o e<ee>ee<
0,e > 0}, where e represents an operand, and operators marked with * are pro-
tected. We set npodes = 50 and add two constant inputs {0.1, 1} besides the sensor
readings fed as input to the graph, thus ny, = 27 + 2 = 29; we fix the output to
be taken from the last node in the graph, as already done in Chapter 10.

Concerning the evolutionary optimization, we rely on the 3B-QD framework
and on its three variants where sampling is only performed from a single archive
(Brain-QD, Body-QD, and Behavior-QD). In addition, we also employ a GA as
baseline. Thus, in total we consider 2 x 5 scenarios—the 2 derives from the
controller representations, while the 5 comes from the amount of EAs utilized—
and we repeat each optimization 10 independent times for statistical soundness.

For the GA we use the version of Algorithm 2.1, with nyep = 50, Nelie = 5,
Nogf = 45, and nur = 3. For the 4 QD variants we set npo, = 45 and we use the
Centroidal Voronoi Tessellation (CVT) version of ME for defining the archives,
with 1024 centroids identified in the allowed domain. For all EAs we set neyais =
180000 to ensure fairness in the comparisons.

Concerning the genetic operators, we distinguish operators to apply on the
brain and on the body part of the genotype g. For the brain genome the genetic
operators depend on the representation and on the EA. For the MLP controller
we use Gaussian mutation with ¢ = 0.05 in the GA, and isoline mutation [433]
with o7 = 0.005 and o2 = 0.05 in the QD variants. For the graph controller we
use an int-flip mutation on the integers in the CGP genome with probability 0.1.
Concerning the body genome, we leverage a Gaussian mutation with o = 0.1 for
Gvoxels and an int-flip mutation with probability 0.05 for gmaterial-
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Performance Comparison

To start our comparative analysis, we report in Figure 12.2 the progression of the
fitness of the best individual in the population along evolution for each EA for the
two controller representations. The lines all exhibit a steadily growing trend, in-
dicating good final performance in most cases (see [32, 267] for reference). No-
tably, the relationship between EAs varies depending on the representation. For
MLPs, integrating QD leads to slower evolution progress and slightly worse final
performance, which is consistent with the literature: QD algorithms are generally
less efficient for ANNs unless facing deceptive or hard-exploration tasks [347]. In
contrast, for the graph-based controller representation, while the GA starts with a
quicker progression, it is overtaken by both 3B-QD and Brain-QD. It is important
to mention that not all QD lines have reached full convergence, as we stop all
experiments at a predefined computational budget to avoid excessive runtime.

MLP controller Graph controller

Fitness

0 1000 2000 3000 4000 0 1000 2000 3000 4000

Iteration Iteration
— 3B-QD — Brain-QD — Body-QD — Behavior-QD GA

Figure 12.2: Progression of the fitness collected by the best VSR in the population
at each iteration with different QD frameworks and a GA; median and inter-
quartile range across 10 independent runs.

Moving on with our analysis, in Figure 12.3 we report the distribution of the
fitness obtained by the best VSR in the population at the of evolution for all EAs
and controller representations. First, we can observe interesting insights when
comparing different EAs within the same representation. To back our finding
we also perform the Mann-Whitney U test when comparing pairs of distributions
with the equality hypothesis. For the MLP controller, all pairwise comparisons
involving Behavior-QD show its statistically significant poorer performance w.r.t.
other EAs (to account for multiple comparisons we adjust the statistical signifi-
cance threshold to o = 0.01), while comparisons between the other algorithms
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yield no statistical significance. On the other hand, for the graph controller, from
a statistical perspective all EAs perform alike, although Behavior-QD still appears
quite inferior in terms of median.

When comparing the same EA across different representations, we find that
Behavior-QD yield significantly better results with the graph controller, whereas
neither of the other pairs show statistically significant differences. Notably, the
difference obtained optimizing the MLP and the graph controller with a GA would
be significant with the regular threshold of o = 0.05, as clearly visible from the
differences among the two distributions. Interestingly, the comparison between
MLP+GA and Graph+3B-QD, the most successful combination for each repre-
sentation, does not show significant differences. This is a key finding w.r.t. the
possibility of obtaining a well-performing controller with the additional benefit
of transparency.

It is also relevant to see this outcome in light of the results of Chapter 11.
In this setting we observe two things: first, CGP performs clearly better than
GraphEA for graph optimization for this task, and second, leveraging 3B-QD im-
proves its performance even more.

MLP controller Graph controller

s = TTT

L T
_LLJ_Q

B 3B-QD & Brain-QD £ Body-QD & Behavior-QD GA

Fitness

Figure 12.3: Distribution over 10 independent runs of the fitness of the best VSR
in the population at the end of evolution with different QD frameworks and a
GA.

To further stress the interpretability point, we report the graph policy control-
ling the best VSR obtained in one run of optimization with 3B-QD:

NONINO RN

7 X,0,4— 0,0\

(12.1)

The meaning of the policy is of immediate grasp: if the left neighbor of the voxel
is “faster” than the bottom-right neighbor, the current voxel needs to expand,
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otherwise it needs to contract. It is impressive how such a simple control policy
can lead to the successful accomplishment of the task. Possibly, thanks to the rich
body dynamics exhibited by the VSR, part of the computation is being performed
by the robot morphology [294].

Looking more in general at the effective graph policies found by evolution,
most resemble the reported one, if not in the simplicity of functionality, at least in
the constrained size. Clearly, having access to a wide variety of graphs, obtained
thanks to the brain diversity component, plays a key role for interpretability:
when examining a successful policy, if its functioning is not clear, it is possible
to consider a wide array of variants, among which it is likely to find a more
transparent one.

In conclusion, the key take-home messages from these results are as follows.
Overall, the 3B-QD delivers effective results in all but one case (Behavior-QD),
which will be further discussed in the following sections. However, the optimiza-
tion tends to progress more slowly, which is a natural consequence of the absence
of strong selective pressure in QD approaches. Last, the 3B-QD framework shows
the capability to optimize a transparent controller to achieve similar performance
to that of an MLP. In this regard, the 3B-QD framework proves to have a positive
impact on the optimization process, making a meaningful difference in reaching
the desired performance.

Diversity

Another point worth noting in the analysis of the effectiveness of the 3B-QD
framework is how it fosters diversity. Thus, in Figure 12.4 we report the pro-
gression of the coverage on each archive by the four QD variants. Focusing on
the plots, we observe several important trends. As expected, Brain-QD and Body-
QD achieve the highest coverage of their respective archives, followed closely by
3B-QD. Interestingly, for the behavior archive, 3B-QD outperforms the others in
terms of coverage for the MLP controller. This result is linked to the poor per-
formance of Behavior-QD, as previously highlighted, which also limits its ability
to fully explore the behavior space (a point that will become clearer when we
examine sample archives in the following). Overall, 3B-QD emerges as the best
trade-off for diversifying across all spaces. Yet, it is important to note that the ab-
solute coverage values never reach 100 %. While this might seem problematic at
first glance, we deliberately selected descriptors based on our specific interest in
them, which explains and justifies the coverage limitations. In fact, in principle,
one should choose descriptors based on the dimensions of interest, rather than
aiming for full coverage of the archive.

When observing the sample archives at the end of evolution from both con-
troller representations in Figure 12.5, several insights emerge. For the MLP brain
archive, the archive shows a distinct zone with high fitness, while the rest of the
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Figure 12.4: Progression of the coverage on the brain, body, and behavior
archives at each iteration with different QD frameworks; median and inter-
quartile range across 10 independent runs.
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Figure 12.5: Sample brain, body, and behavior archives at the end of one opti-
mization with 3B-QD with the MLP controller (Figure 12.5a) and with the graph
controller (Figure 12.5b). The upper-right portion of the brain archive for the
graph controller is not reachable.

covered space contains lower fitness solutions, and most of the archive is empty.
This suggests that the explored space of MLPs is relatively small, with the re-
gion of MLPs capable of effectively performing the task being even smaller. Not
differently, for brain graphs, due to the inherent bias of CGP towards smaller
solutions, we see that most of the best solutions are clustered in the bottom left
corner, while the overall coverage remains low.

Conversely, the body archives are quite similar across both representations,
both in terms of coverage and color distribution. The central regions exhibit
the highest fitness, while the more extreme bodies—those far from the center—
tend to perform poorly under both types of controllers. Interestingly, we note
that perfectly regular bodies (i.e., bodies with elongation dg , = 1) are never
discovered by evolution, possibly due to a bias in the representation.

The behavior archives, although appearing similar, are not identical. Namely,
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for both controllers the fittest solutions tend to be located more toward the left
side of the archive, while clearly solutions with close to no contact with the
ground and extremely high frequency vertical movements are not found. How-
ever, some regions are covered by one controller while remaining empty for the
other. This indicates that certain behaviors are more difficult to achieve with
one controller type than the other. This suggests that the considered controllers
achieve good performance through different mechanisms, which explains why
imitating one controller with the other is ineffective (as partially seen in Chap-
ter 11).

Additionally, we can make a note about the behavior archive to explain why
sampling from it alone results in poorer performance. Compared to the other
archives, the behavior archive retains some extremely poor solutions (since their
behavior corresponds to a cell on the left of the archive), which may be sampled
during evolution, clearly leading to more poor performing VSRs. When sam-
pling from the combination of archives, these bad solutions are “diluted” within
a larger set, making them less likely to be selected.

To conclude our analysis on diversity, we measure how the coverage transfers
from one archive to another. The rationale behind this is to assess whether main-
taining multiple archives really fosters the survival of VSRs that are diverse along
a specific axis and would not be saved if that specific axis was not considered, or
if in the end all archives contain approximately the same solutions. We report in
Figure 12.6 the results for the sample archives shown in Figure 12.5: to compute
each heat-map we take the solutions contained in an archive (reported on the
z-axis), insert them in another archive (reported on the y-axis) according to the
related descriptors and the standard insertion mechanism, and compute the new
coverage. Last, we divide the new coverage by the initial one to take into ac-
count the maximum amount of solutions available (clearly, the coverage cannot
increase). The color of cells indicates how spread one archive gets into another:
a lighter color, i.e., &~ 1, means that all individuals are in a cell alone in the des-
tination archive, thus it is not necessary to maintain the destination archive for
fostering that type of diversity; a darker cell color, i.e., ~ 0, means that solutions
tend converge into few cells, highlighting the importance of maintaining both the
origin and destination archive.

Examining the figure, we can note that the majority of cells has a very dark
color, confirming the importance of explicitly fostering diversity along multiple
axes with the multiple archives as done by 3B-QD. The few slightly lighter cells
appear for the MLP controller and the brain destination archive, which, as seen
in Figures 12.4 and 12.5a we struggle to covered thoroughly.
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Figure 12.6: Relative coverage obtained by transferring the solutions contained
in one archive into another archive at the of optimization for both the MLP (Fig-
ure 12.8a) and the graph controller (Figure 12.6b). The resulting coverage is
divided by the original one to account for more/less full origin archives. We note
that in the transfer the coverage can only decrease (multiple solutions might end
in the same cell but not the other way round).

12.4.2 Adaptability of the Resulting Robots

To assess the adaptability of the evolved VSRs, we test their performance on four
new tasks, which consist in modifications of the simple locomotion task they are
optimized for—we report visual representations of the considered tasks in Fig-
ure 12.7. In particular, we consider (1) “Bridge Walker” in which the VSR needs
to walk on a rope bridge made of several soft sections with different lengths,
(2) “Carrier” in which the VSR has to carry a rectangular object while walking on
a flat terrain, (3) “Platform Jumper” in which the VSR needs to jump on several
flat platforms located at increasing heights along its path, and (4) “Cave Crawler”
in which the VSR has to traverse caves with irregular terrain (both rigid and soft)
while avoiding soft obstacles hanging from the ceiling. For the first two tasks
we run simulations of 500 time steps as before, whereas for the last two tasks
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we run longer simulation of 1000 time steps—in all cases we apply the control
signal every 5 time steps, as done for the “Walker”. The fitness in these tasks is
the same as for the “Walker”, i.e., the distance traveled along the positive x-axis
by the VSR, for all but the “Carrier”, where the fitness is given by the average
between the distance traveled by the VSR and by the object, with a penalty term
subtracted for dropping the object during the simulation.

Y o SR SN . S

(a) Walker. (b) Bridge Walker. (c) Carrier.

T W

(d) Platform Jumper. (e) Cave Crawler.

Figure 12.7: Representations of the tasks considered in this work. “Walker” (in
Figure 12.7a) is the original task, whereas the others (Figures 12.7b to 12.7e)
are the tasks employed to test the adaptability of the evolved VSRs.

For each of these new tasks we re-assess every evolved VSR, and for each
combination of archive-EA we take the best performing VSR on the new task. As
baseline of comparison we also run 10 optimizations with 3B-QD and GA for each
task, with the same hyper-parameters as before.

We report the results of the VSRs re-assessment, together with those from
direct evolution in Figure 12.8a. The first two distributions derive from direct
optimization for the new task with 3B-QD and GA, respectively. The other distri-
butions derive from the transfer of solutions obtained with the optimization for
locomotion on flat terrain. They are grouped by archive (on the z-axis, popula-
tion for the GA) and EA employed for optimization (color).

Focusing on the figure, several key observations emerge about the adaptabil-
ity of robots evolved through different frameworks. Most results are consistent
across controller representations, showing similar trends in terms of adaptability
to new tasks. One prominent finding is that body diversity plays a crucial role
in fostering adaptability. The highest fitness values on new tasks are typically
achieved by robots evolved using Body-QD or 3B-QD, underscoring the impor-
tance of morphological diversity. This is another point supporting the importance
of morphological computation in these kind of robots [330], where the physical
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Figure 12.8: Distribution of the fitness collected by the best individual from a
given source on the 4 new tasks with both the MLP (Figure 12.8a) and graph
(Figure 12.8b) controllers. Colors indicate the EA employed for optimization.
The z-axis indicates if the solutions are evolved for the considered task, trans-
ferred from another archive (brain, body, or behavior) for QD frameworks, or
transferred from the population obtained at the end of evolution for the GA.
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structure of the body strongly influences task performance. In addition, the tasks
themselves often require slightly different body configurations compared to the
original simple locomotion task, such as when carrying an object or navigating
tight spaces (we will see examples of VSR bodies adapted for each task in the
following).

While body diversity is key, the transferability from VSRs optimized with
Behavior-QD generally underperforms w.r.t. expectations. This is likely linked to
the previously observed poor evolutionary performance of Behavior-QD, which
hinders its ability to generalize well to new tasks. This issue is more pronounced
in MLPs than in graph-based controllers. However, when the behavior archive is
evolved using a more effective QD framework, e.g., 3B-QD, it still demonstrates
relatively good performance in adaptability. In fact, it is intuitive to expect that
behavior diversity should play a key role in adaptation: learning jumping behav-
iors is key for transferring to the “Platform Jumper”, while slower steadier gaits
appear more suited for “Carrier”.

On the other hand, brain diversity appears to play a less significant role.
Across all algorithms, transfers from the brain archive tend to perform worse
compared to transfers from body or behavior archives, suggesting that the brain
is less critical in adapting to new tasks.

The overall comparison of transfer results is in line with the outcomes ob-
served at the end of the evolution phase. The higher the fitness at the end of
evolution, the better the performance when transferring to new tasks. For MLPs,
Body-QD consistently proves to be the best, while for graph-based controllers,
3B-QD vyields the best results. Conversely, robots evolved using a standard GA
tend to perform poorly when transferred to new tasks, especially when the tasks
differ significantly from the original one. Thus, we can confirm that diversity is
essential for successful adaptability.

When comparing the adaptability of evolved robots to direct optimization for
new tasks, the results are mixed. While direct GA optimization tends to achieve
better performance in most cases, transfers from the 3B-QD archive often perform
on par with direct 3B-QD optimization, showing the value of this approach.

The take-home message from these findings is clear: diversity is fundamental
for adaptability to unforeseen tasks, especially in body design. Promoting body
diversity during evolution and selecting from a diverse body archive are key to
achieving strong transferability. Within each QD framework, the hierarchy is ev-
ident: body archives come first in terms of importance, followed by behavior,
with brain diversity being less impactful but still relevant in some cases. With the
same evolutionary budget, the framework successfully tackled five tasks, match-
ing the performance of GA on the original task and achieving satisfactory results
on four new tasks. This level of performance is already sufficient for real-world
applications where new tasks can emerge unpredictably, although identifying the
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best VSR to deploy for the new scenario remains a practical challenge [70]. Fur-
thermore, the evolved archives provide an excellent starting point for future opti-
mizations, which can be used for fine-tuning and further tailoring VSRs to specific
new tasks.

To complete our analysis, we report in Table 12.1 a sample of the best per-
forming VSRs for each task, either obtained by direct optimization with 3B-QD
or transferred from an archive populated with 3B-QD for the original task. We
remark that within each representation all the transferred VSRs originated from
the same optimization run. Upon examining the tables, we observe minimal
variability within rows, indicating that different archives tend to contain slight
variations of the same VSR, which still proves effective for a given task. This is
especially evident for the MLP controller, where even evolved VSRs closely resem-
ble their transferred counterparts. In contrast, VSRs with graph-based controllers
exhibit more diversity within the same row. When looking across columns, for
both controllers, there is more significant variability as each new task appears to
necessitate distinct body morphologies to achieve optimal performance.

12.5 Concluding Remarks

In this chapter, we explored the role of diversity across multiple levels—body,
brain, and behavior—in fostering generality and robustness in VSRs. To this
end, we introduced the 3B-QD framework which seeks to emulate the natural
resilience of organisms by diversifying evolved robotic agents across these three
fundamental dimensions. In addition, we included an interpretable graph-based
controller alongside a standard MLP in our experimental evaluation, to assess the
generality of the findings and to test the possibility of achieving high-performing
VSRs while ensuring transparency.

Our findings confirm the importance of diversity for obtaining effective and
adaptable solutions. Specifically, we found that morphological diversity is the
most critical factor in enhancing the generality and adaptability of agents. How-
ever, behavior diversity also plays a significant role, particularly in specific envi-
ronments. In contrast, brain diversity, while it has the potential to yield inter-
esting insights, showed a relatively minor impact on overall generality compared
to the other levels. Last, our results displayed that interpretable controllers can
perform on par with opaque ones provided a suitable optimization technique is
employed, while granting transparency of their decision-making.
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Table 12.1: Samples of the best performing VSR bodies for each task. The first
column shows a sample VSR evolved specifically for the considered task. The
remaining columns show VSRs evolved for the “Walker” task which performed
best on the new task. Each column considers only the robots stored in a single
archive, either brain, body, or behavior.
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Concluding Discussion

he goal of this thesis was taking a stride towards bio-inspired interpretable em-
bodied Artificial Intelligence (AI). To this end, we conducted research along
two main avenues, which ultimately converged together.

In Part I, we focused on taking inspiration from the biological world to im-
prove the performance of embodied Al agents. This unfolded in exploiting the
lessons learned from biology for fostering autonomy, potentially easing the port-
ing from simulation to physical realization, and reducing over-parameterization.

In Part II, we shifted our attention to interpretability, aiming to devise (em-
bodied) Al models providing transparency at (little to) no cost for performance.
To this end we started by exploring the subjective perception of interpretability,
and later leveraged these findings for realizing effective robot controllers with
clearly understandable inner workings.

Finally, in Part IIT we merged bio-mimicry with interpretability, realizing in-
terpretable embodied controllers for bio-inspired Al agents. To do so, we built
on some of the findings of Parts I and II, combining principles of learning, evo-
lution, diversity, and collective intelligence for fostering high-performance and
adaptability in interpretable embodied Al agents.

We dedicate the next sections of this chapter to drawing the conclusions of this
thesis in further detail. In Section 13.1 we retrace the research questions we laid
in the introductory chapter, providing a summary of the experimental evaluation
performed to answer them, and describing the insights gained. For each of the
questions and corresponding analyses we also highlight the main limitations and
suggest potential improvements. Finally, in Section 13.2, we consider the broader
impact of this thesis and analyze possible future perspectives.
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13.1 Answers to the Research Questions

13.1.1 Bio-Inspiration in Embodied Al

How can the integration of biological principles into Al for robotics enhance
the performance and autonomy of embodied agents, and to what extent do
in-silico findings reflect and illuminate phenomena in the biological domain?

We articulated this question into three more detailed questions, to which we
provide the answers below. Anyhow, the overall answer is affirmative, in that
the integration of biological principles—bio-inspired Artificial Neural Networks
(ANNs), plasticity, and pruning—generally enabled improvements in the artificial
realm, mostly reflecting the phenomena occurring in nature.

Research Question 1.1 How do different models of ANNs perform as controllers
for embodied agents? Namely, are more biologically plausible models more effec-
tive/efficient/general? Do they induce different behaviors?

We answered this question in Chapters 3 and 4, by performing an experimen-
tal comparison of various ANNSs for the control of Modular Soft Robots (MSRs) in
several configurations, and observing notable differences across multiple quan-
titative and qualitative axes. In particular, we witnessed how increasing the bi-
ological resemblance of the ANNs used to control these robots impacted them
positively, mitigating their fragility w.r.t. particularly difficult settings.

In Chapter 3, we systematically compared three ANN models—Multi-Layer
Perceptrons (MLPs), Recurrent Neural Networks (RNNs), and Spiking Neural
Networks (SNNs)—for the control of MSRs. These models differed not only in
their fidelity to biological systems but also from the dynamical system point of
view, such as the number of parameters and whether they maintained a state or
not. We evaluated three robot morphologies combined with three sensory config-
urations and varying control frequencies to cover a broad spectrum of scenarios,
thereby enhancing the generality of our findings. We optimized the parameters
of each controller using Evolutionary Computation (EC) for a locomotion task,
and we used a range of assessment metrics, including effectiveness, adaptability,
induced behaviors, and search efficiency.

Our results clearly demonstrated the superiority of RNNs across all metrics,
though SNNs, particularly when incorporating self-regulatory mechanisms, per-
formed comparably in many cases. In contrast, while MLPs lagged behind, their
performance was still respectable across all scenarios. This underscored the crit-
ical role of memory in the controllers performance, outweighing the significance
of parameter quantity or fine-tuning. This finding was further reinforced when
evaluating adaptability, where SNNs exhibited greater robustness in changing en-
vironments. The behavioral analysis provided additional insights, revealing that
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the strategies different controllers used to achieve their tasks had a significant im-
pact on their ability to generalize. For instance, some highly effective controllers
displayed brittle behaviors, failing with minimal environmental changes, while
slightly less efficient controllers retained most of their original capabilities even
under unforeseen conditions. This chapter thus highlighted the key aspects of bi-
ological inspiration for the control of embodied Al agents—particularly memory
and induced behavior. Notably, these factors often compensated for other po-
tential issues, such as sub-optimal sensory systems, suggesting that simpler ANN
models, such as MLPs, are more suitable when evaluating factors beyond con-
troller performance. Additionally, these models could be optimized using Rein-
forcement Learning (RL), which could accelerate optimization through improved
sample efficiency.

While our experiments spanned various configurations (morphologies, sen-
sors, control frequencies), the generality of the results remains limited. This
limitation stems from the use of a MSR simulator [261] that introduces sev-
eral abstractions, most notably simulating in 2D rather than 3D. Consequently,
it remains uncertain whether these findings would transfer directly to real-world
MSRs. Though there have been numerous efforts to develop physical MSRs, be-
ginning with the work of Hiller and Lipson [153] and followed by several other
groups [208, 408, 218], including those exploring living matter [207], none of
the existing physical MSRs can yet be finely controlled with closed-loop systems
as in this study. Therefore, it is still unclear whether the behaviors observed in
simulation would hold up in real-world robots, given the unpredictable dynamics
of soft materials. Additionally, different ANN models may face varying challenges
when implemented in physical systems. This limitation applies to other analyses
as well.

To address these limitations and provide more robust results, we plan to ex-
tend our evaluation to a 3D simulator, such as VoxCAD [154], which may re-
duce the coarseness of the current simulations. Additionally, to account for the
reality gap problem [290, 372], we could explore sim-to-sim transfer [32] or ad-
just physical parameters in the simulator to mimic various materials. In another
study [264], we demonstrated that Neuroevolution (NE) can generally produce
effective ANN-based controllers across a range of materials, suggesting that our
findings could be applicable in various conditions.

Moreover, the conclusions reached in this and other chapters have broader
implications beyond robotics, particularly for virtual agents in different domains.
For example, the importance of an internal state for ANNs to function effectively
with limited sensory input is a principle that extends across fields. While specific
results from simulations may not directly translate to real robots, the overarching
ideas and methodologies are applicable across a variety of domains.

Chapter 4 was conceived as a natural extension and deeper analysis follow-
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ing the comprehensive investigation in Chapter 3. In this chapter, we transi-
tioned from a centralized controller to a distributed, truly embodied controller
inspired by the concept of Neural Cellular Automata (NCA). This framework
closely aligned with the paradigm of collective intelligence, as each module in
the system was capable of autonomous decision-making. We tested this architec-
ture using two different ANN models: MLPs and SNNs. We excluded RNNs from
this study for two reasons: (1) to reduce the computational load of the experi-
ments, and (2) because the distributed controller inherently introduced a form of
recurrence through inter-module communication. As in the previous chapter, we
experimented with three morphologies but limited the analysis to a single sen-
sory configuration. Our experimental setup mirrored that of the previous chapter,
although it was less exhaustive.

Our findings confirmed the advantages of bio-inspired ANNs, demonstrating
that the internal state of the ANN was more significant than the recurrence in-
duced by communication among the voxels. While both MLPs and SNNs lever-
aged recurrence, SNNs consistently outperformed in terms of adaptability and
effectiveness. This result also reflected the behavioral differences between con-
trollers, much like what we observed in the previous chapter.

The limitations of this study are similar to those in the earlier chapter. How-
ever, from a feasibility standpoint, this chapter presents some advancements over
Chapter 3. Notably, it eliminates the need for a central control unit, reducing the
complexity of wiring or information transfer between modules of MSRs. Addi-
tionally, by designing all modules with identical capabilities and equipping each
with a simple local controller—possibly implemented via the newly proposed
stretchable Arduinos [460]—the fabrication process could become simpler, pro-
moting scalability. This approach could also potentially lead to the automatic
assembly of modules into robots, either via external devices [314] or through
self-assembly [368]. Moreover, if local computing hardware permitted, these
modules could be equipped with multiple controllers and select the most appro-
priate one based on their assembly configuration. We explored this possibility in
a separate study [300], showing how it could enhance damage response, allow-
ing the system to remain functional even if individual voxels were detached or
lost during operation.

Research Question 1.2 Can we replicate the biological phenomenon of plasticity
in embodied agents? Do embodied agents benefit from plasticity? In what terms do
they differ from non plastic ones?

We tackled this question in Chapters 5 and 6, by simulating brain plasticity, in
the form of learning, and morphological plasticity, in the form of development,
in MSRs, respectively. We observed significant and constant benefits arising from
brain plasticity, which endowed MSRs with the capability of achieving special-
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ization to enhance their performance. Conversely, we noted more sporadic im-
provements constrained to specific scenarios for development, where we found
the effectiveness of the MSRs to be strongly bounded to the development sched-
ule applied.

In Chapter 5, we introduced brain plasticity into the MSRs controller through
the use of Hebbian learning. We employed an embodied form of controller, ap-
plying the same set of rules across all modules, leveraging the benefits discussed
in previous sections. We tested this controller paradigm within the context of
body-brain co-optimization of MSRs, once again using EC to optimize locomo-
tion performance. Beyond evaluating the MSRs effectiveness, we also assessed
the occurrence of specialization within the modules.

Our findings showed significant performance improvements thanks to the in-
troduction of brain plasticity, which also accelerated the optimization process
compared to non-plastic controllers. In addition to the performance gains, we
observed a specialization phenomenon, akin to totipotency. Although all mod-
ules started identical, their experiences—mainly shaped by their location within
the robot—caused them to differentiate and specialize for their specific roles.

Given the similarities in experimental settings, this chapter shares the same
limitations as the previous studies. One specific challenge is whether Hebbian
rules could be applied with sufficient precision in physical robots to make the
weight updates effective. However, Qiu et al. [350] suggest that neural plastic-
ity, including Hebbian learning, could reduce the sensitivity of controllers to the
reality gap. As a result, we view the incorporation of brain plasticity as a step
forward in making physical implementations of MSRs more feasible. Moreover,
the specialization observed in the modules could further enhance adaptability by
allowing robots to adjust to damage without requiring explicit resets. For ex-
ample, in case of an actuator damage, a broken module could be relocated to a
less critical area of the robot, while a functioning module could take its place:
the controllers would then re-specialize based on new stimuli and learning rules.
From a fabrication perspective, these findings could simplify the process as well.
All modules could be manufactured identically, with the same Hebbian rules,
allowing their roles to be shaped by their experiences rather than predefined
functions. This possibility could enhance scalability in manufacturing.

In Chapter 6, we explored morphological plasticity by simulating the pro-
cess of development in MSRs. To achieve this, we encoded various development
functions and integrated them with both embodied closed-loop and open-loop
controllers. We optimized these functions using EC for locomotion, with a focus
on identifying the optimal scheduling for the development of MSRs, examining
whether it mirrors the patterns seen in nature. In addition to measuring cumu-
lative performance, we analyzed how the performance evolved across different
stages of development.

- 247 -




Concluding Discussion

Our findings revealed a striking similarity to biological growth patterns. The
best-performing agents were those that developed (i.e., grew) earlier and then
maintained a stable body for the remainder of the simulation. This pattern was
achieved despite a trade-off in actuation power: larger, more powerful MSRs
did not outperform smaller ones that had followed a more efficient development
schedule. These observations are particularly notable for their implications in
replicating real-world phenomena with MSRs.

In summary, this chapter demonstrated how real-world biological processes
can be replicated in-silico, showing that MSRs can resemble living organisms
from multiple perspectives. However, it is unlikely that these findings can be
directly transferred to physical robots. A major limitation of this study is that
physical MSRs lack the capability for autonomous module growth. As a result,
external intervention would be required at each stage of development, severely
limiting the autonomy of the robots. Nevertheless, we highlight the potential of
applying these findings in reverse: if a MSR had undergone development and
successfully completed tasks with fewer modules, it could use that experience
to continue functioning in the event of damage or module loss, without needing
any modifications to the controller. This presents another potential strategy for
addressing unforeseen damages in MSRs.

Last, given the promising results from investigating brain and body plasticity
separately in Chapters 5 and 6, a particularly intriguing future direction would
be to combine these two aspects into a unified framework. This remains an open
area for further research.

Research Question 1.3 Is it possible to leverage the biological phenomenon of
synaptic pruning to reduce over-parameterization in the ANNs used to control em-
bodied agents? Does pruning hinder the performance or does it promote adaptability
to unforeseen circumstances?

We answered affirmatively to this question in Chapter 7, by implementing
the pruning mechanism in the controllers of MSRs, observing how, even with a
significant portion of synapses removed, the robots would retain most of their
abilities, even w.r.t. adaptability.

In this chapter, we considered various controller configurations (both central-
ized and embodied) and robot morphologies, and applied pruning with different
methods and pruning ratios. We optimized MSRs for locomotion using EC, with
pruning applied during the optimization process to ensure that the controllers
adapted to the removal of a substantial portion of their synapses. We evaluated
the performance of the optimized MSRs in terms of effectiveness, robustness to
environmental changes, and the emergence of distinct behaviors.

Our findings showed that even after removing a large fraction of synapses—
up to 75 %—the controllers could maintain full functionality, as long as prun-
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ing was applied according to a reasonable scheme throughout the optimization
process. This demonstrates that ANNs can adapt to operating with far fewer
parameters than expected, even in the context of controlling embodied agents.
This mirrors the behavior of biological organisms, whose brains naturally un-
dergo synaptic pruning after an initial phase of excessive synapse formation. In-
terestingly, we observed that certain ANNs could function effectively both with
and without pruning if optimized accordingly. In these cases, pruning typically
resulted in only minor performance degradation, although we noted clear be-
havioral differences between the pruned and non-pruned phases. This finding is
significant for robustness: a controller that is deployed with full synaptic connec-
tivity but experiences wiring damage could still retain most of its functionality in
its pruned state.

In terms of limitations, this study shares many of the challenges noted before.
However, pruning could offer a practical way to reduce wiring and connections
in the physical implementation of MSRs, which could lower production costs and
increase speed when suitable hardware is employed. Additionally, pruning could
highlight the flow of information within the ANN, making it easier to identify crit-
ical components, such as key sensors, that might require extra attention during
fabrication. This could also be a preliminary step towards interpretability, in that
it could help to better understanding the decision-making processes in MSRs.

13.1.2 Interpretability in Embodied Al

How can we achieve interpretability in the control of embodied agents without
sacrificing performance and considering the subjective nature of this notion?

We expanded this question into two separate questions, which we answer be-
low. Overall, our findings indicate that it is feasible to introduce interpretability
into the control of embodied agents without significantly compromising perfor-
mance. This is largely due to the use of symbolic formulae or graphs, which are
generally regarded as interpretable, regardless of subjective factors.

Research Question 2.1 Can we exploit a human-in-the-loop system to discover
Al models that are both well-performing and interpretable for a given user? What
elements are needed for such a system to be most effective?

We answered positively to this question in Chapter 8 building on an existing
framework which combines optimization to find Machine Learning (ML) models
that fit given data while learning an interpretability estimator for a given user.
We found various elements playing important roles in the approach, highlighting
that the involvement and interest of users is among the main factors.

More specifically, we focused on Symbolic Regression (SR), where the goal is
to discover a mathematical formula that best fits a given dataset. We framed this
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as a bi-objective problem, with the second objective being to maximize the inter-
pretability of the formulae according to individual user preferences. To achieve
this, we utilized an interpretability estimator (implemented with an ANN) and
integrated Active Learning (AL): during the model search process, users were
asked to rate formulae based on their perceived interpretability. We conducted
a series of experiments simulating user preferences according to predefined cri-
teria to evaluate the most effective ways to encode ML models, initialize the
interpretability estimator, and select which formulae to present to the user for
feedback. Additionally, we assessed the robustness of the framework under dif-
ferent user engagement profiles and tested it with real users.

Our results in simulation revealed a trade-off in encoding complexity: more
granular encoding required significantly more user feedback to train the estima-
tor effectively, increasing the effort needed from users. Furthermore, we observed
variability in the interpretability-performance trade-offs depending on individual
user preferences and engagement levels, underscoring the importance of person-
alizing interpretability estimates for different users. However, when tested with
real users, our personalized framework did not yield noticeable benefits. Instead,
user preferences aligned more closely with fixed estimators, such as formula size,
likely due to the limited personal interest in the experiment.

This outcome highlights a key limitation of our study: although results in
simulation were promising, the real-world experiments did not align with those
findings. We attribute this discrepancy to two factors: (1) the users had no in-
centive to engage deeply with the task, and (2) they were unfamiliar with the
problems and the meaning of the variables. To address this issue, we envision to
deploy the framework in real-world scenarios where users have a strong interest
in data fitting for practical applications, such as in the medical field or for sci-
entific discovery. In these contexts, considering the units of the variables in the
formulae would also be crucial, and should be integrated into the model search
algorithm employed [358].

Another point worth noting is the strong correlation between real user re-
sults and fixed notions of interpretability, such as formula size. This suggests that
the complex framework we developed is best suited for more intricate scenarios
where specific interpretability criteria are critical (e.g., in the medical domain).
Conversely, in simpler use cases, relying on widely accepted notions of inter-
pretability may suffice.

Research Question 2.2 Can we leverage graph optimization techniques to find
graph control policies that are both interpretable and effective? Do we need to
explicitly promote interpretability or can it emerge naturally? Is diversity a suitable
avenue for this goal?

We addressed this question in Chapters 9 and 10, where we relied on Graph-
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based Genetic Programming (GGP), a graph optimization technique, to find ef-
fective yet interpretable graph policies. We found interpretable policies without
explicit promotion of it thanks to the chosen optimization technique, and we im-
proved both effectiveness and interpretability leveraging Quality-Diversity (QD)
algorithms.

In Chapter 9, we began by applying two GGP techniques to derive graph-
based policies for various continuous control benchmark tasks involving rigid
robots with differing input/output spaces dimensions. We also conducted a bi-
objective optimization, where the second objective—graph size—was introduced
to explicitly promote interpretability. In fact, as demonstrated in the previous
chapter, for simpler cases, a coarse interpretability metric, such as formula size,
can often suffice.

Our findings revealed only minor performance inferiority for graph-based
policies on simpler tasks and some more complex problems, compared to opaque
ANN-based policies optimized using state-of-the-art RL algorithms. Furthermore,
the resulting graphs were naturally constrained in size due to the optimization
techniques employed. In fact, incorporating graph size as a secondary objective
hampered the search process, leading to the discovery of simple but ineffective
graphs, as the size objective was easier to pursue. To address this, future work
should explore more advanced bi-objective search algorithms to avoid such pit-
falls.

The outcomes of this study should serve as a starting point to raise awareness
within the robotics community that high performance does not always need to
come at the expense of interpretability. However, these results are limited to sim-
ulation, and it remains unclear whether transparent controllers would transfer
as effectively as ANNs to real-world settings. Nevertheless, we generally expect
ANNSs to be more fragile due to their reliance on extensive parameter fine-tuning.
Future work should test this hypothesis on physical robots, as many of the con-
sidered simulated scenarios have real-world counterparts. In particular, it would
be interesting to evaluate which types of policies are more or less affected by the
reality gap phenomenon [372], potentially even introducing transferability as an
explicit objective in the search process [196, 197].

Another limitation of this study is the poor sample efficiency of evolutionary
optimization compared to RL, which made GGP search more costly. However, it is
important to note that the RL algorithms we used exploit dense rewards, whereas
GGP only considers the cumulative episode reward. A potential solution to mit-
igate the sample inefficiency of GGP would be to start the evolutionary search
with shorter simulations, i.e., episodes, gradually extending them as evolution
progresses and the policies become more refined.

In Chapter 10, we built upon the findings of Chapter 9, combining GGP with
QD to solve two navigation and two locomotion tasks. We leveraged QD to di-
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versify policies based on two key aspects: the behaviors they induce when con-
trolling agents and the structural features of their graphs. The rationale behind
this approach was to discover stepping stones that could guide the evolutionary
process toward high-performing solutions, while also finding policies that meet
different needs.

Our results demonstrated that behavioral diversity played a crucial role in en-
hancing the performance of solutions, aligning with the conclusions of much of
the QD literature. Additionally, graph diversity improved interpretability, allow-
ing users to select the most insightful graphs, offering a better understanding of
the problem and highlighting key decision-making mechanisms. Unsurprisingly,
the best outcomes were achieved by balancing these two aspects of diversity, fos-
tering both performance and interpretability simultaneously. Moreover, as a side
effect of combining the natural feature selection in graph policies with QD, we
observed increased robustness to sensory damage, despite not specifically opti-
mizing for it.

In summary, this study further supports the idea that interpretability and per-
formance are not mutually exclusive, with diversity playing a pivotal role in pro-
moting their coexistence. In addition, having a diverse set of policies may aid in
generalizing to real-world scenarios more effectively than relying on a single pol-
icy [70]. Yet, identifying which policies would perform best in real-world settings
might not be trivial and might require testing all of them on physical robots. Still,
we expect that some behaviors would transfer better than others, and it might be
possible to characterize this with only a few real-world trials.

Lastly, we remark that our results are strongly dependent on the descrip-
tors chosen to characterize behaviors and graphs. In fact, selecting meaningful
and representative descriptors is generally challenging—some studies even pro-
posed to identify them automatically from data gathered during simulations [68].
While an automated approach might be a viable strategy for characterizing be-
haviors, it would likely be less effective for graph structures. For graphs, descrip-
tors should distinguish solutions based on features that make them more or less
appealing to a given user, making user-driven selection more appropriate.

13.1.3 Integrating Bio-Inspiration and Interpretability in Em-
bodied Al

Can we identify a paradigm of bio-inspired interpretable embodied Al that
balances the complexity and the benefits of bio-mimicry with the need for
transparency for trustworthiness in control?

We broke this question down into two more specific inquiries, addressed in
the following. In general, our findings suggest a positive answer, as we success-
fully combined bio-inspired design with interpretability in the control of MSRs,
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yielding significant results.

Research Question 3.1 Is it feasible to rely on more compact controllers for
MSRs? What approach is the most effective for their optimization between direct
optimization and imitation learning?

We answered affirmatively to this question in Chapter 11, relying on symbolic
formulae and graphs as MSRs controllers. We found direct optimization to be
the most effective strategy for finding effective controllers, observing a general
failure of imitation learning for the task.

In this chapter, we explored an embodied controller design with varying
degrees of inter-module communication, applied to a fixed robot morphology.
We compared three controller implementations—ANNSs, symbolic formulae, and
graphs—all optimized using EC for a locomotion task. We initially applied direct
optimization and later experimented with offline imitation learning, using data
collected from other controllers experiences. We assessed the effectiveness of the
resulting controllers, with special attention to their size.

Our results revealed that, with direct optimization, symbolic formulae per-
formed almost on par with ANNs, while maintaining a significantly smaller size.
On the other hand, the considered graph optimization technique generally failed
to produce effective controllers. In terms of imitation learning, although all rep-
resentations were able to achieve low error relative to their “teachers”, they all
performed poorly when deployed as controllers. This underlined the importance
of direct interaction with the environment for optimization, as it allows for ex-
ploration across a broader range of scenarios.

This final outcome is partially negative. We had anticipated that imitation
learning would offer a viable way to reduce optimization costs, given that re-
gression from an expert is computationally cheaper than extended interactions
with the environment. The idea was that an expert could be trained using more
cost-effective and sample-efficient methods, such as RL, and then that knowl-
edge could be transferred to a controller with a different representation. Yet,
this approach did not yield the expected results. Anyway, even though the con-
trollers learned through imitation were not highly effective, they could still serve
as a foundation for bootstrapping the optimization process, potentially making it
faster and more efficient. This remains an interesting avenue for future research.

Concerning the reality gap problem, we anticipate that MSRs with more com-
pact controllers could be easier to implement in the real world, as these con-
trollers could be less costly in terms of hardware, and faster and more energy-
efficient in processing. Additionally, symbolic formulae and graphs may offer
an implicit feature selection advantage, potentially reducing the number of sen-
sors required in the modules. Still, the extent to which different controller types
would be affected by the reality gap remains uncertain and should be investigated

- 253 -




Concluding Discussion

further, at least through sim-to-sim experimentation.

Research Question 3.2 Can diversity foster the optimization of MSRs that are
interpretable, effective, and adaptable? How important is it to diversify in terms of
body designs, controllers features, and robot behaviors?

We provided a positive answer to this question in Chapter 12, where we
promoted diversity in MSRs across three key axes, resulting in significant im-
provements in performance and adaptability, even when using interpretable con-
trollers. Additionally, we observed parallels with biodiversity, particularly regard-
ing the most critical axes of diversity.

In Chapter 12, we explored the scenario of body-brain co-optimization for
MSRs, using two controller representations—ANNSs and graphs—both optimized
with EC for a locomotion task. We aimed to mimic biological diversity through a
QD framework that diversified MSRs across three key axes: brains, bodies, and
behaviors. Our experiments evaluated both the performance of the optimized
MSRs and their resulting diversity and adaptability to similar tasks, with a specific
focus on the interpretability of the resulting controllers.

Our findings demonstrated comparable performance between graph-based
controllers and ANNs when optimized using QD, though the search process for
this technique was slower compared to greedier optimization approaches. We
also observed notable diversity, particularly in terms of body morphologies and
behaviors, with similarities across both controller representations. Importantly,
we found that diversity significantly enhanced adaptability, especially with re-
spect to body and behavior traits, underscoring their critical role in achieving
robust, high-performing MSRs.

When transitioning to hardware implementations, we expect that the diver-
sity of optimized MSRs, along with a more compact controller representation,
could offer an advantage by increasing the likelihood of finding transferable so-
lutions. However, selecting the most promising designs for real-world implemen-
tation would remain a complex task. Future work should focus on identifying
the traits that make a MSR more or less transferable and either optimize directly
for these traits [196, 197] or incorporate them as descriptors within a QD frame-
work.

Another challenge of this study concerns the adaptability experiments, which
would be difficult to replicate in real-world settings without significant human in-
tervention. Testing a wide range of optimized robots in a new scenario would re-
quire changes not only to their controllers—which might be possible just through
software updates—but also the physical re-assembly of their modules. While
such reconfiguration could theoretically be automated with external infrastruc-
ture [314] or through self-reconfiguring modules [368], the feasibility of mini-
mizing external intervention remains uncertain. A potential solution would be
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to conduct an initial selection phase in simulation—if the new scenario could be
adequately simulated—and only transfer the most promising designs for testing
in real-world environments.

13.2 Impact and Future Perspectives

The most immediate question to ask at the conclusion of a Ph.D. thesis is: “what
new knowledge or contribution has emerged that was not there before?”. With
this thesis, we have gained valuable insights and learned important lessons:

1. Bio-inspiration can enhance the performance of embodied agents: while Al
models do not need to replicate biological intelligence perfectly, incorpo-
rating certain principles from biology (e.g., ANNs with internal states or
learning capabilities) can significantly improve performance.

2. Interpretability does not need to compromise performance: simple metrics,
such as model size, can be used to quantify and foster interpretability. In
this regard, Genetic Programming (GP) proves effective for optimizing in-
terpretable models without sacrificing performance.

3. Bio-inspiration and interpretability are not mutually exclusive: in fact, we can
strike a balance, integrating key aspects of both, such as QD optimization
and GP, to develop models that are high-performing and trustworthy.

In addition, when combined with the work of more applied roboticists, this foun-
dational research could lead to significant future advancements also in the field
of robotics.

13.2.1 Impacts on Application Domains

There are several potential application domains where MSRs could have a posi-
tive impact. The first domain involves exploration in remote and inaccessible areas
(e.g., space exploration [270, 313]), where these robots could be deployed for
data collection and even reassembled as needed. In this case, adaptability is cru-
cial, likely more so than interpretability, since these robots would have minimal
direct interaction with humans. This scenario presents an opportunity to exploit
findings from biological mimicry, such as using memory or plasticity in controllers
to enhance robustness.

Second, these robots could be scaled down to the nanoscale for targeted drug
delivery [6, 180, 27]. Here, bio-mimicry would play a critical role in ensuring
seamless integration into biological organisms. However, due to the sensitivity of
such applications, incorporating interpretable controllers would be essential to
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understand the robots inner workings and to enable corrective actions if neces-
sary.

Third, another promising area concerns prosthetics. Designed with muscle
tissue in mind, these robots could serve as ideal candidates for muscle replace-
ment in artificial limbs—recent studies have made progress in soft robotics for
hand [281] and foot prosthetics [336]. Integrating bio-inspired control tech-
niques could further advance developments in this area, ultimately benefiting
disabled patients.

Finally, these robots could be utilized to implement modules within humanoid
robots. Current research is indeed advancing toward humanoid robots with more
natural human-like gait patterns. A notable example is the Adam humanoid
robot by PNDbotics [476], which uses an end-to-end ANN trained with RL and
imitation learning from human data to control its gait'. This approach results in
smoother movements compared to robots using more traditional control systems,
such as those developed by Boston Dynamics. MSRs could be integrated into
these robots, acting as artificial muscles to enable even smoother movements
and improve compliance and adaptability.

We remark that a significant challenge in enabling these applications lies in
bridging the “reality gap” between simulation and real-world robotics. As high-
lighted in earlier sections, the studies and evaluations presented in this thesis
were conducted exclusively in simulation, primarily due to the absence of a high-
fidelity physical counterpart for MSRs. To facilitate future applications, we en-
vision leveraging well-established techniques to address this reality gap [372],
such as incorporating additional physical constraints into the simulator, simu-
lating environmental noise, or experimenting with sim-to-sim transfer methods.
Ultimately, the findings should be validated on physical robots. A practical initial
approach might involve working with simpler variants of modular robots that are
rigid rather than soft, as these are easier to control and can be readily fabricated
using 3D printing technologies [165].

13.2.2 Future Perspective: a Hierarchical Approach to Merge
Interpretability and Biological Fidelity

Throughout this thesis, we aimed to merge biological inspiration with inter-
pretability in MSRs, though much of our focus ultimately involved replacing
biologically inspired controllers with more interpretable ones. In this final sec-
tion, we propose an alternative paradigm that allows for the coexistence of both,
which we intend to explore as a future research direction. This new approach is
based on a hierarchical control model for MSRs and draws strong inspiration from
decision-making processes in nature.

1Video at https://youtu.be/pzxB-vaOqNo?si=g14hcV1DFIR48THq.
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To illustrate it, consider a scenario where a person or animal must make a
decision—such as choosing a path to travel from point A to point B. Several
factors, such as difficulty, distance, and even the surrounding views, are weighed
before reaching a decision. However, when it comes to carrying out the decision,
such as moving their legs, the specifics of leg movement are typically instinctive.
In this process, we can distinguish two layers: the higher layer is the decision-
making process, while the lower layer is the instinctive action needed to execute
the decision.

Translating this model to a robotic context, we aim for interpretability at
the higher decision-making level—for example, understanding why the robot
chooses to go left rather than right. However, we are less concerned with the me-
chanics of how the movement is executed, as long as the robot successfully com-
pletes its task. From an implementation standpoint, this means leveraging biolog-
ical fidelity to create functional modules that can effectively and robustly carry
out sub-actions. These modules could adapt to small environmental changes
(e.g., small obstacles) using SNNs or Hebbian learning. At a higher level, in-
terpretable controllers would oversee decision-making, determining which tasks
need to be performed and instructing the lower-level, biologically inspired mod-
ules accordingly.
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Glossary

3B-QD Body-Brain-Behavior Quality-Diversity.

Al Artificial Intelligence.
AL Active Learning.
aMSE Average Mean Squared Error.

ANN Artificial Neural Network.

CA Cellular Automaton.

CGP Cartesian Genetic Programming.
CNN Convolutional Neural Network.
CPG Central Pattern Generator.

CVP Contribution Variance Pruning.

CVT Centroidal Voronoi Tessellation.

DAG Directed Acyclic Graph.

DT Decision Tree.

EA Evolutionary Algorithm.

EANT Evolutionary Acquisition of Neural Topologies.
EC Evolutionary Computation.

ER Evolutionary Robotics.

ES Evolutionary Strategy.

EvoGym Evolution Gym.
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FFT Fast Fourier Transform.

G-QD Graph Quality-Diversity.

GA Genetic Algorithm.

GE Grammatical Evolution.

GGP Graph-based Genetic Programming.
GP Genetic Programming.

GUI Graphical User Interface.

H-MLP Hebbian MLP.

HV HyperVolume.
IRL Interpretable Reinforcement Learning.

LCS Learning Classifier System.
LGP Linear Genetic Programming.
LIF Leaky Integrate and Fire.
LLM Large Language Model.

LMP Least-Magnitude Pruning.
LSTM Long Short Term Memory.

MARL Multi-Agent Reinforcement Learning.

MAS Multi-Agent System.

MDP Markov Decision Process.

ME MAP-Elites.

ML Machine Learning.

ML-PIE Model Learning with Personalized Interpretability Estimation.
MLP Multi-Layer Perceptron.

MSE Mean Squared Error.
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MSR Modular Soft Robot.

NCA Neural Cellular Automata.

NE Neuroevolution.

NEAT NeuroEvolution of Augmenting Topologies.
NLP Natural Language Processing.

NS Novelty Search.

NSGA-II Non-dominated Sorting Genetic Algorithm II.

PCA Principal Component Analysis.
PHI Proxy of Human Interpretability.

PPO Proximal Policy Optimization.
QD Quality-Diversity.

ReLU Rectified Linear Unit.
RL Reinforcement Learning.

RNN Recurrent Neural Network.

SAC Soft Actor Critic.

SGD Stochastic Gradient Descent.

SiLU Sigmoid Linear Unit.

SNCA Spiking Neural Cellular Automata.
SNN Spiking Neural Network.

SNN-H SNN with Homeostasis.

SR Symbolic Regression.

STDP Spike-Timing-Dependent Plasticity.

TORCS the Open Racing Car Simulator.
TPG Tangled Program Graph.
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VSR Vozxel-based Soft Robot.

XAI Explainable Artificial Intelligence.

XRL Explainable Reinforcement Learning.
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