
Concurrency and Computation: Practice and Experience

RESEARCH ARTICLE OPEN ACCESS

Optimizing the Substrate for Hypercube-Based
Neuroevolution of Augmented Topologies to Design
Soft Actuators
Hugo Alcaraz-Herrera1 | Michail-Antisthenis Tsompanas1, 2 | Igor Balaz3 | Andrew Adamatzky1

1Unconventional Computing Laboratory, University of the West of England, Bristol, UK | 2School of Computing & Creative Technologies, University of the
West of England, Bristol, UK | 3Laboratory for Meteorology, Physics and Biophysics, Faculty of Agriculture, University of Novi Sad, Novi Sad, Serbia

Correspondence: Michail-Antisthenis Tsompanas (antisthenis.tsompanas@uwe.ac.uk)

Received: 29 December 2024 | Revised: 20 June 2025 | Accepted: 29 June 2025

Funding: This work was supported by the European Union’s Horizon Europe research and innovation programme (Grant No. 101070328) and by the UK
Research and Innovation grant (Grant No. 10044516).

Keywords: client-server model | HyperNEAT | neuroevolution | optimization | soft robotics

ABSTRACT
The characteristics of soft robots make them better candidates for applications such as healthcare, due to their enhanced safety,
adaptability, and more natural human-robot interaction compared to traditional counterparts. Different actuating systems have
been proposed for soft robotics. On the other hand, since this technology is fairly young, the design process of soft actuators
is not yet well formalized. In an attempt to enhance the applicability of this type of actuator, the utilization of a NeuroEvolu-
tion algorithm to automatically design them is proposed here. More specifically, Hypercube-based NeuroEvolution of Augmented
Topologies (HyperNEAT) is investigated for different substrate architectures. These substrates are Artificial Neural Networks that
encode the three-dimensional representation of the soft actuators. The produced three-dimensional sketches are tested within a
simulated environment under two different targets (the maximum displacement and the combination of maximum displacement
and minimum actuator volume) to identify the suitability of HyperNEAT as an efficient designing methodology. Since the evalua-
tion of candidate solutions under a physics simulator is the most computationally demanding process, the proposed methodology
was realized under a client-server setting, with the aim of accelerating the evolutionary optimization of actuator sketches. The
evaluation part of the algorithm was outsourced to the server side, which can be a specialized and high-performing computational
entity. The resulting soft actuators of this study proved to be of higher competence when compared with actuators derived under
previously published evolutionary methodologies.

1 | Introduction

Robotics research has enabled the conceptualization and fabri-
cation of machines supporting mankind in a plethora of fields,
from agriculture [1] to surgery [2]. Nonetheless, a subcategory
of robotics that employs flexible, deformable materials, under
the term of soft robotics, has recently gained a lot of interest as
they proved to perform better in specific areas [3–6]. This can be
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attributed to the fact that the bodies of such robots are compliant
and, thus, they move in a way that mimics biological entities.
Consequently, they can better imitate the behaviors of living crea-
tures, which are the result of Nature’s evolutionary optimization.

There are several noteworthy paradigms of these bio-inspired
soft robotics [7]. Mechanical octopus-like tentacles have been
derived from the further development of soft robotic suckers [8],
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and showcase the use of flexible building materials combined
with smart adhesion. Similarly, to highlight the application of
advanced materials and methods of manufacturing, a 3D-printed
soft robot driven by a combustion reaction has been studied [9].
Moreover, a soft robot was developed that mimics plant-like
growth for environmental navigation [10]. Numerous concepts
and designs have also drawn inspiration from plant root systems
for soft robotics [11, 12].

Soft robotics is rapidly evolving, with biology serving as a key
source of inspiration for designing robots capable of handling
delicate environments and objects. The soft robotics discipline
shows significant potential across various applications, with
ongoing research expanding the possibilities of soft robotic capa-
bilities as the associated technologies progress. Recently, this field
has moved beyond mere biological inspiration to incorporating
biological tissue directly into robotic systems [13, 14].

To address the challenges of using and controlling soft materi-
als (and in some cases, living tissues), automated methods for
designing soft actuators for robots have been explored here to
reveal their full potential. The approach outlined in this work
marks an early step toward creating a soft actuator, that is, suit-
able for biomedical applications.

Even conventional robot design is inherently complicated, often
requiring numerous real-world testing iterations to mitigate
the reality gap injected in the production methodology from
the use of imperfect simulations. Consequently, earlier studies
demanded significant time and material resources to identify
optimal designs [15]. Now considering soft robots, these chal-
lenges are even greater [16], largely due to the use of pliable mate-
rials that are characterized by nonlinear mechanical properties.

An intriguing method called NeuroEvolution (NE) was utilized
in this work to address the challenges of soft robot design. The
proposed methodology uses genetic algorithms (GAs) to optimize
both the topologies and connection weights of artificial neural
networks (ANNs). Among NE techniques, the most notable one is
NeuroEvolution of Augmenting Topologies (NEAT) [17], which
has been effectively applied in various robotic domains, including
robotic morphology design [18] and gait generation [19]. A simi-
lar methodology was developed to mimic natural patterns during
the learning process. This method is an extension of NEAT and is
known as HyperNEAT; it uses Compositional Pattern-Producing
Networks (CPPNs) to take advantage of the symmetry or any pat-
terns that may exist in the evolved topologies [20]. Based on pre-
vious work [21], the morphologies produced by the HyperNEAT
methodology have been shown to be of equivalent fitness as the
ones produced by CPPN-NEAT. Moreover, the inefficiencies of
Genetic Algorithms with direct representations when compared
to CPPN-NEAT (and, thus, HyperNEAT) have been investigated
previously [22].

Thus, the main objective of our research is to assess the suitability
of HyperNEAT as a design engine of soft actuator morphologies
(SAMs). We evaluate the methodology’s performance using vari-
ous predefined substrates that HyperNEAT evolves, and they are
decoded to generate three-dimensional sketches of SAMs. The
comparison between substrates is based on two key metrics: The
maximum displacement achieved within a given time frame and

the trade-off between the total volume of the morphologies and
the displacement attained. The rationale behind the trade-off
fitness function (penalizing higher volumes of the actuator)
is two-fold. Specifically, higher volumes of the actuator will
require more material, thus having a negative impact on costs
and sustainability. Moreover, higher volumes of actuators imply
a higher amount of active material that will require increased
energy for achieving the target displacement.

Moreover, to accelerate the computations, since a compu-
tationally demanding physics engine is used to provide the
fitness value of each candidate, the implementation of the
HyperNEAT method is designed with the provision of multi-
processing attributes. Specifically, the implemented technique
employs a client-server architecture, wherein the computation-
ally demanding components of the optimization process are
offloaded to distributed high-performance computing platforms.
This approach leverages parallelism and resource scalability to
enhance computational efficiency and reduce processing time.

2 | Background

Evolutionary optimization has been widely used in the field
of robotics during the past three decades. A highly influential
work [23] that shaped the future of this field has studied the
evolution of both the morphology and the controller of robots.
The robotic sketches produced through a genetic algorithm were
simulated and proved to have natural locomotion attributes for
swimming, flying, and walking behaviors. Despite the fact that
the first ever work on this field took into account the evolution
of both morphology and controller, the majority of the early
subsequent works would mainly investigate fixed morphologies
with a focus on evolving the controllers of these machines [24].
On the other hand, there have recently been numerous works
in this area that can be categorized into three groups: (i) the
ones focused on evolved morphologies, (ii) the ones focused
on evolved controllers, and (iii) the ones studying the hybrid
evolution of both aspects of a robot.

Moreover, earlier works mostly dealt with rigid structures being
used to evolve a morphology of a robot. Namely, for some of
these works [25, 26], these rigid structures were crane arms and
bridges, made out of unbending plastic bricks, and for some
works [27] these structures would additionally include wheels to
enable locomotion. However, recent advances in material science
made soft robotics popular; thus, the use of evolutionary methods
on this subcategory of soft robotics was highly motivating [22].

Nonetheless, the utilization of indirect representations for the
evolutionary optimization and appropriate algorithmic method-
ologies offered better outputs. For instance, an implementation
of CPPN-NEAT on the designing process of morphologies for
rigid robots manages to replicate the interplay between physical
structures and their controllers. This foundational work laid the
groundwork for subsequent studies where both morphology and
control systems were co-evolved [18]. As mentioned previously,
the application of these methodologies in soft robots proved to
be highly beneficial. This has been proved in an approach [28]
of using CPPN-NEAT to evolve amorphous robots capable of
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locomotion through the rhythmic expansion and contraction of
their constituent materials.

Lately, HyperNEAT has been employed for the co-design of
robotic controllers and morphologies. For example, a novel
methodology was proposed to simultaneously optimize robot
shapes and control strategies [29]. This approach was evalu-
ated across four experimental scenarios, focusing on the adaptive
capabilities demonstrated by the robots. The findings indicated
that the method effectively generates viable morphologies and
corresponding controllers capable of executing the specified tasks
with proficiency.

HyperNEAT has also been used to design controllers for driving
purposes. A study presents a simulation of autonomous robots
whose controller was designed by HyperNEAT [30]. The robots
employed a 180∘ wide sensor array, which simulated a camera as
input for the controller that could be used in a real robot. The
simulations of robots were performed on ViVAE (Visual Vector
Agent Environment), and they were trained to drive, maximizing
the average speed and trying to avoid collisions with obstacles and
with other robots. Results indicated that HyperNEAT was able to
design controllers capable of driving at an acceptable speed and
avoiding collisions in a limited number of evolutionary steps.

Whereas HyperNEAT primarily focuses on evolving controllers
that leverage the geometric properties of morphologies (as in
the aforementioned studies), it can also be utilized for the evo-
lution of morphologies based on voxel representations (arrays
of three-dimensional coordinates). Typically, a bounded region
consisting entirely of potential voxels is defined, and passing a
voxel’s coordinates to the substrate yields an output that deter-
mines the voxel’s inclusion within the hypercube space and its
characteristics. This was previously performed by CPPN-NEAT
[22, 28] but not by HyperNEAT. The method we propose here
and an investigation of the best substrate architecture for the
evolutionary optimization of morphologies relies on HyperNEAT
and is carried out for a specifically defined target problem of an
evolved soft robot actuator.

3 | HyperNEAT

HyperNEAT is an extension of NEAT, an algorithm designed
to evolve the topology of ANNs, typically generating arbitrary
topologies [17]. HyperNEAT employs NEAT to evolve a spe-
cific type of neural network (CPPNs) [31]. HyperNEAT employs
CPPNs due to their ability to compose patterns such as repeti-
tion and symmetry [20]. One of the primary differences between
NEAT and HyperNEAT is the use of diverse activation functions.
NEAT only generates ANNs that include hidden nodes with sig-
moid functions. In contrast, HyperNEAT can utilize other acti-
vation functions (e.g., periodic and Gaussian functions) in each
node. HyperNEAT was designed to evolve ANNs by exploring a
wider range of network architectures.

HyperNEAT can embody the geometry of the domain problem
due to the CPPNs’ properties since they help to compute the
topology of ANNs, considering their geometry. The geometric
space or layout where HyperNEAT operates is called substrate,
which can be configured in numerous ways. One of the most
popular configurations is grid, composed of a set of nodes
(i.e., neurons) allocated in a bi-dimensional plane. Another
well-known configuration is called three-dimensional grid [20],
where a set of neurons is allocated in a three-dimensional space.
It is noteworthy that “substrate” and “ANN representation of
the SAM” are equivalent terms and henceforth only the term
“substrate” will be used.

Figure 1a exhibits an example of a two-dimensional grid, whereas
an example of a three-dimensional grid is shown in Figure 1b.
Thus, the objective of HyperNEAT consists of evolving the con-
nectivity (i.e., topology) and weights of substrates by employing
CPPNs.

CPPNs generate the topology of the substrate considering the
position of neurons. Therefore, if a two-dimensional substrate
is implemented, a four-dimensional function to compute the
weight between the neuron 𝑎 and the neuron 𝑏 is defined as fol-
lows:

FIGURE 1 | Examples of substrates commonly used in HyperNEAT: (a) Two-dimensional, (b) three-dimensional.
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ALGORITHM 1 | General HyperNEAT algorithm.

1: procedure EXECUTE HYPERNEAT
2: 𝑑𝑒𝑓𝑖𝑛𝑒 𝑠𝑢𝑏𝑠𝑡𝑟𝑎𝑡𝑒

3: 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒 𝐶𝑃𝑃𝑁𝑠 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛

4: while 𝑠𝑡𝑜𝑝 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 𝑛𝑜𝑡 𝑚𝑒𝑡 do
5: for 𝑒𝑎𝑐ℎ 𝐶𝑃𝑃𝑁 do
6: 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑠 𝑓𝑜𝑟 𝑠𝑢𝑏𝑠𝑡𝑟𝑎𝑡𝑒

7: 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒 𝑏𝑖𝑎𝑠 𝑓𝑜𝑟 𝑠𝑢𝑏𝑠𝑡𝑟𝑎𝑡𝑒

8: 𝑎𝑠𝑠𝑖𝑔𝑛 𝐶𝑃𝑃𝑁 𝑎𝑝𝑡𝑖𝑡𝑢𝑑𝑒

9: end for
10: 𝑒𝑣𝑜𝑙𝑣𝑒 𝐶𝑃𝑃𝑁𝑠 𝑡ℎ𝑟𝑜𝑢𝑔ℎ 𝑁𝐸𝐴𝑇

11: end while
12: end procedure

𝐶𝑃𝑃𝑁(𝑥𝑎, 𝑦𝑎, 𝑥𝑏, 𝑦𝑏) = 𝑤𝑒𝑖𝑔ℎ𝑡𝑎𝑏 (1)

Following the formal definition of HyperNEAT [32], the bias
of neurons is calculated utilizing the coordinates of the neuron
whose bias is required in the “origin” position. Furthermore, the
coordinates of the “destination” position are set to zero. Hence,
the bias of the neuron 𝑎 is calculated as follows:

𝐶𝑃𝑃𝑁(𝑥𝑎, 𝑦𝑎, 0, 0) = 𝑏𝑖𝑎𝑠𝑎 (2)

Regarding a three-dimensional substrate, to obtain the weight
between neuron 𝑎 and neuron 𝑏, a six-dimensional function
is used:

𝐶𝑃𝑃𝑁(𝑥𝑎, 𝑦𝑎, 𝑧𝑎, 𝑥𝑏, 𝑦𝑏, 𝑧𝑏) = 𝑤𝑒𝑖𝑔ℎ𝑡𝑎𝑏 (3)

The bias of the neuron 𝑎 is calculated as follows:

𝐶𝑃𝑃𝑁(𝑥𝑎, 𝑦𝑎, 𝑧𝑎, 0, 0, 0) = 𝑏𝑖𝑎𝑠𝑎 (4)

Algorithm 1 describes the general workflow of HyperNEAT.
The generation of the topology and, consequently, the weights
and bias of the substrate (lines 6 and 7) are obtained by
querying each CPPN employing Equations (1) and (2) if a
two-dimensional substrate is being utilized. Or Equations (3) and
(4) if a three-dimensional substrate is being used.

It is important to highlight that the outputs of CPPNs are usually
in the [−1.0, 1.0] range. Therefore, it is necessary to normalize or
process CPPN outputs as required.

4 | Methodology

The primary purpose of this research is to find a suitable substrate
configuration that enables HyperNEAT to design morphologies
of soft actuators capable of performing locomotion tasks such as
reaching a significant displacement in a specific time frame. To
determine the most suitable substrate, four aspects are consid-
ered: (i) simulation of SAMs, (ii) HyperNEAT configuration, (iii)
software deployment, and (iv) experimental setup. The following
sections describe these aspects in detail.

4.1 | Simulation of Soft Actuator Morphologies

Building physical soft actuators to test them is not feasible since
it implies a significant effort in terms of resources and time. To
overcome this issue, SAMs are simulated in a three-dimensional
physics engine called Voxelyze, due to its capacity to simulate
numerous mechanical dynamics such as friction and gravity [16].
A voxel is the primary building block in Voxelyze that can simu-
late different materials (e.g., passive and active).

The output of Voxelyze contains: (a) the absolute displacement
of the soft actuator from its initial position during a specific time
frame, and (b) the number of voxels composing the SAM. The
output is used to evaluate the performance of soft actuators and,
consequently, the performance of the substrate utilized during
the design process. Details of the implementation of Voxelyze
are provided in previous research [33, 34]. Voxelyze is deemed
as an appropriate simulator to provide the fitness function of
SAMs despite possible reality gap issues, since it has been pre-
viously validated on a range of prototype soft robots made from a
range of material (i.e., only artificial material [35] up to biohybrid
machines [33]).

4.2 | HyperNEAT Configuration

In the scope of this research, HyperNEAT evolves CPPNs that
encode substrates [20]. Substrates decode into three-dimensional
SAMs. Thus, based on the three-dimensional layout (𝑥, 𝑦, 𝑧)
required for Voxelyze, where SAMs are designed, the number of
input neurons of substrates is three. Moreover, the number of
output neurons is two since it is necessary to determine: (i) the
presence of a voxel for each (𝑥, 𝑦, 𝑧) position across the layout,
and (ii) the type of material the voxel is made. Namely, active or
passive.

Considering the aforementioned definition, a substrate is queried
as follows:

𝑆𝑈𝐵𝑆𝑇𝑅𝐴𝑇𝐸(𝑥𝑖, 𝑦𝑖, 𝑧𝑖) = 𝑃𝑉𝑖,𝑀𝑖 (5)

where [𝑥𝑖, 𝑦𝑖, 𝑧𝑖] represent the coordinates of the 𝑖𝑡ℎ point in the
three-dimensional layout. 𝑃𝑉𝑖 represents the presence of a voxel
in the 𝑖𝑡ℎ point of the three-dimensional layout, and 𝑀𝑖 refers to
the type of material the voxel is made of in the same point of the
three-dimensional layout.

Equation (6) defines the procedure to map 𝑃𝑉𝑖 as presence or
absence of a voxel:

𝑃𝑟𝑒𝑠𝑒𝑛𝑐𝑒(𝑥𝑖, 𝑦𝑖, 𝑧𝑖)

{
yes, |𝑃𝑉𝑖| ≥ 0.5
no, otherwise

(6)

Regarding 𝑀𝑖, it defines the type of material the voxel is made
of. Following previous studies [33, 34], this research considers
only two types of materials: (a) active (i.e., contractile), which is
numerically encoded as 3, and (b) passive, encoded as 1. Thus,
Voxelyze uses these codes to interpret how morphologies are
built. In addition, Equation (7) describes the mechanism of how
𝑀𝑖 is mapped as a material id.
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𝑀𝑎𝑡𝑒𝑟𝑖𝑎𝑙 𝑐𝑜𝑑𝑒(𝑥𝑖, 𝑦𝑖, 𝑧𝑖)

{
1, |𝑀𝑖| < 0.5
3, otherwise

(7)

Finally, following the layout configuration used in Reference [21],
the 𝑥 and 𝑦 axis range is [0, 8], while the 𝑧 axis has a range of [0, 7].

4.3 | Software Deployment

Evaluating individuals requires an intense interaction with Voxe-
lyze, which implies a considerable computation time. To counter-
act this issue, the implementation of HyperNEAT utilized in this
research was designed under the multiprocessing paradigm. The
software has been developed using a client-server architecture to
take advantage of the distributed computing features.

The general workflow of the HyperNEAT implementation used
in this research is presented in Figure 2. The evaluation of

individuals can occur concurrently, which provokes an asyn-
chronous execution. Figure 3 shows in detail the evaluation
stage. First, the client side sends the SAMs to the server, which
simulates them using numerous Voxelyze instances and returns
the displacement observed and the number of voxels of the
SAMs. This data is employed to calculate the fitness of SAMs
and, hence, of the substrate.

Due to its serialization features, JSON is the data format selected
for transferring data between HyperNEAT (running on the client
side) and the fitness function (running on the server side). Com-
munication between both ends is established by HTTP, using
the GET and POST methods. It is important to highlight that the
server has implemented a reverse proxy acting as a load balancer.

One of the software’s main features is its ease of implementa-
tion; it can be deployed across numerous infrastructures. For
instance, the client is independent of the operating system and

FIGURE 2 | Diagram of the implementation of HyperNEAT for producing SAMs. Figure adopted from Reference [21].

FIGURE 3 | Evaluation stage: Voxelyze instances concurrently simulate SAMs, providing as output the displacement observed and the number of
voxels composing SAMs. These values are used to assign a fitness value through the procedures described in Sections 5.2 and 5.3. Figure adopted from
Reference [21].
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processor architecture. On the other hand, the server may be
deployed in any cloud computing platform or a virtual machine.
Furthermore, the software takes advantage of the computational
power (i.e., the number of cores in the CPU) at both ends. For
this research, a virtual machine was utilized during experimen-
tation. Finally, the hardware configured for the virtual machines
is described as follows:

• Processor: ARM, 9 cores (18 threads), 3.20GHz.

• RAM memory: 16GB, LPDDR5.

4.4 | Experimental Set-up

The population contains 50 encoded individuals (i.e., CPPNs pro-
ducing substrates that will be decoded into SAMs). Each evo-
lutionary run lasts 1000 generations. In addition, the activation
function dictionary contains the following functions: sine, neg-
ative sine, absolute, negative absolute, square, negative square,
square root of absolute, negative square root of absolute, and
sigmoid. The population is initialized following the procedure
described in Reference [33] to provide a meaningful comparison
of the outputs. Table 1 shows the parameters used during the evo-
lution of CPPNs.

To fine tune the substrate architecture, the allocation of the neu-
rons in the instances used in this research is commanded by a
combinatorial procedure with the following rules: (i) the num-
ber of hidden layers is in the {1, 2, 3} set, and (ii) the number of
neurons per layer is in the {1, 3, 5, 7} set. Thus, each substrate is
defined by one of all possible combinations of the previous rules.
For instance, the minimal substrate has only one hidden layer
containing one neuron, whereas the most complex substrate has
three hidden layers containing seven neurons each. Thus, 84 dif-
ferent substrate architectures were generated.

Due to the significant number of substrates involved in this
research, we clustered them by the number of neurons in the

first hidden layer. Thus, there are four clusters: (a) First layer
with one neuron (L-1); (b) First layer with three neurons (L-3);
(c) First layer with five neurons (L-5); and (d) First layer with
seven neurons (L-7). To refer to a specific substrate architecture
the following notation is used: L-{number of neurons in the first
layer}{number of neurons in the second layer}{number of neu-
rons in the third layer}; thus, a substrate with one neuron in the
first layer, three neurons in the second layer and five neurons in
the third layer will be denoted as L-135. Moreover, the activation
function implemented for substrates is ReLU due to its sparsity
properties and the fact that it can induce a linear behavior [36].

5 | Results

Since the primary purpose of this research is to identify a suitable
substrate for HyperNEAT, whereas these substrates can encode
SAMs, it is feasible to study the performance of the produced
SAMs. Thus, three metrics are utilized: (i) identifying the fittest
substrates through the general performance of the fittest SAM
during evolution, (ii) studying the displacement of SAMs during
ten simulated seconds regardless of the external conditions, and
(iii) analyzing the trade-off between displacement and the num-
ber of voxels composing SAMs.

5.1 | Evolutionary Optimization Based on the
Maximum Displacement

In this metric, the primary target for SAMs is their potential abil-
ity to move the farthest. The first step involves comparing the
general performance of the top substrates through the evolution-
ary behavior of the fittest individual. The fitness of each SAM
candidate is obtained as the maximum displacement.

It is important to emphasize that: (i) the experiment does not
consider the number of voxels of SAMs as a part of the perfor-
mance analysis, and (ii) for each evolutionary trial, 50 controllers
are randomly generated and used throughout the trial. For each

TABLE 1 | Parameters utilized to evolve CPPNs under HyperNEAT to generate SAMs.

Parameter Value Description

Compatibility threshold 3 If the genomic distance of individuals is less than this value, they are in the
same species [17].

Compatibility disjoint coefficient 1.0 Contribution coefficient for the excess and disjoint gene counts when the
genomic distance is calculated.

Compatibility weight coefficient 0.5 Contribution coefficient for each weight and bias when the genomic
distance is calculated.

Maximum stagnation 15 If a species does not exhibit improvement in at least this number of
generations, it is removed.

Survival threshold 0.3 The proportion of each species that is allowed to reproduce during
evolution.

Activation function mutate rate 0.4 The probability to replace the activation function of neurons.
Adding/deleting connection rate 0.3/0.2 The probabilities to add/delete a connection between existing neurons.
Activating/deactivating connection rate 0.5 The probability to activate/deactivate an existing connection between

neurons.
Adding/deleting node rate 0.3/0.2 The probabilities to add/delete a neuron.
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generation, the aforementioned 50 controllers are shuffled and
paired with SAMs during the simulation stage. Figure 4 presents
the mean performance of the fittest individual (i.e., the fittest
SAM) in terms of reaching the maximum displacement found by
the top three substrates per cluster (see Section 4.4) across 15 evo-
lutionary trials. Each curve (i.e., mean performance) exhibits 95%
confidence intervals shown by the shaded regions.

Regarding the performance of the substrates of L-1 (Figure 4a),
although their evolutionary pace seems similar, some statisti-
cally significant differences exist. First, all the data collected were
tested and found not to be normally distributed (Shapiro-Wilk
test; 𝑝 < 0.05). Then, using Dunn’s test, it is feasible to confirm
that no significant differences exist between the performances of
L-1 and L-113 (𝑝 > 0.05). In contrast, there are significant differ-
ences between the performance of L-177 and the rest (𝑝 < 0.05).
Therefore, a rank performance can be conducted: L-1 and L-113
> L-177.

Furthermore, when the performance of the substrates L-3 is stud-
ied (Figure 4b), some statistically significant differences can be
visually appreciated in the evolutionary pace of the substrates.
Moreover, all the data gathered are not normally distributed
(Shapiro-Wilk test; 𝑝 < 0.05), and through Dunn’s test, it is pos-
sible to confirm that significant differences exist between the per-
formance of L35 and the performance of the other substrates
(𝑝 < 0.05). On the other hand, there are no significant differ-
ences between the performances of L-333 and L-355 (𝑝 > 0.05).
Based on the previous result, the performance of the substrates
can be ranked as follows: L-35 > L-333 and L-355.

When the performances of the substrates of L-5 are analyzed
(Figure 4c), they present some statistically significant differences
in their evolutionary pace. All the data collected were tested, and
their distribution is not normal (Shapiro-Wilk test; 𝑝 < 0.05).
By utilizing Dunn’s test, it can be confirmed that no significant
differences exist between the performances of L-555 and L-511

FIGURE 4 | Mean performance in terms of maximizing displacement with 95% of confidence intervals depicted by the shaded regions of the fittest
SAM found by the top three substrates associated to: (a) Cluster L-1, (b) cluster L-3, (c) cluster L-5, and (d) cluster L-7.
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(𝑝 > 0.05). However, significant differences exist between the
performance of L-513 and the rest of the substrates (𝑝 < 0.05).
Thus, ranking the performance is suitable: L-555 and L-511 >

L-513.

In addition, examining the performances of the substrates of L-7
(see Figure 4d), some statistically significant differences can be
observed. All the data gathered exhibit a non-normal distribu-
tion (Shapiro-Wilk test; 𝑝 < 0.05). Employing Dunn’s test makes
it possible to confirm that no significant differences exist between
the performances of L-731 and L-71 (𝑝 > 0.05). In contrast, there
are significant differences between the performance of L-771 and
the performance of the rest of the substrates (𝑝 < 0.05). Consid-
ering the previous outcome, it is suitable to rank the performance
of the substrates: L-731 and L-71 > L-771.

Finally, for research completeness, Figure 5 shows the mean per-
formance of the fittest SAM in terms of reaching the maximum
displacement found by the top substrate per cluster. The shaded
regions surrounding the curves represent the 95% confidence
intervals. The performances present some statistically significant
differences. Through Dunn’s test, it is possible to confirm that
there are no significant differences among the performances of
L-1, L-555, and L-731 (𝑝 > 0.05). Significant differences exist,
nevertheless, between the performance of L-35 and the perfor-
mance of the rest of the substrates (𝑝 < 0.05). Therefore, the per-
formance of the substrates can be ranked: L-35 > L-731, L-1,
and L-555. The previous result can be confirmed visually: L-1,
L-555, and L-731 exhibit a steady evolutionary behavior around
generation 780. However, the evolutionary process of these three
substrates stagnates, showing either minimal or no improvement.
On the other hand, L-35 evolves at the same evolutionary pace
as the other substrates until generation 410. From this point, it
presents a faster evolutionary process, which stagnates around
generation 830.

5.2 | Evaluation of Best SAMs Against Random
Controllers

The results obtained from previous experiments (see Section 5.1)
demonstrated that the L-35 substrate is the most suitable for
finding SAMs capable of reaching the maximum displacement.
However, the exhibited performance was achieved by utilizing a
certain number of phase offset scenarios during evolution (i.e.,
50 randomly selected scenarios per run). Thus, a new metric
is investigated here that involves determining which substrate
yields the best performance in terms of producing SAMs capa-
ble of achieving the maximum displacement possible, despite
the external conditions, that is, with a vague control strategy.
Figure 6 presents violin plots comparing the fittest SAM (i.e.,
the fittest of 15 evolutionary runs as mentioned in the previous
section) found by each substrate per cluster in terms of reach-
ing the maximum displacement. Each violin plot displays the
minimum, maximum, median, and kernel density estimation of
the frequency distribution of the displacement values observed
across 500 randomly generated phase offset scenarios.

When the displacements of the SAMs of cluster L-1 (see
Figure 6a) are analyzed, they present some statistically signifi-
cant differences. The data collected are not normally distributed
(Shapiro-Wilk test; 𝑝 < 0.05). Then, using Dunn’s test, it is fea-
sible to confirm that no significant differences exist between L1
and L177 (𝑝 > 0.05). However, these substrates significantly out-
perform L-113 (𝑝 < 0.05). Consequently, it is possible to rank
the substrates as follows: L1 and L177 > L113. It is essential to
note that the criterion for selecting the fittest SAM, and conse-
quently, the fittest substrate within the cluster, is based on the
complexity of the topology, where substrates with fewer neurons
are considered more suitable. Thus, L1 has been chosen as the
fittest substrate of the cluster since it has one hidden neuron.
Moreover, studying the displacements produced by the SAMs of

FIGURE 5 | Left: Mean performance in terms of maximizing displacement with 95% of confidence intervals shown by the shaded regions of the
fittest SAM found by the top substrate per cluster; Right: Close up of the last evolutionary stage of the fittest SAM found by the top substrate per cluster.
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FIGURE 6 | Top three SAMs in terms of reaching the maximum displacement of: (a) Cluster L-1, (b) cluster L-3, (c) cluster L-5, and (d) cluster L-7.

cluster L-3 (see Figure 6b), statistically significant differences are
observed. All the data gathered show a non-normal distribution
(Shapiro-Wilk test; 𝑝 < 0.05). Through Dunn’s test, it is possi-
ble to confirm significant differences among the substrates, and
hence, they can be ranked: L355 > L35 > L333 (𝑝 < 0.05).

Regarding the performance of the SAMs in cluster L-5 (see
Figure 6c), some statistically significant differences were
observed. The Shapiro-Wilk test confirmed that the data are

not normally distributed (𝑝 < 0.05). Subsequently, using Dunn’s
test, it is feasible to confirm that there are no significant differ-
ences between the displacements of L511 and L513 (𝑝 > 0.05).
On the other hand, significant differences exist between these
substrates and L555 (𝑝 < 0.05). Considering this result, a rank-
ing can be performed: L511 and L513 > L555. Following the
topology-complexity criterion, the L511 substrate is selected
as the most suitable substrate for the cluster. Similarly, for the
SAMs in cluster L-7 (see Figure 6d), the data were found to be
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non-normally distributed (Shapiro-Wilk test; 𝑝 < 0.05). Then,
Dunn’s test further revealed the performance ranking for this
cluster as: L-731 > L-771 > L-71 (𝑝 < 0.05).

Once the fittest SAM, and hence, the fittest substrate per cluster,
has been identified, it is suitable to perform a broader compar-
ison. Thus, Figure 7 exhibits violin plots comparing the fittest
substrate per cluster in terms of reaching the maximum displace-
ment with the wider range of control scenarios. Each violin plot
displays the maximum, minimum, median, and kernel density
estimation of the frequency distribution of the displacement
values observed across 500 randomly generated phase offset
scenarios. In general, no significant differences exist among
the substrates. This is corroborated by employing Dunn’s test
(𝑝 > 0.05). This result can be interpreted as all substrates gener-
ate SAMs capable of maximizing the displacement regardless of
the external conditions or with a wide range of control strategies.
However, if the topology-complexity criterion is considered for
the morphology designing tool, a rank can be conducted: L1 >

L355 > L511 > L731.

Finally, to benchmark the fittest SAM found in this experiment, a
comparison with the fittest SAM found in a previously published
experimental methodology [21] with NEAT methodology is
considered. Furthermore, it is noteworthy that the controller
scenarios, the parameters used to evolve CPPNs, and the activa-
tion function dictionary from previous research are employed in
this experiment to ensure a fair comparison of the substrates pro-
ducing morphologies. Figure 8 depicts violin plots comparing the
performance of the fittest SAM found in previous research and
the fittest SAM found in this research across 500 phase offset sce-
narios generated a priori at random. It is essential to note that, to
avoid biased experimentation, this set of phase offset scenarios is
entirely different from the one used in previous experiments (see
Figure 6). Thus, using the Wilcoxon test, it is feasible to confirm
statistically significant differences between the two approaches
(𝑝 < 0.05). To assess the robustness of the results with respect
to variations in the randomized controller scenarios, four

FIGURE 7 | Fittest SAMs in terms of reaching the maximum dis-
placement per cluster.

different additional sets of 500 controller scenarios each and
with perturbations of −20%, −10%, +10%, and +20% of the
baseline phase offsets were tested. No statistically significant
difference was observed in any of these tests (data not shown
here).

Results suggest that the fittest SAM found in this research can
outperform the SAM discovered in Reference [21] to reach the
maximum displacement possible, regardless of the controller
scenario. Furthermore, the significantly high density of data
observed at the bottom of the violin plot suggests that the per-
formance of the SAM found in this research is more consistent
despite variations in the controller scenario. Thus, HyperNEAT
with a substrate whose configuration is layer one with one neu-
ron outperforms NEAT in designing SAMs capable of maximizing
the displacement. It is noteworthy here that since HyperNEAT
uses an additional representation in encoding the 3D space (i.e.,
the substrate) compared to NEAT, there is some computational
overhead associated with its computations. However, the main
computational demand is dominated by the physics simulator
used for the fitness calculation; thus, the aforementioned over-
heads are considered minuscule.

5.3 | Finding the Balance Between Volume
and Displacement

The ability of SAMs to move is essential. However, other aspects
must be considered since they represent devices planned to be
manufactured on a significantly small scale. Therefore, a SAM
with a smaller volume (i.e., fewer active voxels) is considered
more suitable because it consumes less energy, and less material
is necessary to build it. Thus, in this experiment, the evaluation
considers two aspects: (a) the ability to maximize the displace-
ment, and (b) minimizing the number of voxels composing

FIGURE 8 | Fittest SAM in terms of reaching maximum displace-
ment found in: Previous research (left), and present research (right).
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FIGURE 9 | Fitness observed under 500 different controller scenarios of the top three SAMs associated to: (a) Cluster L-1, (b) cluster L-3, (c) cluster
L-5, and (d) cluster L-7.

SAMs. Thus, the displacement (𝛿) of SAMs is evaluated through
the following equation:

𝛿𝑚 =
Δ𝑚
Δmax

(8)

where Δ𝑚 is the displacement of the SAM 𝑚, which is part of
the output of Voxelyze, and Δmax is the maximum displacement
configured for this experiment, which is set to 20 voxel lengths.
Thus, 𝛿 is normalized in the [0.0, 1.0] range. On the other hand,

the evaluation of the number of voxels (𝜈) of a SAM is obtained
by applying the following equation:

𝜈𝑚 = 1 −
Υ𝑚
Υmax

(9)

where Υ𝑚 represents the number of voxels contained in the
SAM 𝑚 and Υmax is the maximum number of voxels possible,
which is calculated by the dimension of each axis of the layout
where SAMs are designed: 8 × 8 × 7 = 448. Hence, Υmax = 448.
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In addition, 𝜈 is normalized in the [0.0, 1.0] range. Once 𝛿 and
𝜈 have been computed, the fitness of the SAM 𝑚 is obtained as
follows:

𝑓𝑖𝑡𝑛𝑒𝑠𝑠𝑚 = 1
2
𝛿𝑚 + 1

2
𝜈𝑚 (10)

Figure 9 shows violin plots comparing the fitness observed of the
top three SAMs per cluster. Each violin plot exhibits minimum,
maximum, median, and kernel estimation of the frequency dis-
tribution of the fitness values across 500 controller scenarios.

When the fitness values of the SAMs of cluster L-1 (see Figure 9a)
are studied, they exhibit significant differences. To confirm
these differences, first, the data gathered are tested and are not
normally distributed (Shapiro-Wilk test; 𝑝 < 0.05). Then, the
Kruskal-Wallis test is applied, confirming significant differences
(𝑝 < 0.05). Based on the previous results, the performance of the
actuator morphologies can be ranked as follows: L155 > L113
> L17 (Dunn’s test; 𝑝 < 0.05). Concerning the fitness values of
the SAMs of cluster L-3 (see Figure 9b), there are some signifi-
cant differences. The data collected are not normally distributed
(Shapiro-Wilk test; 𝑝 < 0.05), and Dunn’s test confirmed that
there are significant differences between the L355 soft actuator
and the rest of the actuators (𝑝 < 0.05). However, no significant
differences exist between L353 and L373 actuators (𝑝 > 0.05).

For the fitness values of the SAMs in cluster L-5 (see
Figure 9c), significant differences are observed (Shapiro-Wilk
test; Kruskal-Wallis test: 𝑝 < 0.05). Accordingly, the SAMs can
be ranked as follows: L531 > L51 > L533 (Dunn’s test;
𝑝 < 0.05). Similarly, for the fitness values of cluster L-7 (see
Figure 9d), significant differences are also evident (Shapiro-Wilk
test; Kruskal-Wallis test: 𝑝 < 0.05). The ranking of the actuator
morphologies is as follows: L71 > L755 > L775 (Dunn’s test;
𝑝 < 0.05).

Once the fittest SAM for each cluster, and thus the fittest sub-
strate, has been identified, the next step is to determine the overall
fittest morphology across clusters. Figure 10 presents violin plots
comparing the fitness values of the fittest SAMs from each cluster.
These plots display the maximum, minimum, and median values,
as well as the kernel density estimation of the displacement value
distributions across 500 controller scenarios. The Kruskal-Wallis
test indicates significant differences among the fitness values
(𝑝 < 0.05). Based on this result, the fitness ranking of the fittest
actuator morphologies is as follows: L71 > L155 > L531 > L353
(Dunn’s test; 𝑝 < 0.05).

To benchmark the fittest SAM identified in this experiment,
a comparison with the fittest SAM found in Reference [21] is
presented under the same optimization fitness function, con-
sidering the amount of material used. The parameters to evolve
CPPNs, the activation function dictionary, and the controller
scenarios used in the previous research are employed in this
experiment to make a fair comparison. Figure 11 presents violin
plots comparing the fitness values of the fittest SAM found in
the previous work and the fittest SAM found in this experiment.
By employing the Wilcoxon test, it is possible to confirm the
existence of significant differences between the two approaches
(𝑝 < 0.05).

FIGURE 10 | Fittest SAMs in terms of maximizing the displacement
and minimizing the number of voxels per cluster.

FIGURE 11 | Fittest SAM in terms of maximizing the displacement
and minimizing the number of voxels found in: Previous research (left),
and present research (right).

The results show that the substrate identified in this research
outperformed the one used in Reference [21]. Specifically, the
SAM discovered in this experiment demonstrates a superior
trade-off between maximizing displacement and minimizing
voxel count, regardless of the controller scenario. This improve-
ment is evident when compared to the fittest SAM reported in
previous research (see Table 2). Therefore, HyperNEAT with a
substrate whose configuration is layer one with seven neurons,
layer two with one neuron, outperforms the implementation of
HyperNEAT utilized in Reference [21] in terms of generating
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TABLE 2 | Number of voxels, mean displacement, and fitness value
of the fittest morphologies found in previous research and this research.

Approach
Number of

voxels
Mean

displacement
Fitness
value

Previous research 116 3.6879 0.4320
This research 113 4.1660 0.4433

FIGURE 12 | Fittest morphology found in: (a) Previous research, (b)
present research.

SAMs capable of maximizing the displacement, preserving the
number of voxels at a minimum.

Finally, Figure 12 shows the fittest SAMs found in Reference
[21] and in this research. The red cubes represent active (or
contractile) voxels, whereas the blue cube represents a passive
voxel. Regarding the fittest SAM found in previous research (see
Figure 12a), its shape is a triangular-like prism with one pas-
sive voxel at the top. Arguably, the voxel asymmetry towards the
top vertex observed in the SAM generates a stable displacement
despite the variations in the controller scenario. On the other
hand, the fittest SAM found in this research (see Figure 12b)
exhibits an irregular shape with a descendant voxel gradient
towards the bottom of the SAM. Similarly to the SAM found in
previous research, the observed voxel asymmetry possibly pro-
duces a stable structure during displacement regardless of the
controller scenario.

6 | Conclusions

This research focused on finding a substrate configuration for
HyperNEAT that allows it to produce higher performing SAMs,
simultaneously maximizing displacement and minimizing the
number of voxels used. The SAMs produced by each substrate
were simulated in a physics engine called Voxelyze. They were
evaluated considering two metrics: (i) the maximum displace-
ment observed, and (ii) the trade-off between the displacement
and the number of voxels composing the morphologies. During
experimentation, 84 different substrates were evolved for 1000
generations, and the champions that emerged were then tested
utilizing 500 diverse controller scenarios generated at random.
Under each metric, the performance of the fittest SAM found,
and consequently the fittest substrate, was compared against the
performance of the fittest SAM found under different research
methodology published previously [21]. The results indicate that,

under both metrics, the substrates found in this investigation
outperformed those obtained from previous research. Therefore,
the substrate’s design (i.e., neuron allocation, number of layers,
and number of neurons per layer) plays a crucial role in the
algorithm’s performance. When the morphologies are compared,
although the number of voxels is similar, their shape significantly
differs, which suggests that slight differences in substrates induce
an utterly different design outcome.

It is noteworthy here that this investigation focused only on the
optimization of morphologies. The controllers used throughout
the experiments were randomly selected to replicate the inher-
ent uncertainties of real-world applications, especially in the field
of biology (similar to the process followed by [33]). Nonetheless,
the approach of utilizing a “dictionary” of randomly produced
control strategies has its merits, as it imposes more evolutionary
pressure on the candidate morphologies to be robust despite the
control strategy applied.

Future work can build on the results and insights gained from this
research. For example, additional periodic functions, such as tan-
gent or cosine, could be incorporated into the activation function
dictionary to explore a broader range of morphological design
patterns. Moreover, given the importance of substrate design,
future studies could compare the substrate identified in this work
with an approach that evolves substrate topologies, such as the
ES-HyperNEAT method [37]. Finally, the methodology presented
in this study can be extended to more complex domains within
soft actuator design, including applications in medical devices.
Future work involving the translation of simulated designs into
real-world implementations could determine whether the statis-
tically significant differences observed here also correspond to
meaningful practical outcomes.
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