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Abstract. Biological and artificial embodied agents behave by acquiring
information through sensors, processing that information, and acting on
the environment. The sensory apparatus, i.e., the location on the body of
the sensors and the kind of information the sensors are able to capture,
has a great impact on the agent ability of exhibiting complex behaviors.
While in nature, the sensory apparatus is the result of a long-lasting
evolution, in artificial agents (robots) it is usually the result of a design
choice. However, when the agents are complex and the design space is
large, making that choice can be hard. In this paper, we explore the
possibility of evolving the sensory apparatus of voxel-based soft robots
(VSRs), a kind of simulated robots composed of multiple deformable
components. VSRs, due to their intrinsic modularity, allow for great
freedom in how to shape the robot body, brain, and sensory apparatus.
We consider a set of sensors that allow the agent to sense itself and the
environment (using vision and touch) and we show, experimentally, that
the effectiveness of the sensory apparatus depends on the shape of the
body and on the actuation capability, i.e., the VSR strength. Then we
show that evolutionary optimization is able to evolve an effective sensory
apparatus, even when constraints on the availability of the sensors are
posed. By extending the adaptation to the sensory apparatus, beyond
the body shape and the brain, we believe that our study takes a step
forward to the ambitious path towards self-building robots.

Keywords: Adaptation · Vision · CMA-ES · Morphological evolution ·
Embodied cognition

1 Introduction
Soft robots are deemed to be one of the key technologies for the future of
mankind: compared to traditional hard robotics, they allow in fact better com-
pliance with the environment and humans, leading to higher safety in mission-
critical applications. Some of the most relevant examples of soft robots are
the voxel-based soft robots (VSRs) [1], and the tensegrity soft modular robots
(TSMRs) [2], although other paradigms also exist [3–5]. Common to most of
these robotics structures, their main features are intrinsic softness and flexibil-
ity, which allow them to perform tasks that are otherwise incredibly difficult,
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if not impossible, for hard robots: for instance, soft robots can perform smooth
locomotion on rough terrain [6], or squeeze through tight spaces [7]. These possi-
bilities make them ideal tools for complex robotic inspection applications, such as
the exploration of hard-to-access environments [8]. In the medical domain, they
have been proposed as a support for gait rehabilitation [9] and colonoscopies [10].

Another important feature of soft robots is that they are, usually, inherently
prone to modular design. Often biologically inspired, this kind of robot can be
assimilated from complex organs made of multiple components of the same kind,
similar, e.g., to the myons that make up skeletal/muscle tissues. Furthermore,
modularity facilitates manufacturing, redundancy, and repair [11, 12].

Despite these promises, designing soft robots’ morphology and controller,
(sometimes referred to as the body and the brain, respectively) is especially dif-
ficult. This is mainly due to the hard-to-model dynamics of soft materials being
used in the body, as well as the non-linearity of the body-brain system. This, and
the current lack of analytical design strategies, make Evolutionary Algorithms
(EAs), often coupled with physics-based simulations, the main tool currently
available for designing soft modular robots. The importance of EAs in designing
soft modular robots has been highlighted, for instance, in [13], where the authors
not only found that evolutionary optimized morphologies allow different kinds of
interactions with the environment, but they have also shown that morphological
development can, in turn, guide evolution to more robust designs. Other recent
examples of evolutionary synthesis applied to soft robots are reported in [14, 15],
where the authors used an EA to optimize the controller of VSRs. Overall, us-
ing EAs for soft modular robot design is clearly advantageous for a number of
reasons. Artificial evolution has in fact the potential to uncover unconventional
designs, difficult to anticipate for a human expert, that not only are optimized
for their efficiency at the task at hand, but can also show improvements in terms
of non-functional requirements, such as reduced energy consumption (thus ex-
tended lifetime), higher robustness, etc. Furthermore, evolution is able to exploit
synergistic effects between body and brain that, as discussed earlier, are often
too hard to model analytically.

A currently overlooked aspect in the evolutionary design of soft modular
robots is the sensory apparatus, i.e., the kinds of sensors available to the con-
troller and their position in the body. Usually, sensors are considered as given,
based on expert design choices and/or physical constraints, and controllers are
optimized to use the available sensors. However, what happens if the sensory ap-
paratus can evolve? Or, put it in other terms, is evolution able to optimize which
sensors to use, and where to position them in the body of a soft modular robot?
This is our main research question. Our hypothesis is that evolving the sensory
apparatus may either lead to use of fewer sensors (with respect to a manually
designed sensory apparatus), or lead to more efficient use of the existing sensors,
which can yield better robot performance and, potentially, better energy usage.
To the best of our knowledge, the only work that addressed a similar research
question are [16–18], where the sensory apparatus is evolved in different kinds
of hard robots. Another work on this topic is [19], which has shown that sensor
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placement can alter the landscape of the controller loss function, thus guiding
evolution towards better controllers. However, the context of that work was uni-
cycle non-holonomic mobile robots. On the other hand, no prior research so far
addressed this question in the domain of soft modular robots and, in particular,
of VSRs. Due to intrinsic and fine-grained modularity, VSRs offer indeed great
freedom in the design of the sensory apparatus.

In order to answer our question, we conduct in silico experiments on two
kinds of VSRs, a biped and a worm, and use an EA to optimize the sensory
apparatus to perform a locomotion task. In doing that, we compare the results of
the evolutionary search with three baseline handcrafted sensory configurations,
from low to high sensor equipment. We also evaluate the generalizability of the
solutions found by the EAs on different terrains characterized by various levels
of roughness and the presence of different kinds of obstacles. In a nutshell, we
find that EAs are able to find sensory configurations that perform at least as
well as those manually designed based on our previous knowledge, even when
the number of available sensors is constrained to be smaller than that available
to manual designs. This additional constraint is important as using fewer sensors
decreases the complexity of the robot, thus reducing its possible points-of-failure
and reducing energy use. Furthermore, we collect empirical evidence on the fact
that the optimal sensory apparatus depends, in general, on the shape of the body
and on the actuation capability. These results allow us to reason, qualitatively, on
the link between actuation strength and sensory apparatus, and the evolutionary
importance of discovering the kinds of sensors that are actually beneficial to the
task.

The rest of the paper is organized as follows. In the next section, we provide
the background concepts on VSRs and the sensor/controller configuration con-
sidered in this work. In Section 3, we describe how we represent VSRs in a way
that fits evolutionary optimization. In Section 4, we present the experiments and
discuss the results. Finally, in Section 5, we draw the conclusions of this work
and discuss possible future research directions.

2 Background: voxel-based soft robots

Voxel-based soft robots (VSRs) are robotic agents composed of several deformable
blocks (voxels) that can actively vary their volume in response to a control sig-
nal [20]. In this study, we consider the 2-D version of the VSRs presented in [21]
along with a simulation engine tailored to optimization. We here briefly recap
the main concepts of VSRs that are relevant to our study: we refer the reader
to the aforecited paper and to [22] for further details.

A VSR is defined by its morphology and its controller. The morphology is
itself defined by the number and placement of the voxels composing the VSR,
that we call shape, and by the number, kind, and placement of sensors, that
we call sensory apparatus. The controller is a law that determines, at each time
step, the control signal to be applied to each voxel of the VSRs based on the
readings of the sensors available in the sensory apparatus.
Shape. The shape of a VSRs is a 2-D grid of voxels where adjacent voxels are
rigidly connected at their vertices (see Figure 1). A voxel is a deformable square
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that is modeled, in the simulation, as a compound of masses, spring-dampers
systems, and distance constraints, see [21].

A voxel changes its area depending on: (a) the control signal and (b) the
external forces applied by other voxels connected to it. The control signal is a
value in [−1, 1] representing the request of the controller to contract or expand
the voxel: −1 corresponds to maximum expansion, 1 corresponds to maximum
contraction. The actuation of the control signal is modeled in the simulation as
an instantaneous change of the resting length of the spring-damper systems.

The precise amount of area change depends on the parameters of the voxel
model, i.e., the properties of the voxel. In this work, we assume that all the voxels
have the same properties. A parameter that is particularly relevant to this work
is the maximum area change ρA. Let A be the area of a voxel not subjected to
external forces and with a control signal f = 0, then the area of the voxel not
subjected to external forces and a control signal f is A(1 − ρAf). Intuitively,
ρA represents the “strength” of a voxel: the larger its value, the larger the area
change when controlled with the same control signal.

Sensory apparatus. The sensory apparatus of the VSR is a central point
of this study and allows the VSR to perceive itself and the environment. The
outcome of the perception is consumed by the controller in order to determine
the values of the control signal, which in turn affects the behavior of the VSR.

The sensory apparatus of a VSR consists of zero or more sensors for each
voxel of the VSR shape. Each sensor has a type, and for each voxel there can be
at most one sensor of a given type. Each sensor produces, at each time step, a
sensor reading s ∈ D ⊆ Rp, D being the domain of the sensor and p being the
dimensionality of the sensor type.

In this work, we consider four sensor types. Area sensors perceive the ratio
between the current area of the voxel and its rest area: the domain is hence
D = ]0,+∞[. Touch sensors perceive whether the voxel is touching the ground
(s = 1) or not (s = 0): the domain is D = {0, 1}. Velocity sensors perceive the
velocity of the center of mass of the voxel along the x- and y- axes integral with
the voxel itself (i.e., the axes rotate with the voxel): the domain is D = R2.
Finally, vision sensors perceive the distance towards close objects, as the terrain
and the obstacles, within some field of view.

We designed the vision sensors for the purpose of this study and modeled
them as p straight rays cast from the voxel center with angles α1, . . . , αp with
respect to the positive x-axis integral with the voxel. For each i-th ray, the

corresponding value si of the sensor reading is min
(

d
dmax

, 1
)

, where d is the

distance between the voxel center and the point where the ray hits the closest
object and dmax is a parameter representing the maximum distance of sight. The
domain of the vision sensors is hence D = [0, 1]p. Figure 1 shows two examples of
VSRs equipped with vision sensors and highlights the rays cast by those sensors.

Controller. The controller determines the value of the control signals of the
VSR voxels over time. Several forms may be employed for realizing the controller.
Since we are interested in studying if and how the sensory apparatus of the VSR
can be evolved, we use a controller that can exploit the sensor readings. In
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particular, we followed the approach of [14], where the controller is a multi layer
perceptron (MLP), a form of artificial neural network.

The MLP has one input for each of the values sensed by the sensors (i.e.,
one input for each touch sensor, two inputs for each velocity sensor, and so on),
one whose value varies over time according to an input driving function, and the
bias. The role of the driving function is to facilitate the emergence of dynamics
useful for the task to be accomplished by the VSR [14]—we used a sinusoidal
function with frequency of 1 Hz. The MLP has one output for each voxel: the
value determines, at each time step, the control signal of the corresponding voxel.
The input and output layers are connected through zero or more inner layers.
In this work, we experimented with MLP without inner layer and we used tanh
as activation function.

In this form, the controller is completely described by the weights w of the
MLP. For a given VSR shape, the size |w| of the weight vector depends on the
sensory apparatus of the VSR.

3 Evolution of the sensory apparatus

We are interested in verifying if the sensory apparatus of the VSR can be op-
timized by means of evolutionary computation, as the shape and the controller
have been showed to be. However, the controller is intrinsically connected to the
sensory apparatus: in the form that we consider in this paper, the controller size
is directly determined by the number and type of sensors available in the sensory
apparatus. For this reason, we evolve the controller and the sensory apparatus
together and propose, for this purpose, two representations according to which
a numerical vector (the genotype) is mapped, given a shape, to a pair 〈sensory
apparatus, controller〉 (the phenotype) suitable for that shape. We use a numer-
ical vector as genotype since this enables us to use state-of-the-art evolutionary
algorithms for the search. For this study, we rely on the Covariance Matrix Adap-
tation Evolution Strategies (CMA-ES) algorithm [23], since it has been shown
to be effective for VSRs [24], as we confirmed with exploratory experimentation.

The two representations are direct, in the sense that an element of the nu-
merical vector constituting the genotype directly determines the realization of a
component of the controller and/or sensory apparatus. Both also exhibit some
degree of redundancy, itself resulting in possible degeneracy of the represen-
tation [25]: in some portion of the genotype space, several different genotypes
correspond to the same phenotype.

Furthermore, both representations are specific to a given body, i.e., to a pair
consisting of a shape and a maximal sensory apparatus. The maximal sensory
apparatus determines the most complex sensory apparatus (i.e., the one with
the largest number of sensors) that can be represented for that body.

The two representations differ in the possibility of further limiting the maxi-
mum number of sensors: we hence call them Limiting and Unlimiting. They work
as follows. Let nS be the overall dimensionality of the sensors of the maximal
sensory apparatus and nV the number of voxels of the shape. The genotype is
defined in R(nS+2)nV and directly encodes the weights w of a maximal controller,
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i.e., the MLP that takes the inputs from the maximal sensory apparatus (plus
the bias and the driving function) and applies its outputs to the nV voxels. We
denote by w(s) the vector of weights corresponding to the inputs of the MLP
connected to the sensor s.

Unlimiting. In this representation, given a threshold τw ∈ R+, the sensory
apparatus corresponding to a genotype w is composed of each sensor s of the
maximal sensory apparatus for which at least one weight in w(s) is greater,
in absolute value, than τw, i.e., for which ws,max := maxi |w(s),i| > τw. The
controller is the MLP obtained by considering only the maximal controller inputs
connected to the sensory apparatus obtained from the genotype. It can be seen
that there is no hard limit to the complexity of the sensory apparatus that can
be represented: if enough weights are large enough, the sensory apparatus is
the maximal one. On the other hand, the representation allows for a sensory
apparatus consisting of no sensors at all.

Limiting. In this representation, given a maximum number nsensors ∈ N of sen-
sors, the sensory apparatus corresponding to a genotype w is composed of the
nsensors sensors with the largest ws,max. The controller is set as in the Unlimiting
case. It can be seen that in this case, regardless of the values in w, the sensory
apparatus has always the same complexity (i.e., it always consists of exactly
nsensors sensors). We remark, however, that weights that are very small corre-
spond, in practice, to sensors that do not significantly impact the computation
of the control signals, i.e., that are not actually used by the controller.

4 Experimental analysis

We aimed at investigating the possibility of evolving the sensory apparatus of
VSRs from different points of view. More precisely, we addressed three facets of
the problem, here represented in terms of research questions:

RQ1 Are sensors beneficial to robot effectiveness? Is the benefit of sensing ability
somehow diminished by greater strength? Is it dependent on the robot
shape?

RQ2 Can the evolution discover an effective sensory apparatus?
RQ3 When the complexity of the evolvable apparatus is limited, what sensors

are “preferred” by the evolution?

To answer these questions, we performed a number of experiments consider-
ing two VSR shapes and the task of locomotion on an uneven terrain. Concerning
the shapes, we experimented with a 7 × 1 (x and y size of the voxel grid con-
stituting the shape) rectangle, that we call worm, and a 7 × 4 rectangle with
3×2 missing voxels at bottom-center, that we call biped. Figure 1 shows the two
shapes during one simulation.

Concerning the task, we considered locomotion, i.e., a limited time span, the
episode, in which the robot has to travel as far as possible along the positive
x direction. We measured the effectiveness of a VSR in performing locomotion

as its average speed vx =
x(tf )−x(0)

tf
during the episode, tf being the episode
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duration and x(t) being the position of the VSR center of mass at time t. Of
note, locomotion is a classic task in evolutionary robotics and usually consists
in making the robot run along a flat surface. On the other hand, here we used
an uneven surface, since we believe that it is better suited for investigating
sensing ability: robots that are able to perceive obstacles along the way should
be favored with respect to robots that base their locomotion effectiveness on a
regular gait not impacted by current perception [14]. Moreover, for a subset of
the experiments, we measured the locomotion effectiveness vx on two different
surfaces, one used for the evolution, one after: the motivation was again to verify
if the robot actually exploited the sensory apparatus for running faster on an
“unknown” surface.

For all the experiments, we used CMA-ES for the optimization with default
parameter settings (as indicated in [26], the main ones being the initial step size
σ = 0.5 and the population size λ = 4+b3 log |w|c) and with the initial vector of
means set by sampling uniformly the interval [−1, 1] for each vector element. We
simulated episodes lasting tf = 180 s (simulated time). For the simulation, we
used the default parameters of the 2D-VSR-SIM software [21], unless otherwise
specified. We made the code used for the experiments, based on JGEA (https://
github.com/ericmedvet/jgea) for the evolutionary optimization part, publicly
available on https://github.com/ndr09/HSMRcoevo.

(a) Worm on the training surface.

(b) Biped on the validation surface.

Fig. 1. Frames of two VSRs (a worm and a biped, both with vision sensors) captured
during two simulations. The color of each voxel encodes the ratio between its current
area and its rest area: red indicates contraction, yellow no variation and green expan-
sion; the circular sector drawn at the center of each voxel indicates the current sensed
values s(t) (see [21]). The rays of the vision sensors are shown in red.

4.1 RQ1: Sensor potential benefit

In order to answer this question, we manually designed, based on domain knowl-
edge, three sensory apparatuses for each of the two shapes. For each resulting

https://github.com/ericmedvet/jgea
https://github.com/ericmedvet/jgea
https://github.com/ndr09/HSMRcoevo
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body, we evolved the controller with different values of ρA, i.e., different strengths
of the bodies (see Section 2).

Figure 2 shows the six bodies, i.e., shapes and sensory apparatuses. For each
shape, the three apparatuses are derived from a single maximal sensory appara-
tus that consists of a number of sensors of different types placed in the shape in
order to favor the perception of a robot that moves towards the right, i.e., in the
positive x direction. In particular, we placed in the maximal sensory apparatus:

– a vision sensor with three rays (with α1 = 0◦, α2 = −15◦, and α3 = −30◦)
on each rightmost voxel of the shape; for the worm, we also placed one vision
sensor on the leftmost voxel (with α1 = 180◦, α2 = 195◦, and α3 = 210◦) to
compensate the limited extension of the forward front of the shape;

– a touch sensor on each voxel of the bottom row of the grid (i.e., all the voxels
in the worm and the voxels corresponding to the “feet” of the biped);

– area and velocity sensors spread over the body, as shown in Figure 2.

We then differentiated the three apparatuses based on the number of sensors
that we removed from the corresponding maximal sensory apparatus. In the Low
perception apparatus, we left just a few area sensors. In the Medium perception
apparatus, we removed all the vision sensors. In the High perception apparatus,
we did not remove any sensor, i.e., this apparatus is the maximal sensory appa-
ratus and is the only one that allows the robot to “see” its surroundings. As a
consequence, the number |w| of weights for the three controllers, i.e., the size of
the search space from the point of view of the evolutionary optimization, was 35,
210, and 252, for the worm, and 352, 924, and 1188, for the biped, respectively
for the Low, Medium, and High apparatuses.

(a) Worm-Low. (b) Worm-Medium. (c) Worm-High.

(d) Biped-Low. (e) Biped-Medium. (f) Biped-High.

Fig. 2. The six bodies (shape and sensory apparatus) used in the experiments. In each
voxel, sensors are represented as stacks of p squares, p being the dimensionality of the
sensor (see Section 2). Area sensor (p = 1) is the first (leftmost) column; touch sensor
(p = 1) is the second column; velocity sensor is the third (p = 2); vision sensor is the
last (p = 3). The color of the sensor represents its presence in the apparatus: gray
border means not present; black border means not present, but present in the maximal
sensory apparatus; red fill means present.
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We considered 8 values for ρA, evenly distributed in [0.1, 0.8]. For each one
of the 2×3×8 combinations of shape, sensory apparatus, and ρA, we performed
10 independent evolutionary optimizations of the controller with CMA-ES. We
used the average speed vx as fitness and we stopped the evolution after 2000
fitness evaluations.

Figure 3 summarizes the results of this experiment. It shows the mean (across
the 10 runs) effectiveness in locomotion (i.e., vx) of the best VSR at the last
iteration of CMA-ES with the three sensory apparatuses on the two shapes for
each value of ρA. The figure also shows the vx that the best VSR scores on a
second validation surface, i.e., an uneven surface different from the one used for
computing the fitness (training surface).

0.2 0.4 0.6 0.8
0

2

4

ρA

v
x

Worm

0.2 0.4 0.6 0.8
ρA

Biped

Low Medium High Training Validation

Fig. 3. Locomotion effectiveness vx of evolved VSRs with different shapes (plot) and
sensory apparatuses (line color) vs. the strength ρA.

Three observations can be made based on Figure 3. First, the locomotion
effectiveness depends on the robot strength. As expected, the stronger the robot,
the faster in locomotion; but this holds only for values of ρA lower than 0.5.
Instead, for ρA > 0.5, the VSRs of both shapes become less effective with greater
strength: we examined the behavior of the evolved VSRs in details and found
that with large ρA the physics model of the simulator is brought to the limit and
results in voxels that contract too much, eventually making the robot difficult
to control and hence ineffective.

Second, the differences in effectiveness among sensory apparatuses depend
on the shape. For the worm, the more complex the sensory apparatus, the faster
the robot: moreover, the three apparatuses peak at different values of strength
and the Low apparatus is greatly outperformed by the Medium and High. For
the biped, the differences are in general smaller: the Medium and the High
apparatuses result in roughly the same peak vx ≈ 4.3 for the same value of ρA.
The gap of the Low apparatus with respect to the other two is not negligible
only for values of ρA in the range [0.2, 0.5].

Third, the difference between the effectiveness on the training and validation
surfaces appears to be larger for the Low sensory apparatus—this is more ap-
parent for the worm shape. This means that when the VSR bases its locomotion
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effectiveness also on the perception of the environment, it is more capable of
coping with unseen environmental conditions.

We believe that these findings are important, in particular the second one,
since they suggest that there is not a one-fits-all solution for the sensory appa-
ratus. The best apparatus depends (at least) on the shape and strength of the
VSR. Thus, the idea of optimizing a sensory apparatus for a specific VSR shape
appears sound.

4.2 RQ2: Effectiveness of evolved sensory apparatus

For answering this question, we performed a second experiment where we com-
pared the results of the evolutionary optimization of the sensory apparatus of
the two shapes, using the two representations described in Section 3, against
the three apparatuses defined in the previous section (Low, Medium, and High).
Moreover, we used the High apparatus as the maximal sensory apparatus when
evolving the apparatus: the number |w| of weights for the evolvable apparatuses
was hence 252 and 1188, respectively for the worm and the biped.

We set the parameters of the two representations as follows. For the Limiting
representation, we set nsensors = 20 for the worm and nsensors = 30 for the biped,
i.e., approximately the number of sensors in the Medium apparatus. For the
Unlimiting representation, we determined the value of the weight threshold τw
by examining the values of the weights of the 10 + 10 (worm and biped) evolved
VSRs with the High apparatus in the previous experiment (see Figure 4): we
chose, for each shape, the value corresponding to the tenth percentile of ws,max

(see Section 3), that was τw = 1.96 for the worm and τw = 2.87 for the biped.

0 2 4 6
0

20

40

60

wi,max

C
o
u
n
t

Worm

0 2 4 6
wi,max

Biped

Fig. 4. Histograms of the value of ws,max for sensors of the VSRs evolved with the
High sensory apparatus in the experiment of Section 4.1. The red line corresponds to
the 10-th percentile.

We set ρA = 0.3 and we performed 10 independent evolutionary optimiza-
tions for each one of the 2 × (3 + 2) configurations (two shapes and three stat-
ically defined apparatuses plus two evolvable ones). We stopped the evolution
after 25 000 fitness evaluations. For the evolvable apparatuses, we initialized the
vector of means in CMA-ES to 0 instead of sampling each element [−1, 1]: in this
way, the sensors started disabled and was up to the evolution to enable them
when convenient.
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Figure 5 summarizes the results of this experiment: it shows the mean fitness
vx (across the 10 runs) of the best VSR at different stages of the evolution (i.e.,
number of births).

0 10000 20000
0

2

4

Births

v
x

Worm

0 5000 10000 15000 20000 25000

Births

Biped

Low Medium High Unlimiting Limiting

Fig. 5. Mean fitness vx (across 10 runs) during the evolution in the second experiment.

The foremost finding that can be seen in Figure 5 is that the evolved sensory
apparatuses are not, in general, worse than the hand-designed ones. By looking
in details at the value of vx at the end of the optimizations, which is shown in
Figure 6 in the form of box plots, it can be seen that for the worm there are
not significant differences between the Medium, the High, and the two evolved
apparatuses, while for the biped both the evolved apparatuses and the High
one outperform the others. As a further confirmation, we performed the Mann-
Whitney U test (after having verified the relevant hypotheses) between pairs of
samples from different apparatuses for each shape: Table 1 shows the resulting
p-values.

Low Med. High Unlim. Lim.
0

2

4

v
x

Worm

Low Med. High Unlim. Lim.

Biped

Fig. 6. Box plots of the fitness vx at the end of the evolution in the second experiment.

By comparing the two representations for the evolvable apparatuses it can be
seen that there are no significant differences. This means that with the Limiting
representation the evolution is still able to find a sensory apparatus (and the
corresponding controller) that is effective in locomotion, even if the VSR can
use fewer sensors.

Finally, by looking at the vx during the evolution with Unlimiting represen-
tation, i.e., the the green line in Figure 5, it can be seen that it stays behind
the Limiting representation in the early stage of the evolution. For the biped
in particular, the peculiar shape of the line shows that after an initial, rapid
improvement of the fitness, it then decreases up to ≈ 150 births and then starts
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Table 1. p-value of the pairwise Mann-Whitney U test performed on the vx resulting
from the second experiment (values shown in Figure 6). Values corresponding to a
significant difference (with significance level set to 0.05) are highlighted in boldface.

Worm Biped

Med. High Unlim. Lim. Med. High Unlim. Lim.

Low 0.0002 0.0002 0.0002 0.0002 0.0284 0.0012 0.0002 0.0002
Med. 0.5967 0.0413 0.0156 0.0821 0.0588 0.1988
High 0.4057 0.2899 0.7624 0.4497
Unlim. 0.3258 0.4057

to improve again—recall that CMA-ES does not guarantee the monotonicity of
the fitness. We looked at the raw results and found that this is because of the
progressive enabling of the sensors: at the beginning, the evolution pushes to-
wards a controller that is able to run without perceiving the environment (thanks
to the dynamics generated by the driving function). As sensors are discovered,
they initially require the evolution to “adjust” the controller, but they later
become beneficial allowing the fitness to increase again. This interpretation is
supported by Figure 7, that shows how the fraction of VSRs in the population
that do not have sensors (that is initially 100 % because of the initialization of
CMA-ES means to 0) quickly goes to 0 % in the early stage of the evolution.
This phenomenon is less visible in the fitness of the Unlimiting representation
for the worm since it has much fewer sensors to be activated. Moreover, it is not
present at all for the Limiting representation that, by design, results in a sensory
apparatus that has always nsensors sensors.
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Fig. 7. Percentage of the individual of the population not using (gray) or using (red)
sensors in the early stage of the evolution (up to 1250 births) with the Unlimiting
representation.

4.3 RQ3: Sensors preferred by the evolution

We attempted to answer this question in two ways. First, quantitatively, by
analyzing which sensors remain not enabled (with respect to the maximal sensory
apparatus) in the apparatuses evolved with the Limiting representation—we
recall that, by design, the Limiting representation does not enable all the sensors.
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Second, qualitatively, by examining the enabling order of the sensors in the
evolutionary optimizations performed with the Unlimiting—we recall that, by
design, the Unlimiting representation starts with all the sensors disabled and can
end with all the sensors enabled. The rationale is that the sensors that appear
to be more beneficial for locomotion should be enabled more often, in the first
case, and earlier, in the second case.

In order to better investigate sensor importance, we repeated the experiments
of the previous section after having slightly modified the two representations.
In this experiment, we allowed single dimensions of the sensors to be enabled
independently: e.g., a worm could have just the front vision sensor with α3 =
−30◦ enabled, and the other dimensions (α1 = 0◦ and α2 = −15◦) disabled.

Table 2 shows the results corresponding to the first, quantitative analysis.
It shows the number and percentage of sensors, for each type and shape, that
are enabled at the end of the evolution with the Limiting representation. We
considered a sensor as enabled if at least one dimension of the sensor was enabled.

Table 2. Number and percentage (mean across 10 runs) of sensors, for each type and
shape, that are enabled at the end of the evolution with the Limiting representation,
based on the number of sensors of the corresponding type that are present in the
maximal sensory apparatus of the corresponding shape (first row of each shape).

Area Touch Velocity Vision

Worm
Number in maximal 7 7 7 2
Number in evolved 5.7 5.8 6.7 2.0
% in evolved 81.4 82.9 95.7 100.0

Biped
Number in maximal 22 4 7 4
Number in evolved 16.4 3.4 6.8 4.0
% in evolved 74.5 85.0 97.1 100.0

It can be seen from Table 2 that for both shapes the vision sensors result all
enabled (in all runs). Velocity and touch sensors are enabled less frequently and
with similar percentages in the two shapes. Finally, the area sensors appear to
be the least used in both shapes. In the biped, ≈25 % of them remain not used
on average: interestingly, this is also the most numerous sensor in the maximal
sensory apparatus of this shape. A possible interpretation of the latter finding is
that in the manually designed maximal sensory apparatus of the biped the area
sensors are redundant: under the constraint posed by the Limiting representa-
tion, the evolution still finds an effective solution for locomotion (see Section 4.2)
and hence “is aware” of this redundancy.

Concerning the qualitative analysis, we report here the detailed outcome for
one of the runs with the Unlimiting representation. Figure 8 shows the sensory
apparatus of the best biped (represented with the graphical notation of Figure 2)
in four salient points of the evolution, that are referred to the corresponding val-
ues of the fitness vx and the percentage of sensor dimensions enabled with respect
to the maximal sensory apparatus. Besides the beginning of the evolution, we
chose as salient moments: (i) the discovery of the first sensor, (ii) the phase of
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maximum improvement of the fitness after the initial drop, and (iii) the first
time all sensors are enabled.

Evolution start First sensor discovered Maximum improvement First time all sensors
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Fig. 8. The sensory apparatus of the biped in four salient moments of the evolution
(see text) for one of the evolutionary runs. The plots of the VSRs are referred to the
corresponding values of fitness vx (green) and percentage of enabled sensor dimensions
(gray) in the bottom plot.

Two qualitative observations can be made by looking at Figure 8. First, in
the moment of maximum improvement after the initial drop in the fitness, almost
all the vision sensors are enabled, whereas the percentage of enabled sensors for
the other sensor types is much lower. This clue appears to support the findings
discussed above (based on Table 2) about the importance of the vision sensors.

Second, the first peak value of the fitness just after the beginning of the
evolution occurs at the same (evolutionary) time of the discovery of the first
sensor. After that moment, the fitness rapidly decreases for some hundreds of
births while other sensors are progressively enabled, until the evolution manages
to “understand” how to effectively use the discovered sensors for a faster loco-
motion. This observation seems to be in line with what we showed in Section 4.2
(in particular in Figure 7).

5 Concluding remarks and future work
We have investigated how evolutionary search can be used to optimize the sen-
sory apparatus of Voxel-based Soft Robots. To do that, we considered a loco-
motion task performed with two predefined shapes, a worm and a biped, and
compared the results of the evolution of sensory apparatus under two genotype
representations, Limiting and Unlimiting, against three manually designed sen-
sory configurations with different levels of available sensory information. Our
results confirmed the importance of Evolutionary Algorithms in soft robot de-
sign, broadening their use beyond the conventional optimization of body shape
and controller. In all cases, the results of evolution were at least comparable
to those of the handcrafted sensory configurations. Furthermore, we found that
robots using sensors have a clear evolutionary advantage over those ones that do
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not use them, although different kinds of sensors have different effects on the fit-
ness. The resulting evolutionary trends present indeed phases that indicate that
evolution effectively “learns” to use the sensors that are most beneficial to the
task. In practical applications, this characteristic can be used to find minimal
yet efficient sensory apparatuses and thus simplify the manufacturing of the soft
robots, while also reducing their points-of-failure and energy consumption.

The present work encourages a number of research directions as to what
concerns, for instance, the use of alternative evolutionary paradigms, such as
MAP-Elites and quality diversity algorithms [27], similar to the recent work on
modular rigid robots [28]. These diversity-driven algorithms might indeed be
able to explore the search space even more effectively than traditional fitness-
driven EAs. Other interesting opportunities would be to include explicit energy
constraints in the sensory apparatus evolution, and study the co-evolution of
body (including both shape and sensor apparatus) and controller in VSRs.
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