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ABSTRACT

Soft robots harness their built-in mechanical intelligence to respond directly to their environment. However, they typically still

depend on predefined sequences to coordinate their limbs, and external centralized hardware is often used for coordination in

changing circumstances. In contrast, in nature, invertebrates like echinoderms distribute behavioral control throughout their

body. Inspired by this decentralized computation strategy, we present a modular soft robotic system in which each limb inde-

pendently adjusts the timing of its actuation to achieve phototaxis via entirely local, stochastic feedback with limited memory.

Through this embodied computation approach, coordination emerges from the interaction of the body and the environment. We

show robust phototaxis for soft robots that have different morphologies, that undergo damage, and that exhibit highly nonlinear

leg behavior, all without an internal body representation. These results, therefore, offer a blueprint for designing resilient, auton-

omous soft robots that exploit the potential intelligence of their soft adaptive bodies.

1 | Introduction

Living organisms have evolved to exploit mechanical interac-
tions with their environment to achieve function and to dele-
gate computational tasks to their body. Researchers have
started to take inspiration from nature to harness such embod-
ied mechanical intelligence (hereafter mechanical intelligence)
in the field of soft robotics [1], for example, by developing soft
actuators that passively adapt their shape when interacting with
their environment. This makes soft devices currently especially
suitable for applications that require adaptability, safety, or del-
icacy [2, 3], such as soft end-effectors for medical and agri-food
applications [4].

The mechanical intelligence of soft robots has become a rapidly
growing research field. Work in this area has shown how, e.g.,
underactuated soft grippers can deform to grasp a wide range
of objects without changing control input, with compliant mate-
rials naturally redistributing forces to accommodate different
shapes [5, 6]. In these systems, the control remains fixed while
the material adapts [4]. Mechanical intelligence has also been

harnessed for locomotion and other behaviors, such as in artifi-
cial seeds that dig into soil through humidity-driven deforma-
tions, where control emerges from cyclic environmental
interactions [7]. Moreover, nonlinear properties such as buckling
and snap-through instabilities can be exploited to achieve rapid
locomotion or programmed responses to stimuli [8, 9]. Overall,
soft robotics has largely followed a bottom-up approach, design-
ing components that exploit material nonlinearities to create new
functionalities for predefined scenarios [10-12].

However, integrating these components into multicomponent
autonomous systems capable of performing higher-level tasks
such as phototaxis remains a challenge. A classical top-down
approach that upgrades a central controller to manage all degrees
of freedom and nonlinear interactions with the environment
quickly becomes intractable [13, 14]. Such models often simplify
or neglect nonlinear mechanics to maintain tractability, resulting
in reduced embodied intelligence or reliance on external compu-
tation [2, 14, 15]. Despite significant progress towards autono-
mous soft robots, making them untethered, electronics-free,
and responsive to environmental cues [16-20], most systems still
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depend on preprogrammed behaviors or binary state switching
and therefore fall short of autonomously completing more com-
plex tasks. To date, no soft robot has been demonstrated to per-
form and complete an active search task autonomously with all
its decision-making onboard. Hence, there is a need for an alter-
native approach to autonomy in soft robots that fully embraces
the philosophy of embodied computation and mechanical intel-
ligence [1, 21].

The philosophy of soft robotics and its embodied mentality does
not end here [1, 21], as nature provides countless examples of
achieving autonomous behavior without needing a central brain
and using only limited computational power. For example, inver-
tebrates exhibit astounding coordinated behaviors despite miss-
ing a skeleton that limits the freedom of motion of their limbs.
These creatures utilize what biologists refer to as embodied cog-
nition, which distributes computation from the central brain to
other body parts. Besides harnessing their softness, invertebrates
employ a localized sensory-motor system to offload computation
to their body. For example, an octopus uses its peripheral nervous
system to articulate an elbow joint to bring food to its mouth
[22, 23], or the camouflage of a catfish, which is largely controlled
by organs near the skin [24].

Even though these examples demonstrate the potential of auton-
omy emerging from embodied cognition, such advanced func-
tionality still seems out of reach. Yet, it does demonstrate key

insights that we want to explore further in this work to enable
some level of autonomy in soft robotic systems: autonomy does
not require full awareness of the body or the environment. In the
context of this study, we want to refer to and define three central
concepts that together frame our approach. (1) Mechanical intel-
ligence refers to the contribution of a body’s intrinsic mechanical
properties, such as compliance, nonlinearity, or geometry, to the
control and decision-making of the system. (2) Embodied (or dis-
tributed) computation describes the process by which local sens-
ing, actuation, and feedback within the body perform the
computation required for behavior without relying on a central
controller. When these two mechanisms act together to produce
adaptive and goal-directed behavior, we refer to this as (3)
embodied intelligence, where control emerges from the interac-
tion between the body and the environment.

This concepts play a key role and are particularly clear for lower
invertebrates (echinoderms like sea urchins, sea cucumbers, star-
fish, brittle stars, and feather stars) as they do not have a central
brain. Yet, they can navigate a multitude of degrees of freedom
and environments to exhibit active foraging behaviors [25].
Echinoderms achieve such behavior through their soft bodies
and by performing computations through a minimal radially
symmetric nervous system, with a neural ring often centered
around the mouth and radial nerves extending to the limbs
(depicted in orange in Figure 1a) [26-28].
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FIGURE1 | Modular platform inspired by echinoderms to study directed locomotion without a central brain. (a) Echinoderms are classified into five

main classes. Directed behavior arises in a range of morphologies from a similar decentralized nervous architecture, highlighted in orange. (b) Cyclic

actuation of soft limbs (PneuNet actuators) for the modular platform. (c,d) Each limb of the assembled robot is a self-contained entity capable of

actuation, sensing, and computation. (e) Each limb independently undergoes N actuations before adapting its behavior. (f) The phototaxis observed

for a four-module configuration during 180 learning cycles. The modules are initially positioned on the left with a planar light source on the right side of

the image. Black and white background images represent snapshots of the experiment taken every 30 learning cycles.
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By using embodied computations that trigger muscle behavior,
echinoderms show remarkable adaptation and robustness, both
to variations in their environment and to (permanent) changes in
their body shape. Even with their limited and distributed nervous
systems, echinoderms can perform short-term memory learning
[25] and display a wide range of locomotion modalities and
behaviors through local action planning and information proc-
essing [25]. For example, sea stars, sea urchins, and sea cucum-
bers utilize similar circular nerve net architectures to achieve
different gaits such as peristaltic motion, swimming, and limbed
locomotion in various species (Figure 1a) [25, 29-31]. Moreover,
similar neural architectures are capable of controlling a diverse
range of body plans [32], from worm-like sea cucumbers to
limbed brittle stars and spherical sea urchins with hundreds
of feet, and even when undergoing damage (Figure 1la)
[33, 34]. They also show diversity within species through pheno-
typic plasticity, where their morphology changes in response to
environmental factors and predators [35-37].

In this work, we demonstrate how echinoderm-like autonomy in
soft robots can emerge through the direct interplay between
embodied computation and mechanical intelligence. We develop
a modular soft robotic platform in which each soft limb indepen-
dently adapts its actuation timing through local sensory feedback
and minimal short-term memory. Through this modular plat-
form, we explore how a specific and computationally limited
implementation of embodied computation can leverage the exist-
ing nonlinear mechanical behavior of soft actuators, that is, their
mechanical intelligence, to achieve phototaxis without a central
controller. Similar to echinoderms, our implementation of
embodied computation results in robust goal-oriented behavior
across differently assembled body plans and environments, and
even under damage, as demonstrated through a series of experi-
ments. Firstly, by performing experiments with different config-
urations, we show that the soft robot autonomously finds gaits
suited to the changes in the system’s morphology. With experi-
ments with damaged systems, we reveal both the limitations and
the adaptive capabilities of our approach. Secondly, through
experiments with three distinct robotic systems that implement
the same embodied computation approach, we demonstrate that
the strategy requires neither prior knowledge nor an internal
model of the system. Thirdly, by comparing actuators with dif-
ferent mechanical properties across various environments, we
show how the mechanical intelligence of the actuators both ena-
bles and constrains locomotion. Together, these findings provide
insights towards the design of resilient autonomous soft robots
that exploit their mechanical intelligence and distributed mini-
mal computation to achieve adaptive behavior (e.g., sequencing)
without relying on predefined models.

2 | A Soft Modular Platform to Study Embodied
Computations

To study how autonomy can emerge from the interaction
between embodied computations and mechanical intelligence,
in this work, we focus on an active search task with the aim
of having soft robots move toward the area of the highest light
intensity (phototaxis). To that end, we introduce modules that
each consists of a soft actuator, pneumatic pump, light sensor,
and processor (Figure 1c). These modules are assembled in a

radially symmetric body (Figure 1d), mimicking the morphology
of the echinoderms (Figure 1a). In our implementation, all mod-
ules are only mechanically connected, so that there is no explicit
communication between them, and computation is fully distrib-
uted and embodied. Even though no explicit information is
exchanged between the modules, coordination could emerge
from the implicitly shared information constituted by their phys-
ical connection (Figure 1d). As an example, if the assembled sys-
tem moves in the direction of the light without rotating, all
modules will sense an increase in the light intensity.

Each soft actuator acts as a limb that transforms a cyclic on-off
input signal from the pump into a bending motion (Figure 1b).
The deformation of the actuator depends both on its design and
its interaction with the environment [38], which together define
its mechanical intelligence. Additionally, we use the processor to
embody computation in each module. We implement an identi-
cal algorithm in each module that aims to increase the light
intensity measured by the sensors, where we use a basic stochas-
tic updating rule. previously studied in a 1D and 2D framework
[39, 40]. In this computationally limited algorithm, the pump
oscillates between on and off at a fixed frequency at a specific
phase that is kept in the module’s short-term memory for six
actuation cycles. After these actuation cycles, the module evalu-
ates the difference in the change of the measured light intensity
and adapts its phase that is kept in memory accordingly by
accepting it or returning to its previous phase. It then randomly
perturbs its phase for the next set of actuation cycles. This process
is repeated separately in each module, where each complete cycle
of evaluating a specific phase is regarded as a learning cycle. We
refer to this algorithm’s periodic updates as ‘learning cycle’ as the
system as a whole adapts and finds suitable gaits over time.
However, it is essential to note the distinction from learning
in the classical sense, as the system lacks any form of long-term
memory. This process is repeated for Ny learning cycles. The full
algorithm can be found in the Supporting Information.

To illustrate the platform, we perform a phototaxis experiment on
a flat planar surface where we mount two LED panels on the right
side of the rectangular surface (Figure 1f, S1). An assembled robot
consisting of four modules is placed on the surface. Note that the
assembled system does not have any prior knowledge of its actua-
tor behavior, morphology, and orientation, and starts with random
phases. If we then run the experiments for 180 learning cycles, we
can observe from Figure 1f that the assembled robot first moves
randomly and starts to move away from the light. Yet, at n; ¢ ~ 20,
the system reverses its direction to move toward the light. At
nic ~ 110, we see a steep increase in the displacement towards
the light, until the system reaches the end of the canvas at
nic ~ 135. Therefore, this initial experiment shows that, in this
case, our system learns to coordinate its limbs to achieve photo-
taxis without a central brain and without explicit communication
between the modules. As such, directed behavior at the system
level appears in this single experiment to emerge from local sen-
sory feedback without knowing the assembled body plan.

3 | Analyzing the Phototaxis Behavior of a
Four-Module Configuration

To understand how the assembled system learns to perform pho-
totaxis, we analyze four different metrics from the single
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experiment of the four-module configuration. The first metric is
given by the data from the four light sensors inside the modules,
and is shown in Figure 2a. These sensors all measure an initial
decrease in light intensity (I), followed by only small increases in
the light intensity up to n;c ~ 110. The following steep increase
in light intensity I indicates an apparent behavior switch and
increase in performance. Another behavior switch is observed
starting from n;c =~ 130, where we observe a plateau with only
minor fluctuations in I.

However, it is important to note that the modules do not directly
use the absolute value of I for their stochastic adaptations.
Instead, each module’s behavior depends on the difference in
light intensity as a result of moving. From this second metric
(Figure 2b), we see that AT starts negative as the system moves
away from the light. It transitions to positive AI within n;¢ ~ 10
learning cycles. AI slowly increases up to nyc =~ 122, where we
find the fastest increase. This is followed by a drop in the change
in light intensity at nyc ~ 130 to around zero as the system
reaches the end of the canvas and is not increasing light intensity
anymore.

We should mention that the inverse exponential relationship
between light intensity and distance means that these results
do not reflect the assembled system’s actual speed. Therefore,
we introduce in Figure 2c the third metric that indicates
the global movement speed AX of the assembled system
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(change in X-position per learning cycle). While the overall trend
with the individual measured light intensity is the same, we can
observe that between 115 < n;¢ < 130 the movement speed of
the system reaches a stable maximum of AX ~ 10 cm/learning
cycle, indicating that it is capable of exploiting stable and rela-
tively fast movement in the direction of the light source.

The observed behaviors are also reflected in the final fourth met-
ric in Figure 2d, which indicates the individual phases of each
module throughout the experiment. Initially, for n;c <20, the
phase order continually switches as the system explores different
gaits. From 20 < n;¢ < 100, the front limb (the limb closest to the
light source) is actuated first, followed by the other three. Beyond
nrc > 100, a relatively fast gait emerges where the back limb is
actuated later than the center two (Figure 2e-i, Movie S1), a
change that drastically influenced the behavior. For n;c > 130,
the phases start to quickly change again, as the system adapts
itself to stop moving to stay close to the light source. These results
demonstrate how the system learns to utilize the variable contact
friction of its limbs with the ground for locomotion without need-
ing a central brain or a model of its behavior.

To assess the repeatability of this experiment and the learned
behavior, we run the experiment five times, each time random-
izing the initial phases. The trajectories of all five experiments are
depicted in Figure 2j. We found that in four of the experiments,
the system learned to move towards the light and reach the

(i)155

150

Position at n ¢

FIGURE2 | Observed phototaxis behavior of a four-module system. (a) Light measurements, I, from the experiment shown in Figure 1f. (b) Difference

in light measurements between learning cycles, AL (c) Displacement of the assembled robot, AX, obtained from image tracing. (d) Actuation phases, ¢;, for

each module. (e-i) Fastest observed phototaxis behavior of the assembled system during the experiment in Figure 1f. (j) Trajectories of five repetitions of the

previous experiment, for 150 N c. Circles and stars indicate the start and end positions, respectively. (k) Distribution of X positions of the system over time

during the repeated experiments. The experiment with a broken module at the start of the experiment is excluded from the distributions. This experiment
can be found in Figure S2. (1) A similar phototaxis experiment conducted on an irregular surface.
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location with maximum intensity (Figure 2k). However, in one
experiment, the system did not move (2cm over 150 learning
cycles), which can be attributed to a pump failure at the start
of the experiment, resulting in one paralyzed limb (Figure S2).

4 | Robustness Through Embodied Computation

Even though one could consider the experiment in Figure 2j with
the paralyzed limb a failed experiment, it underscores an inter-
esting dynamic between embodied computation (learning in the
modules) and mechanical intelligence (the mechanical behavior
enabled by the assembled soft actuators and their interaction
with the environment) that we also find for a three-module con-
figuration in Figure S2e,f: the mechanical behavior of the system
influences the ability of the system to achieve goal-directed
behavior. Apparently, the potential behavior of a four-module
system with only three active legs limits the capabilities of the
embodied computation. Similarly, when we place a fully func-
tioning four-module system on a thin layer (2cm) of gravel
(see Figure S2 for a detailed explanation of the setup), we observe
that the system is also incapable of moving as it starts to dig itself
into the gravel (Figure 2i, Movie S1). In other words, in these
scenarios, the system exhibits limited mechanical intelligence
as no gait seems to exist that allows it to displace. Hence, the
system is not able to find any directed behavior.
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In contrast, echinoderms are robust to changes in the environ-
ment and body morphologies. For example, researchers have
shown that echinoderms can adapt to changes in morphology,
such as a reduced number of legs [41]. This points towards intro-
ducing redundancy as an aid to increase the potential mechanical
behavior that our system can exhibit. Therefore, we begin by
increasing the number of modules in the system and changing
the body architecture by replacing the type of PLA connectors
between the modules (Figure 3). From phototaxis experiments,
we find that systems with five and six modules learn to move
toward the light in a manner similar to the four-module system
(Figure 3a,b).

Interestingly, the fastest observed gaits that emerge for both sys-
tems are different (Figure 3d-m). For the five-module system, the
two middle limbs inflate, as seen in Figure 3d, followed by the
inflation of the two back limbs in Figure 3e, causing the tips of
the inflated actuators at the back to creep toward the center of the
system. Subsequently, the front limb is actuated to propel the sys-
tem forward, as it completely lifts the two middle limbs off the
ground and causes the back limb tips to stick in place as they
deflate. Instead, for the six-module system, we find a gait similar
to the four-module system, a propagating wave (Figure 3i-m).
Initially, the three back limbs are actuated as seen in
Figure 3m, followed by the three front limbs in Figure 3n.
Note that we do observe a significant reduction in displacement
when comparing the six-module system (x2.5 cm/cycle) to the

i
0
0 nc
FIGURE 3 | Observed phototaxis behavior of (damaged) five- and six-module configurations. Trajectories of experiments with a (a) five-module

configuration, (b) six-module configuration, and (c) five-module configuration with damaged light sensor. Trajectory of the experiment can be found

in Figure S3c. (d-h), Fastest observed phototaxis behavior of the assembled system during the experiment in (a). (i-m) Fastest observed phototaxis

behavior of the assembled system during the experiment in (b).
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five-module system (=4 cm/cycle), which is likely due to the
increased system weight and distance of each actuator to the cen-
ter of gravity so that it becomes more difficult for each actuator to
lift the system.

In addition to these results, which demonstrate how the system
harnesses its embodied computation to learn specific gaits
that would be challenging to predict and optimize a priori,
embodied computation also enables adaptability to unpredict-
able environmental influences. For example, upon closer
inspection of the trajectory of the five-module system
(Figure 3a), we observe that at approximately Ny ¢ = 50, the sys-
tem briefly loses track of its phototaxis, as it trips over its power
line, which causes a relatively quick rotation (Movie S2). Since
the system’s short-term memory only retains the change in
light intensity (and not its orientation), the modules do not
directly notice this rotation through their light measurements
(Figure S3a). After this interaction, the system adjusts its
phases within 50 learning cycles, and redirects its displacement
towards the light.

This adaptivity can also be seen in a five-module system where
we intentionally damage one of the light sensors, such that it
does not give any reading. As shown in Figure 3c and Figure S3c,
this damage does not limit the ability of the system to perform
phototaxis. Note that the damaged module exhibits random
phase changes as a result of the zero light intensity reading,
so that the other four modules constantly have to adapt to the
damaged module’s random behavior (Figure S3d).

N{{

5 | Adaptability to Morphological Changes

Based on the evidence of the observed robust behavior in previ-
ous experiments, we continue to test the ability of our proposed
embodied computation strategy to adapt to morphological varia-
tions. We first focus on the six-module system and deliberately
simulate damage to change its morphology by removing limbs.
Figure 4a illustrates how limbs can be detached, rendering mod-
ules without actuators nonoperational. Yet, as the system does
not have a central brain, the embodied computation remains
functional, such that the remaining modules try to adapt their
behavior to the new morphology.

Figure 4b,c demonstrates that even with limbs missing, the sys-
tem learns to perform phototaxis in two different tested morphol-
ogies. Analyzing the emergent behavior can teach us about the
interaction between embodied computation and mechanical
intelligence. For example, we see that the configuration of
Figure 4b is capable of moving in the direction of the light ini-
tially. However, the new morphology seems susceptible to rota-
tion, exemplified by the event that occurs around nc ~ 150,
where a relatively quick rotation causes the system to enter a
dynamic adaptation process that overshoots, causing it to rotate
back and forth in a semi-circle. Additional information on these
experiments is provided in Figure S4.

Keeping the number of active modules that learn constant (i.e.,
keeping the computational potential identical), we next explore
the system’s response to more diverse and heterogeneous
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FIGURE4 | Adaptability of the embodied computation approach to morphological variations. (a) Six-module configuration with two limbs removed.

(b,c) Trajectories during phototaxis experiment of 200 Ny for two different configurations. Additional information of the experiment is presented in

Figure S4. (d-g) Four different body configurations, including longer and flipped actuators, and (h) the observed trajectories during phototaxis experi-

ments. (i-m) Gait during the best phases of (d).
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morphologies. We introduce inverted bending actuators and a
longer bending actuator that are 130% of the original length
(Figure S5) and establish four distinct body configurations in
Figure 4d-g. Figure 4h shows the trajectories of the experiments
for these configurations, indicating that all configurations per-
form phototaxis.

Yet, we also find clear differences between the results of the orig-
inal four-module configuration shown in Figures 1, 2. Firstly, we
find that the configuration with inverted actuators (Figure 4d) is
clearly slower than the original configuration, where a gait
emerges (Figure 4i-m) that appears to be reversed (back to front
propagation of actuation) compared to the gait observed in
Figure 2e-i (Movie S3). Secondly, we see that the configurations
in Figure 4e,g at some point rotate away from the light source.
Similar to the results of Figure 4b,c, these results show that dif-
ferent morphologies can be susceptible to rotation. Lastly, the
fastest movement occurs in a configuration where half of the
actuators are flipped (Figure 4f), potentially using the additional
friction from the flipped actuators as anchor points (details in
Figure S5 and Movie S3). Yet, the same morphologies also dem-
onstrate clear and sudden behavior switching as seen by abrupt
trajectory changes, indicating more unstable behavior.

By exchanging only the holders and actuators for cubic modules
that inflate and deflate, while keeping the same printed circuit
boards, light sensors, and pumps (Figure S9a), we demonstrate
that the same embodied computation strategy can be directly
transferred to a fundamentally different mechanical system
(Figure S9b). In this configuration, the cubes can push and pull
each other through the inflation and deflation sequence, result-
ing in a peristaltic-like locomotion pattern (Movie S6). Without
modifying the control algorithm, the system harnesses the asym-
metry in friction between the cubes and the ground to achieve
phototaxis (Figure S9c-g). This generalization highlights that
the presented approach is not limited to a specific actuator design
or locomotion mode but instead captures a broader principle for
achieving autonomous behavior in soft robotic systems with
diverse morphologies.

Therefore, these results indicate that even though the embodied
computation is capable of handling various morphologies, the
emerging behavior that the system shows is the result of the
interaction between the embodied computation and mechanical
intelligence. Designing soft robots that demonstrate robustness to
damage requires redundancy in the design of the system’s
mechanical intelligence, to which the embodied computation
can effectively adapt.

6 | Increasing the Mechanical Intelligence
Potential

Changing morphology is not the only way to increase the redun-
dancy embodied in the system. Based on the learned behaviors in
the phototaxis experiments performed so far, we find that one of
the primary limitations of the PneuNet bending actuators is the
reciprocal nature of their inflation-deflation cycle. As a result,
several actuators need to interact to enable the friction symmetry
to break down at the surface, which is the basis of all the gaits
observed so far. Moreover, this also constrains the speed of the
system and the variety of terrains it can traverse (Figure 2i).
Therefore, we next increase the potential of the mechanical

intelligence in each module by leveraging more complex nonlin-
ear behavior in each actuator, allowing it to undergo nonrecip-
rocal (i.e., full-step) motion.

To explore the capabilities of our embodied computation
approach, we have developed an actuator that leverages the non-
linear mechanics of thin shells to embed a full-step motion dur-
ing the inflation and deflation cycles, relying on similar
mechanics as [42]. The actuator is shown in Figure 5a, where
we show how it goes through four phases during a single actu-
ation cycle. (1) The shell starts fully deflated. (2) The sequence
begins with the inflation of the thinner top half of the shell,
which pushes a pillar (i.e., the foot that will be in contact with
the surface) downward. (3) This is followed by the inflation of the
thicker bottom half of the shell that extends the pillar outward.
(4) In contrast, during deflation, the circumferential stiffness of
the shell maintains the inflated state of the thicker bottom side
while the thinner top side deflates. (1) This is concluded with the
collapse of the thicker bottom of the shell to reset the actuator to
its initial state. The full-step behavior of this actuator can be seen
from the hysteresis of the actuator’s tip location as depicted in
Figure 5b, which clearly differs from the behavior of the
PneuNet. As a result of the shell buckling that underlies the hys-
teretic behavior, we also find that these full-step actuators are
more susceptible to interactions with the environment, which
complicates feed-forward control without embodied computa-
tion (Figure S6b).

Next, the modules are interconnected using the same connectors
as previously used to create radially symmetric morphologies.
When performing a phototaxis experiment with a four-module
configuration, we also observe the phototactic behavior
(Figure 5c), where the traveled distance between consecutive
learning cycles appears to be significantly increased compared
to experiments with PneuNet actuators. Moreover, as expected,
the light measurements appear noisier over time, likely due
to the actuators’ increased stroke and tilting that move the
sensors out of plane (Figure 5d). Repeated experiments shown in
Figure S6d-h reveal that trajectories vary widely and often
appear erratic. Still, in all trials, the system can handle the
increased (erratic) movement and achieve movement towards
the light source (Figure S6d-h).

The full-step nonlinear motion also opens up the opportunity to
traverse more diverse terrains, as the motion is now character-
ized by the lifting of the limbs instead of the friction-dominated
moments we found with the PneuNet actuators. Figure 5e shows
how a four-module system comprised of the full-step actuators
can learn to achieve phototaxis on an uneven terrain comprising
a thin layer of gravel, which was not possible for a four-module
system comprised of PneuNet actuators (Figure 2i). All three rep-
etitions of the experiment can be found in Figure S7. When com-
paring the fastest gait of a four-module assembly of full-step
actuators on a flat surface and on gravel, we find a similar gait
(Figure 5f,g) in which the system initially lifts off the ground due
to inflation of all actuators, after which it propels forward by
deflating the two front modules.

These observations underscore the profound synergy between
the system’s mechanical intelligence and embodied computation,
emphasizing that modifications of the body can enhance task
performance. Yet, they must not interfere with the predictability
of system behavior. Even though phototaxis can still be achieved
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FIGURES5 | Phototaxis capabilities of four-module systems comprising nonlinear full-step actuators. (a) Experiments and schematic of the inflation-

deflation cycle of the “full-step actuator.” (b) Reciprocal behavior of the PneuNet actuator and nonreciprocal behavior of the full-step actuator, illustrated

by the trajectory of the actuator’s tip normalized to the minimum and maximum positions. (c) Trajectory of a phototaxis experiment for a four-module

configuration with full-step actuator, for 80 Ny . (d) Light measurements in each module, obtained during the same experiments. (e) The same photo-
taxis experiment on an irregular gravel surface. More details on the gravel setup are provided in Figure S2. (f) Fastest observed phototaxis behavior
during the experiment in (c). (g) Fastest observed phototaxis behavior during the experiment in (e).

for these systems comprising nonlinear and nonreciprocal behav-
ior, current shell actuators seem to push the complexity of the
system to its limits, and we expect that at some point, short-term
variations become too large for the embodied computation to
keep up.

7 | Conclusions

In this work, we demonstrated how ‘embodied computation’ can
leverage the potential of the mechanical intelligence present in
soft-limbed robots to achieve a dedicated goal (i.e., phototaxis). In
contrast to most approaches to control soft robots that, e.g.,
depend on predefined or manual sequencing or centralized
model representations of the robot’s behavior, our developed
modular soft robotic platform can achieve emergent directed
locomotion without a central brain, a-priory system knowledge,
or explicit communication.

We demonstrate that such an embodied computation approach
can provide robustness against changes in body morphology,
actuator behavior, dynamic environments, or damage. This is

illustrated by the various gaits learned in a range of different cir-
cumstances (Figures 3d-m, 4i-m, and 5f,g), without requiring
any user interference. While we mostly focused on the stochastic
adaptation in this work, we believe that our platform can also be
used to find gaits for a wide variety of soft robots. As indicated by
the three different types of actuators used.

Even though we were inspired by the capabilities of echinoderms
that originate from their decentralized architecture, the imple-
mentation of the trial-and-error strategy we embodied differs
from the exact computations performed by echinoderms. As
such, our approach represents only one of many possible imple-
mentations of embodied computation. Different fitness functions
could give rise to distinct emergent behaviors tailored to various
goals. For instance, changing the sign of the measurements might
cause the system to move away from the light rather than toward
it. Future research could explore alternative formulations and
algorithms that may yield different behaviors.

With this approach, we aim to pave the way towards physical
implementations that can be realized within the hardware itself.
In other words, the minimality of our updating rule is not merely
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an abstraction but a critical feature that enables these algorithms
to be potentially designed directly into physical materials and
mechanical and fluidic interactions [43]. By reducing computa-
tional overhead to its bare essentials, we move closer to soft
robotic systems whose goal-directed behaviors are inherently
embedded and distributed throughout their bodies and actuation
physics.

Similar to how natural systems have also co-evolved their body
and brain to achieve useful emergent behavior, key in future
explorations will be the co-design of both the mechanical intelli-
gence (i.e., body) and embodied computation (i.e., brain). For
example, in our system, we observed three instances where
the system stopped performing phototaxis. The first two cases
are rather obvious, as it seemed to be the result of the system
not being capable of locomotion at all, e.g., due to damage as
shown in Figure 2k or due to interactions with the environment
as shown in Figure 21. The third case is less obvious and is the
result of the interaction between body and brain, where the sys-
tem got stuck in a dynamic limit cycle due to a delay in sensory
observation of the environment (e.g., Figure 4b). Note that in
nature, similar unwanted emergent behavior can be observed,
such as death spirals in army ants.

We believe that the implications of our research reach beyond the
existing platform, promising significant insights on how to incor-
porate more autonomous behavior in the fields of soft robotics,
swarm intelligence, and micro- and nano-robotics [44-46]. The
fact that our algorithm is fully decentralized and only requires
a few lines of code makes it especially suitable in those applica-
tions where computational resources are limited by size, cost,
and weight or where behaviors and interactions are difficult
or impossible to model a priori. Future research could also
explore hierarchical approaches similar to the ‘sub-brain archi-
tecture’ of the octopus and further diversify the tasks the system
can perform. As such, we believe our insights on the interaction
between embodied computation and mechanical intelligence
could lead to a new generation of soft robots that are not only
inspired by nature but are also capable of matching its versatility,
robustness, and autonomy.
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