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Robust Phototaxis by Harnessing Implicit Communication
in Modular Soft Robotic Systems

H. A. H. Schomaker, S. Picella, A. Küng Garcia, L. C. van Laake, and J. T. B. Overvelde*

In robotics, achieving adaptivity in complex environments is challenging.
Traditional robotic systems use stiff materials and computationally expensive
centralized controllers, while nature often favors soft materials and embodied
intelligence. Inspired by nature’s distributed intelligence, this study explores
a decentralized approach for robust behavior in soft robotic systems without
knowledge of their shape or environment. It is demonstrated that only
a few basic rules implemented in identical modules that shape the soft robotic
system can enable whole-body phototaxis, navigating on a surface toward a
light source, without explicit communication between modules or prior system
knowledge. The results reveal the method’s effectiveness in generating robust
and adaptive behavior in dynamic and challenging environments. Moreover,
the approach’s simplicity makes it possible to illustrate and understand
the underlying mechanism of the observed behavior, paying particular
attention to the geometry of the assembled system and the effect of learning
parameters. Consequently, the findings offer insights into the development
of adaptive, autonomous robotic systems with minimal computational
power, paving the way for robust and useful behavior in soft and microscale
robots, as well as robotic matter, that operate in real-world environments.

1. Introduction

Unlike living systems, which are comprised primarily of soft tis-
sues that adjust their shape during interactions with the environ-
ment, robotic systems generally use stiff materials.[1] As a result,
these conventional robotic systems exhibit well-defined motion
and excel in precision and speed within controlled environments.
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In contrast, natural systems have evolved a
focus toward robustness to survive in our
complex world. These natural systems have
inspired researchers to create soft robots
that deform when interacting with the en-
vironment, increasing the potential for im-
proved performance in more complex and
unstructured real-world environments.[2]

Inspired by the many invertebrates that
exist in nature (e.g., sea stars, octopuses,
and sea urchins), we aim to explore how dis-
tributing the robot’s “brain” over the body
could result in more robust behavior.[3–5]

For example, sea urchins have hundreds of
tube feet, spines, and pedicellaria with lo-
cally integrated perception and motor con-
trol. They can sense and process informa-
tion independently while still leading to
whole-body locomotion, and robust behav-
ior emerges without a central brain and
only a limited central nervous system.[6]

There has been a growing effort to under-
stand such distributed systems in biology,
in part due to their potential applications in

autonomous robotic systems.[3,4,7] In the field of robotics,
distributed control is mostly studied in modular and swarm
robotics, which utilizes synergy and redundancy to im-
prove the system’s adaptability, functionality, reliability, and
robustness.[8–10] Importantly, these systems typically have re-
duced complexity of their controllers since behavior emerges
from interactions between agents.[11,12] These systems show
that similar to out-of-equilibrium systems in nature, global
behavior can emerge from nonreciprocal interactions.[13,14]

More application-driven robotics examples include adaptation to
mechanical stimuli,[15,16] construction,[17] and locomotion.[18–21]

Previous research has found inspiration in emergent natural
systems like amoeboids[19] and collective migration phenomena
in cell biology,[18] to create more resource-efficient and adaptive
systems (able to achieve complex tasks with minimal computa-
tional resources).[22] These systems often rely on coupled oscilla-
tors to adapt their behavior based on external stimuli.[23] While
this continuing line of research shows that autonomy and adap-
tivity can be achieved with minimal computational requirements,
it remains intrinsically dependent on sensitive parameters that
have to be a priori optimized (e.g., through evolutionary algo-
rithms) to produce their desired emergent properties. Instead,
we focus on embodying a basic and stochastic learning algo-
rithm throughout the robot that allows it to adjust to its environ-
ment and situation within limits specified by the robot’s design
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and functional capabilities. This embodied computation is re-
alized with active and identical modules constituting a single
robot body.

Importantly, rather than optimizing the physical system for the
specific task, we focus on a physical platform with minimal func-
tionalities in order to understand to global behavior that arises
from the local interaction. Therefore, we focus on the general
principles involved in decentralized whole-body phototaxis in the
hope of making the outcomes more generally applicable to other
physical platforms. To constrain the information in the system
to be strictly local, we exploit a form of implicit communication
facilitated by sensing changes to a shared environment, similar
to the implicit communication of stigmergy in nature.[24–26] Our
approach demonstrates that a decentralized system can optimize
its behavior without explicit communication between its modules
in various situations and environments.

Our previous research on a distributed stochastic learning al-
gorithm showed great promise for emergent decentralized loco-
motion control in a one-dimensional framework[5] (the robot was
constrained to a circular track), illustrating the value of a short-
term memory algorithm in changing environments, as well as
demonstrating the system’s ability to resist damage.[5] Here, we
move from a one-dimensional to a two-dimensional domain (the
robot can freely move on a surface), which considerably increases
the system and task complexity, e.g., due to competition. Impor-
tantly, even though we use exactly the same algorithm as in pre-
vious work, the fact that rotation is not directly controlled (only
indirectly through competition) results in a dynamic learning
process that is more complicated than in one dimension. From
a physics perspective, transitioning from a one-dimensional to
a two-dimensional transforms the state space from fixed to dy-
namic. In a one-dimensional setting, the phase space is static,
and the optimization problem is relatively straightforward be-
cause the system’s orientation does not change. Conversely, in
a two-dimensional environment, the optimization problem be-
comes dynamically evolving. The system’s orientation, and con-
sequently its interaction with the environment, changes over
time. This introduction of rotational dynamics that individual
units cannot directly control enables a much richer set of behav-
iors and emergent phenomena that were not possible in the one-
dimensional case. In this novel setting with increased complex-
ity, we focus on three fundamental questions: i) Does the modu-
lar robot exhibit robust learning behavior? ii) How general is the
implemented distributed stochastic approach, and how does ge-
ometry or configuration impact the system’s ability to perform a
task? iii) How adaptable is the system? Can it robustly adapt to
the environment and damage?

2. Experimental Setup

We start by introducing the modular robotic platform that we de-
veloped (Figure 1a,b) to try to answer these questions. Our robotic
platform consists of physically connected modules that can move
on a plane and can be assembled in square lattice configurations.
Each robotic module in the lattice is identical and has its own mi-
croprocessor to control a stepper motor, measure the light inten-
sity, and run a stochastic algorithm to change its behavior. Im-
portantly, we aim to employ a stochastic algorithm in each unit
such that the system as a whole performs phototaxis (i.e., moves

to a light source). An individual unit is programmed to period-
ically expand and contract its four connection points every 2 s
(Figure 1a), where the only parameter that each module can tune
is the phase of actuation 𝜙i, corresponding to the phase of unit
i. Note that an individual unit cannot displace itself if it is not
connected to other units. By physically connecting multiple units
(Figure 1c) by their soft elastomeric arms, the system as a whole
starts to move and rotate depending on the phase differences be-
tween the units (Movie 1). As each unit can only sense the light
intensity from its own sensor, it is unaware of what the other con-
nected units are doing. Each unit can only change ϕi and operates
on this one-dimensional search space. However, the correspond-
ing collective behavior changes when the connected units change
their phase or when changes occur in the environment. Due to
the change in collective behavior, each unit must continuously
re-evaluate its performance in its one-dimensional search space.
In a way, these units, therefore, can also change the environment
for the other units in the assembly.

We implement the same stochastic learning algorithm that we
previously studied in one-dimensional experiments, where the
robotic system was constrained to a circular track to limit its
movement to a single dimension.[5] In this learning algorithm,
each unit performs random experiments by perturbing its phase
and only conditionally accepts these phases by comparing the dif-
ference in light intensity with its previous step. Specifically, units
individually undergo learning cycles (nLC) as shown in Figure 1d,
each consisting of a total of NAC regular actuation cycles (AC) with
a constant phase. Each actuation cycle has a duration of tAC = 2 s
and consists of an extension of the soft connector arms with a
duration of 0.6 s, followed by contraction of the arms with the
same duration, where it remains in its contracted state for the re-
mainder of the actuation cycle. At the end of every learning cycle,
the unit perturbs its phase 𝜙i to explore a new phase 𝜙′

i . The per-
turbation is performed according to 𝜙′

i = 𝜙m
i + 𝜖ΔS. Here, 𝜙′

i is
the phase that is evaluated the next nAC, 𝜙m

i is the previous phase
kept in memory, 𝜀 represents a uniformly distributed random
variable between the interval [−1, 1], and the parameter ΔS = 0.1
describes the maximum difference between two phases of con-
secutive learning cycles.

To implement the phase change, each learning cycle is fol-
lowed by a phase adjustment actuation cycle (ACa). Only the last
part of the cycle is altered during the phase adjustment cycle as
the unit implements a new phase for the next step. The amount
of adjustment conditionally depends on the acceptance or rejec-
tion of the current phase. If the current phase is accepted, phase
difference Δ𝜙i between the current and the next learning cycle is
given by ΔS. In the case of rejection, we perturbed the phase in
memory to find a new phase for the next learning cycle, resulting
in aΔ𝜙i that is a combination of the difference between these two
phases and new perturbation ΔS for the next learning cycle. This
results in a new 𝜙

′

i by extending or shortening tcycle according to:

Δ𝜙i =

{
𝜙m

i − 𝜙
′

i + 𝜖ΔS, for ΔI
′

i < ΔIi

𝜖ΔS,𝜙i = 𝜙
′

i for ΔI
′

i ≥ ΔIi
(1)

Here, each unit approximates the quality of its current 𝜙
′

i

by evaluating the difference ΔI
′

between two independent
light measurements I1 and I2 measured during AC1 and AC4,
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Figure 1. Robotic unit design and learning experiments for an assembled system in two different configurations. a) Realization of a unit and its corre-
sponding extended (red outline) and contracted state (black outline). b) Side view of a robotic unit. c) Robot assembled from three units. d) Schematic
representation of a learning cycle LC that occurs in each unit. c) Evolution of a single learning experiment with a three-unit system (d) during NLC =
300, given by overlapping images of the experiments at every 50 nLC. The colored line indicates the position of the center of mass at every learning
step nLC. For this experiment, the robot starts on the left, and a planar light source is placed on the right. f) The measured light intensity I in each unit.
g) Orientation in degrees (𝜃°) of the three-unit system during the single experiment. h) Absolute phase 𝜙i i for every learning cycle. i) The measured
difference in light intensity ΔI. j) Distribution of the average X positions of the assembled robot for ten experiments with the three-unit configuration.
k) Robot assembled in a configuration with four units. l) Evolution of a single learning experiment with the four-unit system during 300 learning cycles,
under similar experimental conditions as in the three-unit experiment (e). m) Distribution of the X positions for ten experiments with the four-unit
configuration.

respectively. Therefore, the units evaluate the rate of change in
light intensity rather than only looking at the absolute light in-
tensity. The units accept the current phase 𝜙

′

i if the difference in
light intensity ΔI

′

i is larger than ΔIi stored in memory. Finally, in
previous work, we established that to achieve adaptive behavior
ΔIi should change to ΔI

′

i after every learning cycle.[5] Note that
every unit independently changes its 𝜙i. Therefore, the units are
not synchronized, resulting in asynchronous timing between the
units for measurements and phase adjustment. More details on
the learning are provided in Section 9 (Figure S1, Supporting In-
formation).

3. Phototaxis in Experiments

To determine if a system of coupled units can perform phototaxis
while moving on a surface, we first conduct experiments with the

smallest two-dimensional configuration (i.e., with units that do
not only lie on a line) as shown in Figure 1c. We place the as-
sembled system on the left side of a flat rectangular surface with
two LED panels on the right side (Figure 1e) and observe the sys-
tem’s behavior during NLC = 300 learning cycles (Movie S2, Sup-
porting Information). Even though the units operate entirely in-
dependently and asynchronously (the only electronic connection
is the power supply), Figure 1e shows how the assembled units
rotate and move while getting closer to the light source on the
right. This is clearly demonstrated in Figure 1f, where we show
that the average light intensity I increases for all units during
the experiment.

Looking closer at the behavior of the assembly in Figure 1e, we
can roughly distinguish four regimes. i) During approximately
the first nLC = 50 learning cycles, the measured ΔI does not seem
to increase for all units (Figure 1f). Yet, we do observe a change of
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orientation Θ° of the assembled system. This orientation is rep-
resented in degrees and measured with respect to the experimen-
tal canvas (Figure 1g). ii) Between approximately 50 ≤ nLC ≤ 150
learning cycles, the units start to move toward the light source
while also undergoing significant rotation. iii) We find a straight
trajectory for the last nLC = 50 learning cycles, along with a sta-
bilization of the orientation of the system (Figure 1g). While the
phases of the individual units still vary over time, the phase dif-
ferences between the units stabilize (Figure 1h). It appears that
the assembly has reached stable behavior. iv) Around nLC = 300,
the units reach a peak of their change in light intensity ΔI as
presented in (Figure 1i). This indicates that they arrived at the
position of highest light intensity as also revealed by the drop in
ΔI shown in Figure 1f. In general, Figure 1f–i demonstrates the
emergence of robust global phototaxis of the system.

To investigate the robustness of the observed phototaxic be-
havior, we repeat the experiment of Figure 1f–i ten times, where
we start from initially random phases and random orientations.
Figure 1j shows the position distribution for all experiments for
progressing learning cycles. Note that in this figure, the position
of the light source is at x = 165, and a black line indicates the
place with the highest light intensity I as measured in separate
experiments (Figure S2c). Figure 1j demonstrates that the distri-
butions converge to the location with the highest light intensity,
thereby indicating that all assemblies move toward the point of
highest light intensity and, thus, achieve robust phototaxis.

Next, to explore if phototaxis is also achievable for a robot with
a different geometry, we assemble a robot by adding an additional
unit (Figure 1k). We place the assembly on the left side of the test
setup to repeat the same experiment as before and observe the
first NLC = 300 learning cycles in Figure 1l. Similar to the three-
unit system, we find a robust directional motion toward the light
source, with considerable rotation during the first part of the ex-
periment and convergence to stable behavior for the second part.

Subsequently, we repeat the experiment ten times (Figure 1m)
with random initial phases. Similarly, we find a displacement to-
ward the light source for all ten experiments. Interestingly, we
find slower average velocities for the four-unit system compared
to the three-unit system and a smaller variance between exper-
iments. These results emphasize the importance of previously
raised questions on how general the implemented distributed
stochastic approach is and what the impact is of the geometry
or geometry on the system’s ability to perform a task.

4. Understanding the Observed Behavior

Before answering how geometry affects the ability to perform
phototaxis, we first return to the first question raised in the intro-
duction and try to better understand how the system can achieve
its behavior without explicit communication between modules.
To get a better visualization and understanding of the underly-
ing dynamic behavior from both the perspective of the individual
units and the assembled system, we implement a coarse-grained
mass–spring model that qualitatively captures the system’s be-
havior.

To reduce the computational requirement for the model, we
build single units using four masses and four springs, as shown
in Figure 2a. Two additional diagonal springs actively drive the
extension and contraction of the unit by varying their rest length

periodically in time. The behavior over time is found by numer-
ical integration of the equations of motion. Within the numeri-
cal integration, we perform a discrete event model to capture the
decentralized nature of the learning behavior in experiments. A
block diagram of the event model can be found in Figure S1.
Further information on the model can be found in Section 9.
Figure 2a presents the model representation of the three-unit
configuration as depicted in Figure 1c. Similar to the experiments
performed in Figure 1, we place a planar light source on the right
side of the two-dimensional plane and model the light source as
a two-dimensional scalar light intensity field, where the intensity
has an inverse square relation with the distance to the light source
I ∝ 1

d2
. Simulating the three-unit assembly, we find that the sys-

tem starts to move in the direction of the light within nLC ≈ 10
learning cycles (Figure 2b and c). In agreement with the experi-
ments, the assembled robot initially behaves in a regime domi-
nated by large rotations that occur while learning to move toward
the light, followed by a more consistent orientation and move-
ment.

4.1. System Perspective

To find an accurate representation of how the system with the
learning algorithm performs phototaxis, we evaluate the system
displacement toward the light for all possible phase combina-
tions as presented in Figure S3a. Now, a change of reference
frame is applied to obtain the search space for a specific system
orientation during the simulation. Figure 2d presents this rotated
search space for three different snapshots of the simulation pre-
sented in Figure 2b and c, at different learning cycles. Further-
more, the respective rotations of these three phase combinations
are represented in Figure 2e. We can make four main observa-
tions from the perspective of this system. First, the search space
drastically changes due to the system’s rotation, meaning it must
continuously reevaluate its behavior. Second, we see that the max-
imal achievable displacement toward the light changes over the
time due to the rotation of the system, from V ≈ 1.0 [mm per cy-
cle] at 450 nLC to V ≈ 0.6 [mm per cycle] at 950 nLC. Third, the
assembly finds the area close to optimal phototaxis in the phase
space, demonstrated by these three orientations. Note that due
to the stochastic nature of the optimization, the behavior inher-
ently fluctuates rather than fixates on the optimal position in the
phase space. Fourth, depending on the phases, the assembly un-
intentionally (without being observed by the light intensity sen-
sor) changes its orientation. These changes in the search space
indicate that the assembly cannot sustain a specific, and maybe
faster, behavior over extended periods due to the inevitable rota-
tion that coincides with the displacement toward the light source.
These results raise the question of whether the system can stabi-
lize its behavior over a longer time scale and what the effect of
the stabilization is on the phototaxic behavior.

4.2. Orientation Perspective

Of course, as each unit can only sense a single-light intensity and
there is no interunit communication, neither the system nor the
units have any notion of their orientation. However, Figure 2d re-
veals that the maximum speed heavily depends on the system’s
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Figure 2. Course-grained mass–spring model to numerically study the qualitative behavior of the system. a) Mass–spring representation of a three-unit
system as depicted in Figure 1c, with the active springs in the diagonal of the squares and passive springs around the edges. a) Orientation over nLC
for a single simulation of the three-unit system for a 1000 learning cycles. c) Trajectory of the same simulation, with a planar light source placed on the
right side of the two-dimensional plane. The system’s state is depicted every 100 nLC. d) Evolution of the potential velocity mapped to the phase space
from a system perspective measured in V(I) [mm LC−1] at three-time instances during the simulation of (c). The color map indicates the velocity in the
direction of the light for all possible phase combinations of the system. The colored dots indicate the phase combination during the simulation of (c)
colored by nLC. e) The rotation (Δ𝜃) of the system for all phase combinations. The dots indicate the phases at the nLC snapshots of (d). f) a projection
of the local optima of the V(I) [mm LC−1] in the phase space for all system orientations. Obtained by rotating the reference frame of Figure S3a and
numerically extracting the local optima for each orientation. The dashed vertical lines indicate the slices as represented in (d). The color of the optima
indicates the change in angle Δ𝜃 for the phases that correspond to the local optima as can be found in (e). g) The same projection as represented in (f)
with the optimal V(I) for each orientation represented in an increased size compared to the local optima. The trajectory of the single simulation (c) is
mapped onto this projection to visualize the long-term phototaxic behavior.

orientation. In fact, the system stabilizes at an orientation for
which the maximum velocity in the direction of the light is lower
than what this specific assembly can potentially achieve at differ-
ent orientations (Figure 2d). This difference in maximum direc-
tional velocity for different orientations can be more clearly seen
by looking at the fastest velocities for any given orientation, as
shown in Figure 2f. This figure depicts the amplitude of photo-
taxis (displacement toward the light) for all the local optima in
each orientation, obtained by rotating the global reference frame
of Figure S3a and numerically finding the local optima for each
orientation. The color indicates how much the system rotates dur-
ing a learning cycle. A more detailed view of how this projection
is created can be found in Movie 3. Note that Figure 2f solely
resembles the potential (locally) optimal displacement of the as-
sembly without considering any behavior related to the learning,
but it helps us to visualize the potential optimal behavior the sys-

tem could exhibit. From this perspective, we find a reflective sym-
metry between 45° and 225° and the existence of only two local
optima for which the assembly does not rotate with peaks at 45°

and 225°.
To better understand how the system moves through this

three-dimensional search space (consisting of the two Δ𝜙i and
the Θ◦) and how close the behavior is to a (local) optimum, we
project the displacement and orientation of the single simula-
tion of the three-unit system into Figure 2g. We observe that the
assembly seems to find the general areas of optimal phototaxis
and tracks them over time as its orientation changes. Stability
occurs when the units reach an orientation for which no rotation
occurs, in this case, at ≈45°. Interestingly, the assembly spends
most of its learning cycles on the two optima with minimal rota-
tion at the respective 45° and 225° angles. Moreover, the assem-
bly seems to move away from one to the other and stabilize its
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Figure 3. Effect of geometry on the long-term behavior of the system. Orientation perspective for a) a three-unit robot, and two four-unit robots with c)
skew and e) square shape. The distribution underneath the orientation perspective indicates the final orientation after a 1000 NLC for a 100 simulations.
The corresponding evolution of the velocity V(I) [mm LC−1] for the first 600 learning cycles are shown in (b), (d), and (f). g) Schematic representation
of the different types of local optima in the orientation projection. h) Overview of the simulation results obtained for all robot shapes up to four units.
The distribution (black line) of the average velocity (V(I) [mm LC−1]) for 100 simulations at the 600th learning cycle, compared to the maximum and
minimum velocity of the global optimal behavior.

orientation around 45°. These results could indicate stable ori-
entations that emerge on longer timescales, dominated by the
geometry of the assembly.

4.3. Long-Term Stability

With this improved understanding of the system’s behavior from
different perspectives, we explore the dynamic stability of the sys-
tem over longer timescales. We repeat the simulation performed
in Figure 2g 100 times for different initial conditions and starting

orientations of the assembly. In Figure 3a, we present the distri-
bution of the orientations of the assembly after at nLC = 1000. In
line with the results presented in Figure 2g, almost all simula-
tions converge toward 45° (with only two outliers around 250°).
Therefore, we conclude that the 45° angle serves as an “attractor”
for the three-unit configurations. In contrast, the 225° angle is
an “unstable fixed point” for long-term behavior. Although sta-
ble in the short term, the stochastic nature of the algorithm will
eventually push the system away from the 225° angle.

To further investigate the influence of these long-term dynam-
ics on phototaxic behavior, in Figure 3b, we show a distribution
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of the average displacement of the system for all 100 simulations
while moving toward the light source. Considering the analysis
from Figure 2, we can identify the same three distinct regimes in
the assembly’s behavior as we have observed in experiments in
Figure 1, but with additional insights. Firstly, for ≈ 0 ≤ nLC ≤ 50
learning cycles, the system quickly changes phases to improve
its velocity in the direction of the light (V(I)). Next, between ≈
50 ≤ nLC ≤ 250, the system reaches a peak in V(I) due to chang-
ing orientation, where higher velocities are still possible as the
system is still changing its orientation. Note that although these
orientations allow for phase combinations with a high V(I), these
phases also result in large rotations Δ𝜃 and are, therefore, unsta-
ble and cannot be maintained for longer time periods. Finally, for
nLC > 250, the variance of the distribution becomes smaller, and
the V(I) converge across all simulations. This convergence occurs
because more simulations reach the 45° angle, approaching the
same stable orientation and phase combination.

4.4. Unit Perspective

It is important to consider that so far, we have visualized the po-
tential behavior from the assembled system perspective. Yet, the
individual units do not directly communicate. To understand the
dynamics from the perspective of the individual units, we use
the mapped search space as shown in Figure S3a of the three-
unit system to visualize the one-dimensional search space of
every unit over time in Figure S4. Each unit operates in a dif-
ferent one-dimensional search space, depending on its position
in the assembly. Note that the units do not see the full search
space of the whole system and can only probe the local one-
dimensional search space by varying their phase. Importantly, the
search space’s mapping from phase to behavior fluctuates over
time due to the rotation of the assembly and the continuously
changing behavior of the surrounding units. Figure S4 demon-
strates how all three units can adapt their phase 𝜙i to maintain
the desired phototaxis behavior of the assembly. Surprisingly, the
individual units stay close to the optimal behavior in their con-
stantly changing search space.

5. Effect of Geometry on the Long-Term Behavior
of the System

With this more explicit understanding of the long-term dynamics
for a three-unit configuration, we now focus on getting a better
idea of how the system’s geometry influences long-term behavior.
We, therefore, perform the same analysis for two distinct four-
unit configurations. In Figure 3c–f, we show the learning behav-
ior of the two four-unit configurations (skew shape and square
shape) that, together with the three-unit system, can describe
the main similarities and differences between geometries. First,
Figure 3c describes the trajectory and global optima of the skew-
shape configuration with one-fold rotational symmetry. Due to
the one-fold rotational symmetry of the configuration, we find a
repeating pattern in the global optima projection. If we follow the
optima that cause counter-clockwise rotation (in blue) to the left
and the optima that cause clockwise rotation (in red) to the right,
we find two intersections at ≈ 50° and 230°. These intersections

lead to the preferential orientation of the system in these two ori-
entations, as seen from the distribution in Figure 3c. However,
where the three-unit configuration has one stable optimum with-
out rotation that all simulations converge toward, this four-unit
geometry constantly transitions from rotation in one direction to
the other, as there is no global optimum with zero rotation. This
differs from the “convergent” behavior, as the phases must be “dy-
namically” adjusted to maintain phototaxis. This could also lead
to a wider distribution of velocities, as observed when running
multiple simulations (Figure 3d).

In contrast to the skew shape that does not have stable con-
vergent orientations, the optimal behavior of the square shape is
characterized by relatively little rotation (Figure 3e). The combi-
nation of this observation and the four-fold symmetry of the unit
leads to a nearly flat projection of the local optima. Apparently, for
any given orientation of the square geometry, an optimal phase
combination exists that leads to a relatively stable and fast photo-
taxis. As a result, the square shape also does not exhibit the initial
overshoot in velocity that is the result of stabilization of orienta-
tion (Figure 3f) that is observed for both the three-unit (Figure 3b)
and the skew shape (Figure 3d).

In summary, from the results in Figure 3, we find three char-
acteristic transitions between global optima that govern the long-
term behavior of the system. We define the global optimum from
the perspective of the system as the set of phases that result in the
highest V(I) at a fixed orientation (as the system has no notion
of orientation) (Figure 3g). First, the convergent behavior, where
the geometry drives the system toward a global optimum without
rotation, thereby stabilizing the behavior (i.e., no phase changes
are required to maintain phototaxis). Second, a divergent transi-
tion is presented in Figure 3a. Although the system can maintain
this orientation for extended periods, the stochastic nature of the
control will eventually drive the system out of this orientation.
Third, a dynamic behavior, as presented in Figure 3c, leads to per-
sistent orientation fluctuations (i.e., constant phase changes are
required to maintain phototaxis). Different geometries can yield
combinations of the optima transitions mentioned above.

Figure 3h provides an overview of the difference between the
maximum V(I) in the fastest and slowest orientation for all three-
and four-unit configurations, along with the V(I) distribution at
nLC = 1000. From this overview, we can conclude that the photo-
taxic potential of the system heavily depends on its geometry. This
difference can also be observed in their trajectories presented
in Figure S5. Furthermore, we find that the system’s V(I) dis-
tributions, in general, do not stabilize around their maximum
V(I) because these orientations are accompanied with rotations
of the system.

6. Effect of Learning Parameters on the Long-Term
Dynamics of the System

Previous simulations on multiple shapes teach us that shape has
an important role in the behavior of the assemblies and that the
shape directly influences the short- and long-term behavior that
the system can exhibit. However, the learning parameters can
also affect the stability of the system’s long-term behavior. In this
section, we will further explore the effect that the learning step
ΔS has on the potential to perform phototaxis.
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Figure 4. Effect of the learning step size on the behavior of the system. Evolution of the velocity V(I) [mm LC−1] of a T-shape robot in the orientation
perspective, for a) ΔS = 0.01, b) ΔS = 0.1, and c) ΔS = 0.3. The evolution of the robot’s angle for each simulation is given in (d), (f), and (h). The
evolution of the robot’s average velocity V(I) [mm LC−1] for each simulation is given in (e), (g), and (i). j) Distribution of the angle at the 1000th learning
cycle, for 100 simulations and for a range of learning step sizes ΔS.

The current minimal approach to learning is designed with
generality in mind and is dominated by only two parameters, ΔS
and the number of actuation cycles (NAC). Both relate to the rate at
which the system can adapt its behavior to the changing environ-
ment. On one hand, the number of actuation cycles dominates
the signal-to-noise ratio of the light measurement by controlling
the number of actuation cycles between the first and second light
measurements. However, it also determines the amount of rota-
tion between consecutive learning cycles, as the rotation scales
linearly with the number of actuation cycles. On the other hand,
the amplitude of the phase change between consecutive learn-
ing cycles, ΔS, directly controls the algorithm’s adaptability (i.e.,
stochasticity). For this parameter, we predict that there is a direct
trade-off between exploration and exploitation, given by high and
low ΔS, respectively.

To demonstrate the influence that ΔS has on the system’s be-
havior, Figure 4a–i shows three simulations of a T-shape config-
uration with ΔS = 0.01, 0.1, and 0.3. Having mapped the optima
in Figure 4a–c, we find one convergent stable orientation at 90°

and two dynamically stable orientations at 220° and 320°.
First, for the relatively small learning step ΔS = 0.01

(Figure 4a), we find that the system remains in the local
optima and does not jump between local optima as the pay-off
declines due to rotation. Figure 4d shows that the assembly keeps
rotating until settling in a convergent local optimum around
225°. Apparently, the small values for the learning step suppress
the stochastic exploratory nature of the algorithm. Second, in
Figure 4b, we find the V for ΔS = 0.1 to be more scattered,
resulting in global behavior that jumps over the local optima to
reach the global optima. As a result, we find less change in the
orientation (Figure 4f) and a global behavior that settles around

one of the dynamic global optima with a similar orientation as
Figure 4a, but considerably higher V (Figure 4g). Third, for the
simulation with ΔS = 0.3 in Figure 4c, we observe even more
scattered behavior. With this value of ΔS, the system seems
unable to follow any specific optima and rather moves around
the entire phase space. This results in an inability to track the
dynamic global optima. Yet, the systems still slowly drift toward
the convergent behavior at 90° (Figure 4h and i).

Looking at the long-term behavior of the T-shape configuration
for different values of ΔS (Figure 4j), we find that, for ΔS = 0,
the end distributions are randomly spread out over all possible
orientations. From ΔS > 0.01, we start to see clear peaks in the
end distribution, with centers around the convergent point at 90°

and the two dynamic points around 220° and 320°. Between 0.1 ≤

ΔS ≤ 0.3, we find the distribution peaks of the dynamic points
disappear, resulting in only a single-stable orientation at 90°. Last,
starting from a ΔS > 0.8, we find the onset of the disappearance
of any stable orientations as the system starts to approach a state
where it always chooses new random phases.

Although we observe phototaxis for all three ΔS, the rate at
which phototaxis is achieved and the V(I) after the behavior con-
verges are considerably different. Furthermore, we investigate
the scalability of the system in lattice configurations with increas-
ing size (Figure S6a). Figure S6b demonstrates that the ΔS sig-
nificantly impacts the system effectiveness of the phototaxis for
larger systems. We see that, for both ΔS = 0.1 and ΔS = 0.05,
the lattice configurations perform phototaxis in a system with up
to at least 49 units. However, we do find that for the ΔS = 0.1,
the V(I) declines more quickly with increasing system sizes com-
pared to the ΔS = 0.05. When evaluating the evolution of the V(I)
distributions for a lattice of 49 units (Figure S6c), we find that the
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ΔS = 0.1 learns more quickly. However, Figure S6c also shows
that around nLC = 80 the smaller ΔS = 0.05 starts to outperform
ΔS = 0.1. From nLC = 100 onward ΔS = 0.1 simulations stop
improving while the smaller ΔS simulations keep on improving
their V(I).

These results indicate that the phase space of the physical sys-
tem becomes more complex as the number of units increases.
Therefore, the larger ΔS simulations are less effective in exploit-
ing the local optima than the smaller ΔS simulations. While we
did not test configurations larger than 49 units due to computa-
tional and practical constraints, we have no evidence to suggest
that phototaxis would not occur in larger systems, albeit becom-
ing less effective. However, we acknowledge that the efficiency,
as indicated by the speed of movement toward the light, may
vary with the system size and the learning ΔS parameter, which
is an important consideration for scalability. Further research is
needed to test how the current algorithm would work with an
even larger system.

Thus, we find the long-term behavior of our system not only
emerges from its geometry but is also heavily dependent on
the chosen learning parameter. Furthermore, we find that pho-
totaxis remains feasible for a wide range of the ΔS parameter
(Figure S7), but that its value does influence the equilibrium be-
havior. These results further strengthen the claim of robustness
in the current learning approach.

7. Experimental Validation

Having gained insights into the dynamic learning behavior of our
soft modular system using simulations, we next turn to multi-
ple experiments backed up by simulations that demonstrate the
main characteristics and, specifically, the robustness of our ap-
proach that we also observed in simulations. We do this by i)
changing the direction of light during an experiment, ii) increas-
ing the complexity of the environment by adding obstructions,
and iii) changing the geometry during the experiment by cutting
the assembled robot in two.

7.1. Suddenly Changing the Direction of Light

As in the first experimental demonstration, we change the light
direction during an experiment, which will require each unit
to update its phases. The change in light direction is accom-
plished by mounting LED panels on both sides of the experimen-
tal setup and turning them ON and OFF during the experiment.
In Figure 5a, we show a single experiment of the square configu-
ration for NLC = 400 learning cycles, where we manually change
the direction of the light from left to right approximately halfway
through the experiment at nLC = 23. We can clearly observe how
the robot first moves to the left, after which the direction changes
to accommodate displacement in the opposite direction (Movie
4). The sudden change can be clearly seen in the discrete jump
in the measured light intensity of the four units, which reduces
to a value close to zero as shown in Figure 5b. As expected, the
system requires some learning steps to adjust its behavior and
reach a steady motion in the direction of the light.

Similarly, for a three-unit geometry (Figure 5c and d), we also
observe that the system adapts its motion to the change in light

direction. It is interesting to note that in this specific case, at
least one of the units measures no light intensity (I = 0) after the
manual change in light direction (see insert in Figure 5d), which
means the sensor of this unit is outside of the range of the light
source. However, it appears that the other units can compensate
for this unit and move the system back to a measurable distance
of the light.

Furthermore, Figure 5c demonstrates how the system orients
itself toward its preferred orientation (similar to Figures 2e and
3a) (with the middle unit pointing in the direction of the light)
and turning 180° when the light is switched. For the square shape
of Figure 5a, we do not observe a clear switch of orientation as
the light is changed. Next, we turn to simulations to find a more
quantitative evaluation of the reorientation due to the switching
of the light direction. From Figure 5e, we see that, in general, the
trajectories of the square shape seem to find a straight line back
and forward, whereas the three-unit system (Figure 5f) makes
wide loops while rotating. Figure 5g indicates that throughout
the simulation, all orientations are used by the square shape in
contrast to the thee-unit configuration where we find that the ori-
entations converge to 45° on the first half of the simulation and to
125° of the second. Figure 5i provides additional insights into the
lack of reorientation compared to the converging behavior found
in Figure 5j. Hence, it demonstrates the influence of the more
symmetric square-shape geometry as opposed to the three-unit
geometry, as also demonstrated by the orientation perspective in
Figure 3e

Because the current system only has short-term memory and
the units have no notion of orientation, we find similar learning
behavior between the start of the experiment and the behavior af-
ter the light has switched. Therefore, switching the light can be
viewed as nothing more than kicking the dynamical system out
of its equilibrium, after which we find robust recovery to photo-
taxic behavior.

7.2. Operating in a More Complex Environment

So far, we have demonstrated the system’s ability to generate ro-
bust phototaxic behavior, irrespective of the system’s configura-
tion. However, we have not considered more complex environ-
ments that can obstruct the motion and rotation of the system. As
the second experimental demonstration of our approach’s robust-
ness, we will explore the system’s behavior in more challenging
environments. We achieve such environments by fixing impass-
able circular perspex disks with a height of 1 cm and a diameter
of 25 cm to the surface, as shown in Figure 6a. These barriers
restrict the system’s movement while leaving the light measure-
ments undisturbed.

We next perform a learning experiment using a square assem-
bly (Figure 6a and b). Even though the system is capable of mov-
ing past the obstacles, the observed behavior is considerably af-
fected by the obstruction. The effect on the phototaxic behavior
is clearly visible by considering the V(I) in Figure 6b, which de-
creases every time the system hits an obstacle. For example, we
find five interactions with the barriers in this single experiment.
As a result, we observe sharp changes in the trajectory of the con-
figuration. Still, for this specific environment, the system is ca-
pable of adjusting the behavior after each interaction (Movie 5).
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Figure 5. Response of an assembled robot to a sudden change in light direction. Experiment of a) a four-unit square robot with 350 NLC. The light
source is initially placed on the left side of the canvas and is switched to the right side of the canvas at the 145th learning cycle. The image consists of six
overlapping photos of the experiment, each 50 NLC apart. The dashed circle indicates the position of the robot when the light source is switched from
left to right. The light intensity measured by the individual units is shown in (b). c) The same experiment as (a) for a three-unit assembly. The light source
is switched at nLC = 130, with the light measurements presented in (d). The vertical dashed line indicates the switching of the light source. Trajectory
of simulations e) a four-unit square system and f) a three-unit system for 2000 NLC. Out of the 30 simulations performed for each configuration, the
trajectories of the first ten are represented in the figure. For each configuration, the first trajectory is highlighted along with snapshots of the system
for every 200 nLC. g and h) The distributions of the orientations Θ◦ for all 30 simulations of both configurations. Change of orientation ΔΘ◦ for all 30
simulations in (i) and (j), respectively.

Adv. Funct. Mater. 2024, 2310932 2310932 (10 of 16) © 2024 The Author(s). Advanced Functional Materials published by Wiley-VCH GmbH
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Figure 6. Adaptive behavior of assembled robots in a more complex environment. a) Single experiment of a square-shaped robot moving through
circular obstacles. The circular obstacles restrict the motion of the robot, but do not block the light source that is placed on the right. The first five
images indicate the moment of contact with an obstacle, and the last image represents the end of the experiment, as indicated by the dashed lines in b.
b) The average velocity V(I) [cm LC−1] of the system during the experiment performed in (a). c) an experiment with an L-shaped robot under the same
conditions as in (a). d) Distribution of the V(I) [cm LC−1] for both the square-shape and L-shape robots, with and without obstacles, and normalized by
the average V(I) [cm LC−1] without obstacles, each distribution contains eight experiments of 230 NLC (at nLC = 230 the first free experiments reaches
the end of the canvas). e) A single experiment with the L-shape robot in a confined environment restricted by two bars. f) Average V(I) [cm LC−1] for the
L-shape robot in experiments without obstacles, with circular obstacles, and in the environment constrained by the two bars. Each distribution consists
of 8 experiments with the same NLC as (d). g) Distributions of the covered distance (in the direction of the light) [m] divided by the covered distance
without obstacles for both the square-shaped and the L-shaped in simulations with obstacles (circles with a diameter of 20cm). The simulations last
1500 NLC, and the x-axis represents the minimal distance between the outer edges of the obstacles in cm divided by the minimal length of a single unit
(5 cm). h and k) Trajectories of the simulations of (g) for two different configurations and three different obstacle distances. The square shape with an
obstacle gap distance of 20 cm is shown in (h) with the obstacles in yellow, the 30 trajectories in gray, and a single simulation highlighted with the color
map for the nLC. i and j) follow the same representation as (h) but for the L-shape with an obstacle gap distance of 20 and 15, respectively.

The ability of the system to adjust to more complex environ-
ments will likely depend on the geometry of the system. To test
this, we also run experiments with an L-shape assembly operat-
ing in the same environment (Figure 6c). For the L-shape, we ob-
serve that the system requires more learning cycles NLC to reach
the position with the highest light intensity. To evaluate the influ-
ence of the obstacles on both the square and the L-shape geome-

tries, in Figure 6d, we compare the distribution of the velocity
over a learning cycle normalized by the average speed of experi-
ments without obstacles for that specific shape. We find that this
more complex environment influences the L-shape less. One ex-
planation could be the difference in the symmetry between the
two geometries, as we know from Figure 3e that the maximum
V(I) of the square unit is less affected by rotation. The results
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from Figure 6d could indicate that the obstacles constrain the
system into orientations with higher maximum V(I), as Figure 3
already indicated that geometries often stabilize in orientations
with sub-optimal V(I).

Although in the previous case, the environment has a nega-
tive effect on the average V(I) of both assemblies, to test if the L-
shape assembly can also benefit from its surroundings, we next
perform an experiment in an environment that contains two par-
allel placed bars (Figure 6e). In Figure 6f, we compare the average
V(I)[cm LC−1] of the system in the direction of the light between
no obstacles, circular obstacles, and the two bars, and interest-
ingly observe that the velocity of the system is, on average higher
when constrained by the two bars. These results show that, in
some cases, the system could even utilize its environment to in-
crease its displacement toward the light. This can be explained
by the fact that the system’s rotation is constrained, such that the
modular robot can sustain otherwise unstable orientations with
higher velocities. In addition, the friction from the bars could aid
in an additional contact point.

To further extend our studies of the impact of geometry on
the ability to maneuver the obstacles presented in the experi-
ments above, we emulate the experiments with the implemented
course-grained simulations. We specifically focus on how the dis-
tance between the obstacles influences the behavior. Figure 6g
demonstrates how sparsely placed obstacles result in a better rel-
ative performance compared to no obstacles in the L-shape as
opposed to the square shape, similar to the results of the experi-
ments in Figure 6d. Interestingly, we find that, on average, the L-
shape experiences more speed degradation due to smaller obsta-
cle distances compared to the square shape. This is likely because
the L-shape has to reorient to fit through the narrow opening be-
tween the obstacles, whereas the square shape still fits through
in most of its orientations and only has to change phases with-
out the need to rotate. When evaluating the trajectories for the
obstacle distance of 20 cm (equal to the size of four units), we
find more deviating trajectories for the L-shape (Figure 6i) com-
pared to the square shape (Figure 6i). Furthermore, the L-shape
seems to have a preferred direction to surpass the obstacles as we
find more trajectories following the top-left part compared to the
bottom-right in Figure 6i, which could potentially be explained
by the asymmetry in the orientation perspective (Figure S8a). In
Figure 6j, we can clearly see this reorientation of the L-shape ge-
ometry as it maneuvers in between the obstacles.

From these experiments and simulations, we conclude that the
system can adapt to its environment to move in the light source
direction, emphasizing the robust nature of the control strategy
(Figure S9). Here, the obstacles can be viewed as changes to the
equilibrium behavior of the dynamical system, which is different
from the effect of changing the light direction. Where the chang-
ing direction of the light slowly changes the dimension of the
orientation in the search space, the obstructions actually change
the search space as a whole. Note that we have only considered a
very limited number of environments, where in both cases, there
were possibilities to increase the light intensity even after hitting
an obstruction. It could be possible for systems to get stuck in
environments, similar to how flies sometimes get stuck behind
the glass when trying to fly outside. We expect this to occur when
the light intensity decreases in all possible movement directions

(even though there is still some stochasticity in the movement
that could help escape these situations).

7.3. Changing the Geometry by Damaging the Robot

In previous sections, we observed that our system could adapt
its behavior to changing objectives and more complex environ-
ments. As a final demonstration of robustness, we ran an experi-
ment with a larger rectangular assembly comprised of eight units
that we damaged during the experiment (Figure 7a–d). At nLC =
50 we split the system in two by manually breaking the physical
connection between the units. As a result, both geometries have
to adapt their behavior independently to the change in geome-
try and relearn to move toward the light source (Movie 6.). We
observe in Figure 7e that the system is able to increase its light
intensity before and after the damage. When comparing the light
readings between two units that are in a different section after the
cut, we observe how the units can perform phototaxis separately,
without any input, and overcome sudden damage, clearly high-
lighting the robustness of our decentralized approach.

Apart from cutting the system in two, one could also inflict
damage to the extent that the system remains connected, but
any number of units become inactive. To study the resilience to
failure in the system, we also perform simulations with a 5 × 5
(25 units) square lattice. Interestingly, Figure S6d shows that the
performance first slightly increases for a system with four inac-
tive units. These results indicate a redundancy in the system. Al-
though it has four non-actuating units (dead weight), the search
space becomes less complex; therefore, the system can exploit a
better solution in the phase space. Furthermore, we find that even
though the V(I) gradually decreases with the increase in the num-
ber of inactive units, the system remains functional until there is
only a single unit left.

8. Conclusion

In this work, we introduced a modular robotic platform to fur-
ther study decentralized learning algorithms that allow them to
adapt to more complex dynamic environments and configura-
tions without needing a centralized controller or electrical con-
nections between units. The current system relies on a form
of “collective memory” where each unit explores its own behav-
iors (the one-dimensional phase parameter). The units evaluate
these behaviors using their respective light sensor (LDR) to form
a notion of their “environment” (the mapping of the behavior
to the phototaxis of the unit). By adjusting its phase, each unit
in our modular robotic system influences the collective state of
the assembly. The resulting phototaxis depends on a distributed
form of memory and coordination. This indirect communication
mechanism is based on the partially shared environment, which
is facilitated by the physical connection between units and af-
fects the individual decision-making process in subsequent cy-
cles. While this process bears a resemblance to stigmergy that
also depends on decentralized behavior and indirect communi-
cation, it does not involve altering the terrain. Instead, it relies
on the dynamic interplay of local memory and partially shared
sensory inputs across the collective. This is exemplified by the
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Figure 7. Separating a robot in two during an experiment. a–d) Depicts the system’s time evolution for a single experiment for an eight-unit configuration
that is cut in half during the experiment at the 50th learning cycle. e) Light measurements at each learning cycle for two units that are each in a separate
part of the robot. The reddashed line indicates the moment the robot is separated in two.

partially shared environment that is constantly changing, as ob-
served for our individual units in Figure S4.

In the current study, we increased the complexity of the
task by moving from one-dimensional experiments[5] to a two-
dimensional modular system. Even though different phase be-
havior is needed for different geometries to achieve phototaxis,
no information or model was a priori needed. We demonstrated
that the current short-term memory approach allows the system
to adapt to changes in its objective, environment, and geometries.
Furthermore, we discovered that relying on short-term memory
in this two-dimensional task inherently gives rise to preferential
orientations and rotations, thereby strongly influencing the long-
term phototaxis of the system. Moreover, we found that these
preferential states depend solely on the geometry but can be tra-
versed differently by adapting the learning parameters. Because
each unit is identical (both in mechanical behavior as well as in
algorithm) and the system does not have any centralized brain,
the ability of the system to adjust its behavior to the environ-
ment and assembled shape could be viewed as a material prop-
erty of the system as a whole, which is often referred to as “robotic
matter”.[5,16,27–29]

Here, the simplicity and universality of the algorithm make it
suitable for a wide range of future applications on the interface of
soft robots, swarm intelligence, and nanorobotics,[30,34–36] where
computational power is limited due to size and weight restric-
tions or for which the behavior and interactions are difficult to
model a priori. Our algorithm could be transferred to the fluidic
domain to create more autonomous electronics-free soft robotic
systems.[31,32] Furthermore, the algorithm could be beneficial for
micro- and nanosystems in medical applications, where the fol-
lowing chemical gradients aid in site-specific drug delivery.[37]

Groups of aggregates can be deployed to explore environments
where fault tolerance is of the utmost importance (e.g., space
exploration and exploration of underground oil reservoirs).[33]

However, to reach these applications, more knowledge needs to
be gained on how decentralized behavior can be embedded in
such systems and how specific objectives can be incorporated
and emerge. It should be noted that current work focused mostly
on gaining a better understanding of how implicit communica-
tion and collective memory can lead to robust behavior. Potential
applications will likely bring about compromises, and additional
work and redesign of the algorithm are likely needed to make our
approach applicable to these different physical implementations.
Our study provides a platform to study these principles, both nu-
merically and experimentally.

9. Experimental Section
Fabrication of Units: The individual robotic units consisted of struc-

tural components custom-designed and 3D printed in polylactide (PLA).
An overview of the assembly can be viewed in Figure S10 (Supporting In-
formation). Two 3D-printed geared disks are positioned on a base disk.
A top segment was designed to accommodate a stepper motor (28BYJ-
48) and support the electronic components (custom-designed PCB). The
robotic units have a 2.1 cm radius, stand 8.5 cm tall, and weigh 75 g when
fully assembled. The “brain” of each unit consisted of a microcontroller
(ESP32) mounted on a custom circular PCB. A second triangular PCB
containing three symmetrically positioned Light Detector Resistors (NSL-
19M51 Luna Optoelectronics) was placed in series, connected to the first
PCB with 2 mm PCB spacers in between. The PCB was connected to the
stepper motor through a stepper driver (ULN2003), all encased in a 3D-
printed body and attached with inbus bolts (M2X16 and M3X12). The 3D-
printed body consisted of four printed segments. The first was the top
frame that housed the PCB, stepper driver, and stepper motor and sen-
sors. A centrally placed brass axle (6 mm) connected the top frame to the
bottom frame. A 3D-printed gear connected the stepper motor to two 3D-
printed disks (top and bottom) aligned by the central brass axle and held in
place by the top body and a 3D bottom body piece. The bottom frame also
housed a metal bearing (NMB, Radial Ball Bearing) 10 × 4 × 4 to keep
the 3D stepper gear in place. The rotation of the stepper translates into
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the bottom and top disk rotations in opposite directions to each other. A
Micro-switch (Omron Ultra Subminiature Basis Switch) verified the start-
ing orientation of the disks mounted to the top frame and a notch in the
top disk.

Physical connections between the units were needed to let the units in-
teract with each other, allowing the system to displace its center of mass.
Soft connectors were used to bind units with each other. The soft con-
nectors were casted using custom-designed molds 3D printed out of PLA
(Ultimaker 3). The connections were fabricated with two-component sil-
icone (Smooth-on DS30, in opaque white). The soft connectors had two
arms, each fixed to one of the disks of the units. The total length of the
soft actuator was L = 25 mm. The radial position of the soft connectors
was dictated by the poses of the two counter-rotating geared disks actu-
ated by the stepper motor. Using this design, each unit can be connected
to a maximum of four neighboring units using a 3D-printed pin connector
shown in Figure S8d (Supporting Information).

Experimental Setup: The phototaxis experiments were performed un-
der controlled light conditions on a white multiplex surface (190 cm ×
155 cm) encased by a black multiplex frame, as presented in Figure S2b
(Supporting Information). At the beginning of each experiment, all units
are updated and turned on using a master-slave protocol over Wi-Fi, co-
ordinated from a master ESP32 connected in a one-to-many configuration
using the ESP-NOW library. After the initiation of an experiment, every unit
gathers sensor and learning data individually. At the end of every learning
cycle, the unit sent its collected data back to the master ESP32 connected
to the lab computer. The master unit, therefore, collects the gathered data
for all the units and writes this data to a .tsv file in real-time. Note that the
data only needs to be gathered to visualize the results but is not needed to
update the phases of the units. The visual and positional data of the exper-
iments are collected using a GoPro (hero 4) positioned at the center of the
white multiplex surface at the height of 1.11m. The GoPro was controlled
remotely from the computer that collects the unit’s sensor data. The Go-
Pro was prompted to take a photo every time the units had completed a
learning cycle.

The position data obtained with the GoPro was synchronized with out-
puts from the agents to fully reconstruct the dynamics of the system. For
example, in the experiments where the behavior of a three-unit assembly in
phase space was mapped (Figure S3b, Supporting Information), pictures
were collected every ten actuation cycles per phase combination. This al-
lowed for the averaging of unwanted biases in the actuation and a large
enough displacement to validate the magnitude and direction of locomo-
tion. For all other experiments, instead, one image was collected every
learning cycle of the system. In order to take accurate data while inferring
the position of the units over time, optical distortions and camera perspec-
tive were corrected. On top of that, the visual data were processed using
Python 3.8 and the OpenCV package in three stages. First, the camera’s
perspective was corrected using four arucos in the corners of the canvas.
By measuring the distance between the outer corners of the arucos, the
pixel distance could be mapped to the actual distance on the canvas. Sec-
ond, a color mask and circle detection were used to detect the positions of
two 3D-printed discs with d = 5 cm and d = 2.5 cm that were placed on top
of two of the units in the configuration. Last, the positions of the two discs
were used to infer the center of the configuration and its rotation. The fol-
lowing protocol was followed to ensure the validity of our data. First, we
define the working range of the canvas to be 20 cm from every edge of the
canvas to avoid the influence of the borders during the experiment. Ex-
periments were, therefore, cut off if the units surpassed this boundary. As
a consequence, in Figure S11 (Supporting Information), it was found that
not all experiments were of equal duration, as the experiment was stopped
when the units reached the end of the canvas. Furthermore, more than one
consecutive missing data point was not accepted. In the case of a single
missing data point, linear interpolation was performed to fill the gap. Mea-
sured over all the performed experiments, linear interpolation was used for
0.059% of the position data points.

To automate the repetition of the experiments, a mechanism was imple-
mented to consistently restore the initial position of the units at the end of
each experiment. The solution consisted of a physical connection between
the assembly and a pulling system positioned above the working area. A

dedicated servo motor (DFROBOT DF15RSMG) was positioned above the
experiment and was connected to the units using a nylon thread with d =
1 mm. When an experiment was over, a flag signal was detected, and the
servo motor was activated using the Python interface. As a result, units
were pulled to a position approximately beneath the servo.

Unit Actuation Protocol: As displayed in Figure 1a, the experimental
units extend and contract their silicone connectors by rotating the two PLA
discs in opposite directions. In the contracted state, the distance between
the center of the unit and the outer point of the connector measures ≈

3.5 cm, while in the fully extended state, this distance becomes ≈3.85 cm.
The actuation cycle (AC) comprises two stages.

To compare experiments and simulations, a parameter called 𝛼, which
is set to 0.3, was used. Alpha represents the fraction of the total actua-
tion cycle time (TAC), which is 2 s. During this time, the unit extended its
connection arms for ≈ 0.58 s (this time was denoted as D1).

The remaining part of the actuation cycle ( 1 − 𝛼) had two components.
First, the unit contracted its four connection arms, which took roughly
the same time as the extension. Second, the unit stayed stationary in the
contracted state for a duration denoted as D2.

The last actuation cycle was called the adjustment cycle (ACa) and dif-
fered from the other cycles. In this cycle, the duration of time the unit stays
in the contracted state (D2) was modified to be Dajd = D2 − Δ𝜙i. This ad-
justment changed the total duration of the adjustment cycle (ACa), en-
abling the unit to start the next learning cycle (LC) with a new phase 𝜙i.

In between the two light intensities measures I1 and I2, there were
NAC = 6 regular actuation cycles to reduce the noise measured in ΔI and
to make the camera tracking feasible. Therefore, there were seven exten-
sions and contractions during a single learning cycle (LC). At the end of
every learning cycle, the unit sends its data related to the current learning
cycle back to the central computer. Note that every unit operated com-
pletely independently from the other units and without synchronization.

Model–Mass–Spring System: To qualitatively capture and to gain more
insight into the behavior observed in experiments, the soft modular robot
was modeled as a minimal mass–spring system. The aim was to develop
a model that is simple enough for quick computation, yet comparable
enough to qualitatively capture the observed behavior. A perfect quantita-
tive comparison was not aimed. To achieve this, the system was modelled
as a two-dimensional structure consisting of one-dimensional linear elas-
tic elements connected by joints of a certain mass, which interact with the
environment through friction. This system decomposed all forces in x and
y directions, resulting in a system with nn nodes connected by en elements
in a two-dimensional space with 2nn degrees of freedom, where n is the
number of units in the assembled robot.

Figure 2a illustrates the nodes and elements represented as masses
and springs. Each unit in the assembled robot consisted of four nodes
and six elements, where an element connects every pair of nodes. The di-
agonal elements of the module were periodically actuated to achieve sym-
metric expansion and shrinking. These elements were referred to as the
active elements.

Model–Force Balance: A multimodule system coupled the sides of in-
dividual blocks together. Each block had four sides that could be connected
to another module. Two connected modules shared the two nodes and
the connecting element of the linked side, thereby reducing the number of
nodes and elements. The mass of the units was equally distributed over
its four adjacent nodes. The mass–spring system was governed by the fol-
lowing equation:

Mü + Cu̇ + Ku = F (2)

In Equation (2) the Mü component describes the forces of mass acceler-
ation, Cu̇ represents a damping component and the Ku component de-
scribes the elastic forces of the springs.

This study redefined Equation (2) as the following force balance equa-
tion. Taking the force balance, for each node, it was found

Fm(ü, u) + Ff(u̇, u) + Fk(u) = Fe (3)

Adv. Funct. Mater. 2024, 2310932 2310932 (14 of 16) © 2024 The Author(s). Advanced Functional Materials published by Wiley-VCH GmbH
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In Equation (3), Fe represents the external forces in the system, and Fk is
the elastic force of the elements exerted on the nodes. These elements,
commonly called bars, are only subjected to axial strain. Both the shear
and the bending of the elements do not generate a reaction force. In ad-
dition, Ff is the friction force experienced by the nodes, and Fm is the
force on the nodes as the mass is accelerated. To be able to apply avail-
able solvers, this equation is transformed into a state-space form, where
Equation (3) is transformed into a first-order differential equation

y(t) =

[
u̇(t)

u(t)

]
(4)

which is combined with Equation (3) to find the following derivative of y(t)

ẏ(t) =

[
ü(t)

u̇(t)

]
=

[
Fm

−1(Fe − Ff(u̇(t)) − Fk(u(t)))

u̇(t)

]
(5)

Equation (5) was used for direct numerical integration with the RKF45
method of the SciPy python library. The RKF45 method implemented a
fourth-order Runge–Kutta formula with an embedded fifth-order formula.
By adaptively adjusting the step size, the RKF45 method efficiently bal-
anced accuracy and computational cost, making it a reliable and widely
used method for numerical integration of ordinary differential equations.

Next, the force equations for individual nodes described in Equation (3)
were elaborated. First, the elastic force of the elements exerted on the
springs Fk. Fk arising from the stress and strain relation of the elements
was discussed. In the two-dimensional coordinate system, the reaction
force exerted by the spring on the adjacent node ni is given by

Fk i,j =
(‖rj − ri‖ − l0

)
Ks

rj − ri‖rj − ri‖ (6)

The constant strain within the bar results in a reaction force of the same
magnitude and opposite direction for node nj. Note that there was a dif-
ference in the initial length l0 between the diagonal and border elements.
Therefore, the difference in l0 between the diagonal and border elements

implied a factor of
√

2 difference in stiffness between these elements, as
the current implementation assumed the same Ks for all elements.

The total reaction force on node ni is the sum of forces for all adjacent
elements

Fk, tot i
=

N∑
i=1

N∑
j=1

Fki,j
Ai,j (7)

In Equation (7) Ai,j is a unitary variable that denotes the presence of an
element connecting nodes ni and nj. Where, Ai,j is one if there is an element
connecting the two nodes and zero otherwise. The parameters used to
model the springs can be found in Table S1.

Next, the friction on the nodes was based on a general friction model.[5]

This friction model assumed the total friction force Ff to be a sum of
Stribeck, Viscous, and Coulomb friction components. Stribeck friction Fs
referred to the negative slope of the friction force as the velocity V starts to
increase. Viscous friction Fv results in friction proportional to the velocity.
Coulomb friction Fc represents constant friction independent of the veloc-
ity. Last, there is friction at zero velocity, often referred to as breakaway
friction Fbreak.

Since the friction force had the opposite direction as the direction of the
velocity, a velocity-based transformation component is added to transform
the friction from the local reference frame to the global reference frame.
Furthermore, with the use of the estimated parameters obtained in friction
experiments performed for the one-dimensional studies[5] (Table S2), the
friction force simplifies to:

Ffi
= −

(
FC ⋅ tanh

(‖u̇i‖
vCoul

)
+ f ‖u̇i‖) u̇i‖u̇i‖ (8)

The current system has individual modules that can expand and shrink
back to their original shape. These deformations were achieved by si-
multaneously activating the diagonal elements in each unit. The current
model implements actuation by redefining l0 in Equation (6) as the time-
dependent variable preferred spring length Lp(t) in each diagonal element.
The preferred spring length Lp(t) of the diagonal elements was divined as
the sum of the initial spring length l0 plus the time-dependent actuation
length la(t + 𝜙). In order to make the differential equation of the force bal-
ance less stiff and speed up the simulation, a smooth version of the actu-
ation function was implemented for la(t + 𝜙) based on the actuation used
in the experimental units. By making use of a piecewise sine function, the
extension–contraction cycle of the experimental units was qualitatively ap-
proximated. The active spring length during an actuation cycle is given by
Equation (9) with the parameters of Table S3.

la(t,𝜙i)=

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

𝜔 ⋅ sin(2𝜋f (t + 𝜙i)) if t < Tmot
4

𝜔 ⋅ sin
(

2𝜋f Tm
4

)
if t ∈

[
Tmt

4
, Tmot

4
+ D1

)
𝜔 ⋅ sin (2𝜋f ((t+𝜙i)−D1)) if t∈

[
Tm
4

+D1, 3Tm
4

+D1

)
𝜔 ⋅ sin

(
2𝜋f 3Tm

4

)
if t∈

[
3Tm

4
+D1t, 3Tm

4
+ Ts

)
𝜔 ⋅ sin (2𝜋f ((t + 𝜙i) − D1 − Ts)) if t > 3Tm

4
+ Ts

(9)

Furthermore, the same learning cycle (LC) as used for the experimental
units was implemented apart from the number of regular actuation cycles
between the two light measurements I1 and I2, as there was no noise in
the light measurements during the simulations and because the only aim
was to capture the qualitative behavior of system the number of regular
actuations NAC was reduced to three. Thereby the learning cycle LC of the
system in the simulations consisted of four expansion–contraction cycles.
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Supporting Information is available from the Wiley Online Library or from
the author.
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