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COLLECTIVE BEHAVIOR

Counterfactual rewards promote collective transport
using individually controlled swarm microrobots
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Swarm robots offer fascinating opportunities to perform complex tasks beyond the capabilities of individual ma- overnment Tors

chines. Just as a swarm of ants collectively moves large objects, similar functions can emerge within a group of
robots through individual strategies based on local sensing. However, realizing collective functions with individu-
ally controlled microrobots is particularly challenging because of their micrometer size, large number of degrees
of freedom, strong thermal noise relative to the propulsion speed, and complex physical coupling between neigh-
boring microrobots. Here, we implemented multiagent reinforcement learning (MARL) to generate a control strat-
egy for up to 200 microrobots whose motions are individually controlled by laser spots. During the learning
process, we used so-called counterfactual rewards that automatically assign credit to the individual microrobots,
which allows fast and unbiased training. With the help of this efficient reward scheme, swarm microrobots learn to
collectively transport a large cargo object to an arbitrary position and orientation, similar to ant swarms. We show
that this flexible and versatile swarm robotic system is robust to variations in group size, the presence of malfunc-
tioning units, and environmental noise. In addition, we let the robot swarms manipulate multiple objects simulta-
neously in a demonstration experiment, highlighting the benefits of distributed control and independent
microrobot motion. Control strategies such as ours can potentially enable complex and automated assembly of

mobile micromachines, programmable drug delivery capsules, and other advanced lab-on-a-chip applications.

INTRODUCTION

Many animals organize into swarms and develop cooperative strate-
gies to solve problems and gain advantages beyond their individual
capabilities. Examples of such collective achievements include the
coordination of hunting strategies in pods of dolphins (1), the con-
struction of nests by termites (2), and the collective transport of
heavy objects by ants or social spiders (3, 4). Researchers in robotics
are taking inspiration from these natural systems and are designing
swarms of relatively simple robots that can perform complex tasks by
working together (5, 6). At the group level, swarm robotic systems
naturally have several strengths, such as flexibility, scalability, and
robustness. These advantages are a result of the distributed control
and simplicity of the robots in a robot swarm. Without changing the
hardware, the same robotic swarm can be used for different tasks by
reprogramming the reactions of each robot to its neighbors and the
detected environment. Similarly, the system size can be altered by
adding more copies of the same unspecific unit to it. Swarm robotic
systems tend to be robust given that there is no central unit whose
failure is critical and that malfunctioning units can be swiftly re-
placed by neighbors. To date, many types of swarm robotic systems
exist in which individual robots work collectively, opening the door
to many exciting future applications in the air, on land, and at sea
(7-9). Examples include miniaturized quadcopters that can avoid
collisions and explore an unknown crowded environment (10), mo-
torized cubes that can be reconfigured into programmable shapes
(11), termite-like wheeled robots that can carry bricks and build
castles (12), robotic fish swarms that exhibit complex, decentralized
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three-dimensional (3D) collective behaviors through light commu-
nication (13), and swarms of buoys that can monitor a prescribed
area (14). Within these swarm systems, each robot has a program-
mable controller that can make independent decisions on the basis of
locally acquired information, enabling complex collective functions
comparable to those we see in nature.

However, scaling these independently controlled swarm robots
down to the micrometer range presents substantial challenges. It is of-
ten prohibitively challenging to integrate sensors, microcontrollers,
microactuators, and batteries at such a small scale (15, 16). Instead, re-
searchers are exploring the control of microrobotic swarms by means of
a global field (e.g., electric, magnetic, or acoustic) for the entire work-
space. Many impressive collective behaviors have been achieved by
varying only a few system parameters. For example, the collective for-
mation of swarms, chains, clusters, and ripples of charged or magnetic
colloids is made possible by tuning the electric or magnetic field signal
(17-19). Using a dynamically alternating magnetic field, millions of
magnetic nanoparticles can change the shape of a densely packed active
swarm and navigate in a maze (20). Other works control bacteria to use
them as microrobot swarms (21). In these systems, the dominant local
interactions (e.g., magnetic dipole-dipole interactions) are responsible
for collective behaviors. Compared with swarms of macroscopic robots,
where interactions can be individually controlled and programmed
with almost arbitrary spatiotemporal rules, the local interactions be-
tween microrobots controlled by a global field are limited to simple
physical interactions, resulting in a limited number of collective motion
patterns. Control fields that extend over large distances also do not
easily allow different tasks to be executed simultaneously and indepen-
dently of each other. This suggests that the true potential of func-
tional and intelligent behaviors in microrobotic swarms remains largely
unexplored.

To independently control individual microrobots in a swarm,
drive signals must be pinpointed locally with very high precision.
Owing to their high spatial resolution and accuracy, lasers provide a
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powerful tool for selectively controlling individual microrobots. By
programming structured light patterns, various types of microro-
bots, including mass-produced electronically integrated microbots
(22), genetically modified Caenorhabditis elegans (23), eight-legged
microcrawlers (24), shape-memory alloy microrobots (25), Thermal-
Bots at an air-water interface (26), and carbon-capped Janus micro-
swimmers (27), can all be controlled by lasers to move independently.
These kinds of microagents could be used to perform on-chip ma-
nipulation and assembly tasks, where the local actuation would allow
for execution of different tasks on a small space in parallel. Despite
this powerful driving mechanism, many fundamental challenges re-
main. The first challenge is the presence of thermal noise, which has
a large influence on micrometer-sized robots. When the Brownian
motion is on the same order of magnitude as the locomotion speed,
it is very difficult to precisely control the microrobots to follow a pre-
determined trajectory. This means that control algorithms must ad-
dress uncertainties so that the collective functions are robust against
these local disturbances. The second challenge is the strong and un-
predictable physical coupling between multiple microrobots (28).
For example, when a robot is hit by a focused laser beam, a large
amount of energy is pumped into the local environment, changing
the temperature, chemical concentration, and other physical proper-
ties associated with the propulsion mechanism. This drastic change
in the microenvironment alters the interactions between microro-
bots in close contact and may disturb their motion. Simplified mod-
els usually fail to accurately capture such complex effects. Although
direct contact between microrobots is often intentionally avoided
because of such effects, many applications, such as cargo transport
and collective microassembly, require microrobots to directly push
against each other or other objects (29, 30).

Multiagent reinforcement learning (MARL) is an emerging field
of artificial intelligence that offers a promising solution to complex
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control problems for swarm microrobots (31). In MARL, the control
strategy (called a policy) for the individual robots (called agents) is
automatically optimized for a specific task without the need for an
accurate model (32). This is achieved during a training procedure,
where the agents actively explore their environment through ob-
served states and subsequent actions. After each action, the perfor-
mance of each agent with respect to the task is evaluated by a quantity
called the reward (Fig. 1). An optimization algorithm is used to up-
date the policy to favor actions associated with higher rewards in the
past and to avoid actions that yielded lower rewards. In most cases,
updating the policy involves altering the parameters of a neural net-
work. Using MARL, the challenge of designing a complicated con-
trol algorithm for swarm robots is reduced to finding an appropriate
reward function that quantifies the performance of the robots in
their task. All system-specific details are then automatically handled
by the learning algorithm, and there is no need for the controller to
consider task-specific environmental conditions. However, writing
an effective reward function for the individual agent in a multiagent
system is often challenging. Simply giving an identical team reward
to all agents can lead to the “lazy agent problem,” where some agents
do not contribute much but are still rewarded for others’ work, un-
dermining collective performance (33). In addition, the variance in
the reward signal of each robot is usually very high when team re-
wards are used, resulting in long training times and poor perfor-
mance. For these reasons, it is important to formulate rewards that
consider the contribution of each individual agent to the group per-
formance. However, designing individual reward functions for a
specific task manually requires a very good understanding of the
relationship between individual behavior and collective perfor-
mance in this exact task. For this type of manual reward scheme, it
is necessary to redesign the reward function for each task, which
reduces the flexibility of the swarm robotic system. The method of
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Fig. 1. Nature-inspired collective transport of large cargo in an individually controlled microrobot system. (A) A group of ants collectively transports a large cargo
object to a target location. (B) Microrobot swarms can perform a similar task. Each microrobot is individually controlled to swim forward and push the cargo toward the
target. (C) Schematic diagram of the implementation of RL in a laser-controlled microrobotic system. An agent, consisting of a microrobot and its policy, explores its en-
vironment by selecting actions on the basis of its own state inputs. After one time step, the environment gives back a reward, which rates how well the agent performs.

The policy is updated to facilitate productive actions (yielding high rewards) and avoid

futile actions (yielding low rewards). When using MARL to optimize the strategy of the

robots, one can (D) give a joint reward to all of the robots in the swarm or (E) reward each robot according to its contribution. Individually assigned rewards reduce the

noise in the reward signal and facilitate training.
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counterfactual rewards (CRs) provides a simple and convenient way
to assign rewards to individual agents by comparing the performance
in each time step in a real experiment with that in a hypothetical
scenario. In these virtual copies of the system, one agent is removed,
and the collective performance of the rest of the swarm is subse-
quently extrapolated for a short time step. By comparing the hypo-
thetical result where one agent is removed with the actual experiment,
the contribution of this specific agent can be determined and as-
signed as the individual reward for MARL. One disadvantage of CRs
is that simulating hypothetical scenarios requires a model of the sys-
tem. Given that the extrapolation step is rather small, however, the
model does not need to be very accurate. CRs, as a method for gen-
erating individual rewards, as well as other similar credit assignment
methods, are widely acknowledged in MARL but have not yet gained
popularity in the swarm robotics community.

In this study, we developed a swarm microrobotic system with
up to 200 individually controlled microrobots. Each microrobot was
designed as a Janus microparticle (a 6-pm silica sphere with a car-
bon cap on one half) and is propelled by a laser spot. In our system,
each robot has a discrete set of motion options (forward movement,
left turns, right turns, and remaining stationary), as illustrated in
Fig. 1C. The propulsion speed typically averages 1/10 of the robot
diameter per second, which is comparable with Brownian motion.
We used an MARL algorithm to train a control policy of the indi-
vidual robots for the collaborative manipulation and transportation
of a large rod-shaped cargo. As a policy, we used an artificial neural
network (ANN) (see the “ANNS” section in the Supplementary Ma-
terials for architecture details). We introduced CRs to assign credits
to individual microrobots on the basis of their contribution to the
collective performance, effectively mitigating the lazy agent prob-
lem and the high variance in rewards connected to team rewards.
Our results demonstrate that MARL, in conjunction with the CR
approach, can acquire effective strategies for swarm control at the
microscale using very restricted information obtained by each robot
locally. This control strategy effectively overcomes the inherent ther-
mal noise and intricate interactions between agents and cargo, in-
cluding direct collisions and complex surface interactions. Our
findings provide concrete evidence for the efficacy of CR-enabled
MARL in individually controlled swarm microrobots, extending the
realm of swarm intelligence and collective functions to the microm-
eter scale. Movie 1 shows a summary of this study.

Counterfactual rewards promote collective transport
using individually controlled swarm microrobots
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Movie 1. Using MARL to control swarms microrobots. This video summarizes
the background, research motivation, main methods, and experimental results of
the collective functions of microrobots powered by MARL.
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RESULTS

Experimental realization

In this study, we realized a microrobotic swarm system composed of
laser-activated microswimmers (microrobots) that move in a 2D
plane on the bottom of a glass cell. The microswimmers were made
from silica microspheres that were 6 pm in diameter and were coated
with a light-absorbing 80-nm carbon cap on one hemisphere (fig. S1
shows an image of such a robot). When such particles are immersed
in a binary fluid mixture (e.g., water and lutidine) close to its critical
point, illumination with a focused laser beam leads to selective heat-
ing of the carbon cap and thus to local demixing of the fluid. The
asymmetric demixing of the fluid around a particle creates a force on
its surface that makes it move (34). Depending on the intensity and
position of the laser focus relative to the carbon cap, the robot can be
steered to move forward and even turn. Using a feedback loop and
live tracking together with an acousto-optical deflector, we scanned a
laser over several hundred particles with a high frequency and thus
controlled the motion of each particle simultaneously (34, 35). We
scanned at 100 kHz, which is much faster than the relaxation time of
the propulsion mechanism and can access an area of 600 pm by
700 pm (for more details, see Materials and Methods and fig. S2) (36).
The average laser power applied to one microrobot in our experiment
ranged from 0.3 to 2.7 pW. We let these microrobots interact with a
rigid 6 pm-by-6 pm-by-100 pm ellipsoidal rod particle, which was
fabricated via two-photon polymerization 3D printing (37).

To enable the swarm to perform a specific task, e.g., collectively
moving an object, each microrobot must constantly adjust its mo-
tion according to the configuration of its surroundings. We achieved
this by treating each microrobot as an MARL agent that can sense its
environment and then decide about its next action. As actions, we
allowed the robots to move forward, turn left, turn right, or remain
stationary. The decision for each microrobot was computed via a
neural network fed with the partial information this robot had ac-
cess to: In our experiments, each agent could measure the presence
of other microrobots only by detecting the crowdedness in five equal
detection cones with an angle of 36° to its front (yielding a 180° vi-
sion field; see Fig. 2A). For each cone, the robot received a state in-
put given by the number of robots in this cone inversely weighted
with the distance to these robots (see the “State input definition”
section in Materials and Methods). The rods were represented as a
linear chain of circular particles in a second set of state inputs (Fig.
2B). In this way, each microrobot received a total of 10 state inputs,
5 for other robots and 5 for the rod, as a representation of the cur-
rent state of the system. Because we did not include any communi-
cation between the microrobots, the available information was very
limited, and no agent had global information about the system.
Thus, our approach can be immediately applied to other systems in
which no global information is available, although our experiments
were operated by a central computer. For many envisioned applica-
tions (e.g., parallel on-chip testing and manipulation and search and
rescue scenarios in hazardous locations), centralized control with
global information cannot be implemented, but robotic swarms are
still required to coordinate with each other, and we believe that
MARL holds great promise in solving these challenges.

The experimental state inputs were directly fed into the policy in
the form of a neural network from which each microrobot received
its next action. Using an MARL framework, we optimized this policy
toward different tasks, which are explained in detail below (see the
Supplementary Materials for a detailed description of our learning
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Fig. 2. lllustration of the system. (A) Multiple 6-pm microrobots and the 100-pm rod with which they interact. The dashed lines indicate the detection cones of one robot.
The robots and the rod contribute to the state input of the cone in which they are located, which is inversely weighted by their distance. (B) State inputs of the focal robot
in (A) as a bar diagram used as the input to an ANN that decides on an action for this robot. The four possible actions are forward, turn left, turn right, and stay stationary.
We used an MARL algorithm to optimize the control ANN so that the microrobot swarm could collectively complete a task. (C) For training, we used a CR scheme. In the
example of the task of rotating the rod, this kind of reward for one robot i is calculated from the difference in the real angular velocity of the rod and the angular velocity
of the rod in a virtual environment without robot i (for more details, refer to the “Reward definition” section in Materials and Methods). A6, refers to the change in the

angle of the rod, and the subscript \ i means “without robot i

algorithm). This optimization relies on a reward function that quan-
tifies the performance of each microrobot. In contrast with simple
tasks, which do not require cooperative behavior, the individual as-
signment of rewards in the context of a collective task is not straight-
forward: Given that the group’s performance is defined only on a
global scale, it is not immediately obvious how to acknowledge the
contribution of a single agent to the overall task. A typical approach
is to simply give every agent the same reward on the basis of the
performance of the whole group, the so-called team reward. This,
however, can lead to situations in which only some agents actively
pursue the task and others are “lazy” but still receive rewards for the
performance of the active agents (38). In addition, in a MARL task
such as ours, where the agents have only partial information about
the system, an agent might be unable to differentiate between situa-
tions where it is rewarded because of its own actions and those
where it is rewarded because of the other agents actions, which are
outside its perception region. This makes it difficult for the agent to
learn how to contribute to the performance of the group (33). To
circumvent this general problem of credit assignment, we used CRs
that credit each agent for its own contribution to the collective per-
formance (39). Briefly, our implementation of CR compares the
group performance with and without a specific agent and estimates
the agent’s contributions from the corresponding performance dif-
ference. For the implementation of CR in our robotic swarm, we
compared the experimentally measured performance with the simu-
lated performance under the exclusion of one microrobot. Because
the performance difference was only calculated over the time interval

Heuthe et al., Sci. Robot. 9, eado5888 (2024) 18 December 2024

of a single action, a simple extrapolation of the robot's trajectories
using an overdamped Langevin simulation provides a good estimate
of the CR (see the Supplementary Materials). For these resimulation
steps, we did not add any noise to the virtual environment because if
both the experiment and the virtual environment are subject to
noise, the difference in the outcome between the two is greater than
when the noisy results of the experiment are compared with the
noiseless result of the resimulations. This individual reward scheme
for microrobots within a swarm can be applied to a large range of
collective tasks by simply defining different global measures of per-
formance. We note that, like in any other reward scheme in rein-
forcement learning (RL), CRs are required only during training of
the agents until the policy has been optimized but not for deploying
the trained system. The Supplementary Materials contain a detailed
comparison of CRs with team rewards and one realization of manually
designed individual rewards (the “Comparison of reward schemes”
section). In short, we find that models trained with CRs do exceed
team rewards in terms of training speed and final performance. The
models trained with manually designed rewards suffer from a biased
strategy that leads to lower performance as well.

Microrobot motion

As outlined above, the robots could choose to move forward, rotate
right, rotate left, or stay stationary. The selected action was then ap-
plied to the microrobot via the laser spot pattern for the next 10 s.
During this time, the laser spot positions were updated relative to
the tracked microrobot position with 3 fps. Figure 3 (A to E) shows
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Fig. 3. Characterization of the individual robots. (A) Trajectories of individual robots repeatedly performing one of the four possible actions: forward, stay stationary,
turn right, or turn left. The robot orientation is shown as the color of the trajectories and indicated by arrows at the beginning of each action. (B to E) Statistical evaluation
of the robots’ motions during single actions. [(B) and (C)] x and y displacement during one action as scatterplots. During a forward action, a robot moves about one diam-
eter (6 pm) in the direction of its orientation. During rotation actions, a robot moves on average less than half a diameter (3 pm) forward. However, the direction of dis-
placement is far more stochastic than during forward actions. [(D) and (E)] Histograms of the change in the robot’s orientation during one action. For the forward and
stationary actions, the robots on average maintain their orientation, but the distribution is broad, with a full width at half maximum (FWHM) of approximately 30° due to
rotational diffusion. During one rotation action, the robots rotate by 36° (the angle of one detection cone) to the right and left, with an FWHM of approximately 17° (see
fig. S3 for more information). (F) Time evolution of the distance between two colliding robots in (G) (orange) and their relative angle. The microswimmers adhere for a
short time, during which the fluctuations in orientation are largely enhanced, before the robots detach again. This type of complex interaction makes it difficult to model
microrobotic systems and needs to be considered by any controlling scheme. (H and 1) A robot colliding with a rod shows similar behavior. This phenomenon complicates
the control of robots that are pushing against the rod.

the resulting robot motion for the four different actions. For the sta-
tionary actions, a weak laser spot was applied to the back side of the
carbon cap. This procedure has been shown to reduce the orienta-
tional diffusion of the robots. During forward actions, a laser beam
was also positioned at the back of the carbon cap of the microrobot
but with higher intensity. This makes the robot propel in the direc-
tion of its orientation. When the robot has traveled 6 pm (one diam-
eter), the stationary action is applied for the remaining time of the
10 s of the current action. Continuously choosing the forward action

Heuthe et al., Sci. Robot. 9, eado5888 (2024) 18 December 2024

allows the microrobot to move on a more or less straight trajectory.
Brownian motion, however, leads to diffusion of the robot’s orienta-
tion and introduces random curvature (see movie S1). In extreme
cases, this noise can even turn the orientation of a robot by 180°, giv-
en that we only measure the orientation in the measurement plane,
but the robots can still rotate out of plane. When a robot chose a turn-
ing action, two laser spots with different intensities were applied to
either side of the carbon cap. As a simplified explanation, more in-
tense spots lead to stronger propulsion on one side, allowing the
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robot to swim on a curve. During rotation actions, the microrobots
can rotate by 36°. Like in forward actions, the action was switched to
stationary when the microrobot had reached the prescribed orienta-
tion. While rotating, the robots do not exactly retain their position
but are on average displaced by the radius of a microrobot (3 pm)
during one action. The direction of this translation is highly variable
but makes the robot move forward on average, resulting in a curved
trajectory given the combination of rotation and translation (as de-
picted in Fig. 3 and in movie S1). Although action selection occurs
in discrete time steps, a microrobot can move on very complex tra-
jectories because the distance traveled during each action is small.

Both the orientations and positions of the microrobots are strong-
ly influenced by thermal noise. The diffusion coefficient of the micro-
robots is 0.03 pm?/s, which translates to motion of approximately
1/10 of the robot diameter during one action. In addition to Brown-
ian noise, the interactions between the robots and the rod introduce
even more noise to the robots’ trajectories. As depicted in Fig. 3G,
the swimmers often stick together when they collide until their pro-
pulsion allows them to move apart again. We observed similar interac-
tions between the robots and the rods. In both cases, the maneuverability
of the robots in contact is highly restricted (see fig. S3 and movie S2).
This manifested in broader distributions of displacement and rota-
tion for all four actions. The sticky interaction is most likely caused
by the demixing bubbles that propel the robots: When the bubbles
of different robots overlap or touch the rod, phoretic interactions
result in an attraction between the robots or a robot and the rod.
Because of the high complexity of the underlying mechanism, the
exact effect of collisions on the motion of microrobots is very diffi-
cult to predict (40, 41). Because the robots must push against the rod
to move it, these imperfections are not occasional occurrences but
rather an important part of the problem the robot swarm faces. The
MARL algorithm therefore needs to be able to address these uncer-
tainties and enable the robots to develop behaviors that are robust
enough to still carry out collective functions.

Rotation of an ellipsoid rod

The first task we considered was the rotation of a rod (6 pm-by-6 pm-
by-100 pm ellipsoid). Because of the large size and high fluidic drag
of the rod, a single microrobot cannot effectively move it. Instead,
cooperation and collective motion of the microrobotic swarm are
required to push the rod. As a measure of swarm performance, we
considered the absolute value of the angular velocity o of the rod,
and individual rewards for each microrobot were allocated via CRs.
Training was performed in an episodic fashion with swarms of 30 to
35 robots, which were pushed onto a square grid around the rod at
the beginning of each episode (see fig. S4 and movie S3).

We found that during the first episodes, the microrobots moved
around randomly. This was expected given that the neural network
was initiated with random weights and thus produces random deci-
sions before training. However, some robots collided with the rod
and rotated it by chance, for which they were rewarded. After ap-
proximately 10 episodes, we observed that the microrobots had
learned that it was good to interact with the rod and try to navigate
toward it. This was reflected in the reduced average distance be-
tween the robots and the rod (Fig. 4C). However, the angular veloc-
ity of the rod remained close to zero until the 20th episode because
the robots still encountered the rod in an uncoordinated fashion.
Figure 4E shows the distribution of the robots along the rod length,
which is still symmetric during that time. From the 20th episode on,
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we found an increase in the angular velocity of the rod. The robots
achieved this by starting to systematically push against the ends in a
clockwise direction, in contrast with their previous uncoordinated
encounters. We evaluated the geometric torque

N
Tgeom = Z I Xu,

i

e

(with the robot position with respect to the rod r; and the robot
orientation u;) over time, which reflects the onset of coordinated
efforts of the microrobots (Fig. 4D). From episodes 20 to 40, the
angular velocity of the rod rapidly increased and eventually satu-
rated, whereas the average distance between the robots and the rod
continued to decrease, and the geometric torque continued to in-
crease (see Fig. 4D). The mean reward of the group (fig. S5) showed
the same evolution as the angular velocity. We conclude that CRs
provide an accurate measure of the individual performance of the
microrobots, despite the simplification of the system in the numeri-
cal representation. Figure S6 shows the learning curves for more
experimental training runs. Movie S3 shows experimental videos
during different stages of training. Because we rewarded the micro-
robots on the basis of the absolute value of the angular velocity of
the rod, the swarm adapted one sense of rotation at random, and we
found that different trainings resulted in different senses of rotation.
A trained model does, however, produce the same direction of rota-
tion in every episode.

The first task of rotating the rod demonstrates that our system
has several qualities that are necessary for a microscopic robot
swarm. We achieved this result in end-to-end training, where the
robots had to explore the real, physical environment to learn how to
gain rewards and solve the task. The partial information and limited
action space available to each robot were sufficient for them to navi-
gate their surroundings and to accumulate at the rod. There, the mi-
crorobots managed to coordinate their actions to collectively push
against the ends of the rod and rotate it. Despite the high level of
noise in the individual robots’ trajectories and the uncertainties in-
troduced by collisions between the microrobots and the rod, all of
these steps were possible, demonstrating the robustness of the
MARL algorithm.

The CR scheme demonstrated here does not require any a priori
assumptions regarding the specific microrobot strategy for rod rota-
tion. In simulations, we compared the CRs with one instance of a
manually designed reward function based on the torque each micro-
robot exerted on the rod (see the “Comparison of reward schemes”
section in the Supplementary Materials). Training with torque-
based rewards led to an impaired final performance and biased strat-
egies. Apart from performance deficits, manually designed reward
functions rely on a priori assumptions about the strategy for solving
a specific task, which are not obvious for most tasks. Using CRs, we
were able to simply exchange the measure of global performance in
the CR computation and thus train the microrobots to transport the
rod to a defined target position, as discussed in the next section.

Targeted transport

As a second example of a collective task, we considered the transport
of the rod (42) to a predefined arbitrary position and orientation
(target area). For this task, we added another state input for each de-
tection cone, which enables the robots to perceive the target area
(similar to the rod; see the “State input definition” section in Materials

6of 14

920z ‘Gz ARe|Nl uo (noyzbuens)) ABojouyde | pue 8duB 1S Jo A1sieaiun Buoy BuoH ay] e Hi0:eousios mmmy/sdiy woly papeojumoq



SCIENCE ROBOTICS | RESEARCH ARTICLE

A Learning progress to rotate a large rod training episodes z
early in training (z=8) intermediate stage (z=30) finished training (z=45)
£ . f' - 5 50 um
—
3 s '5
., N “ L
S o N
L \ .‘:}\?\:“'\\4,
- ~ o -;;7\\ g v’  =me . 4
-~ N {77 e ) {
N ¢ P T,
| N Vs .
.
SN 2]

working agents: 4/36 § : working agents: 8/36 Ay working agents: 29/36

B -3 Rotating speed c Distance to rod D Torque E Distributions
x10 180 200 0.2 n
@ . Uz, Q probability
— @ % w 160 /‘ r D p
@ == v; < —75
3 / T & . = esSemm -
El . o € - (S 150 7 r ~
g | / 5140 ur ’ 015} 75 0 15
2 b —_ torque=rxu o)
£ 3 ] : £
8 5120 3100 2 a
g 2 F 2 5
(_3 2 § 100 §_ g 0.1 E
3 £ 80 e %0 o
c 1 5
[} c
g § 0 0.05
2 0 = 40
20 -50 0
0 10 20 30 40 10 20 30 40 0 10 20 30 40 -50 0 50

Training episodes z Training episodes z

Training episodes z Distribution along rod [um]

Fig. 4. Training the microrobot swarm to rotate a large rod particle. (A) Snapshots of the robots’ behaviors during training, with the robots’trajectories in blue and the
trajectories of two points on the rod in orange. (B to E) Evolution of the mean angular velocity of the rod (B), average distance of the robots to the rod (C), average torque
applied to the rod (D), and robot distribution along the rod (E) together with definitions of the evaluated quantities. The shaded areas represent the SD. During the initial
phase of the training, the robots mainly learn to navigate toward the rod (indicated by a decreasing average distance to the rod). After approximately 20 episodes, the
robots learn how to apply a torque to the rod to rotate it. Their strategy involves the formation of two clusters at the rod ends that push against the rod from opposite
directions (reflected in an asymmetric distribution of the robots along the rod). a.u., arbitrary units.

and Methods for details). In addition, we expanded the total detec-
tion field to 360° by adding five more cones pointing to the back of
each robot. This allowed the microrobots to simultaneously detect
the rod and the target area independent of the robot orientation. To
quantify the group performance, we divided the rod and the target
into 60 identical segments each. Because we wanted to reward the
robots for reducing the rod-target distance, we used the negative
change in the mean pairwise distance between those segments as a
measure of performance (see Fig. 5B and the “Reward definition”
section in Materials and Methods). Individual rewards were again
obtained by assigning contributions to single robots via CRs. When
the robots succeeded in moving the rod into the target site within
one episode, an additional reward was assigned to all of the robots to
enhance the convergence of the optimization. Each episode started
with a random orientation a of the rod and a center-to-center dis-
tance to the target of D = 50 pm, which was placed in a random di-
rection. Owing to the random placement of the target, the initial
configuration was different for each episode. The targeted transport
task is more complex than the rotation task because, first, all three
modes of moving the rod (rotation and translation in both direc-
tions) are involved, and second, the exact rod motion necessary to
fulfill the task varies from episode to episode because of random ini-
tializations. This increase in complexity led to longer training times,
which were unfeasible for end-to-end training. As a consequence, we

Heuthe et al., Sci. Robot. 9, eado5888 (2024) 18 December 2024

trained the robot swarm in the virtual environment and subsequent-
ly applied the optimized policy to the experimental system. Although
not optimal because of the simplification of the training environ-
ment, this zero-shot approach led the microrobots to push the rod to
the target area with a success rate of more than 90% within episodes
of fewer than 3000 actions (as evaluated after training, see movie S4).
One major difference in the behavior of the microrobots compared
with the rotation task was that fewer robots simultaneously engaged
with the rod. We attribute this difference to the noisy and chaotic
behavior of the robots in the experiment (see Fig. 3 and fig. S3),
which is not fully captured in the simulation in which the robots
were trained (movie S5 shows rod transport in simulation). We at-
tempted to increase the performance of the microrobot swarm and
the engagement of the microrobots by continuing training in the ex-
periment. However, additional training did not increase the perfor-
mance (see fig. S10). The performance of the microrobot swarm
could be improved by implementing a more accurate model of indi-
vidual robot behavior in the virtual environment. Such detailed
models are, however, usually not available for microrobotic systems
or other robot swarms in a priori unknown environments. The suc-
cess of the zero-shot transfer of trained models from simulation to
experiment shows that the MARL framework with CRs yields func-
tioning policies in this typical case of a complex environment for
which no detailed model exists.
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Fig. 5. Targeted transport task. (A) The robots are tasked with placing the rod inside a predefined target region (marked in blue). (B) We used the negative change in the
pairwise distance d, between 60 rod segments and 60 corresponding target segments k as a measure of performance. On this basis, we computed CRs for each robot and
gave all of the robots a success bonus after the task was achieved. (C) The following strategies are used by the robot swarm to control the three modes of rod motion in
the trained swarms: pushing against its ends as in the rotation task for rotating the rod, pushing against the side of the rod to move it transversally, and sliding along the
rod to move it longitudinally. (D) Snapshots of the rod being transported toward the target after training together with a graph representing the trajectory of the rod
relative to the target in terms of center distance and angle difference (E). The robots first move the rod to the center of the target and only then rotate it to align with the
target area. Orange: A probability density map of 200 simulated episodes starting in the same initial configuration with a trained model shows that this behavior is a
consistent strategy. (F) Comparison of the experimentally discovered strategy (blue) with the contrary strategy (red), in which the robot swarm first rotates the rod
and then transports it. The experimentally found strategy involves transverse transport, whereas the contrary strategy involves the rather inefficient longitudinal
transport mode.

We can identify three distinct substrategies that the microrobot model was evaluated. Figure 5E shows the corresponding rod trajec-
swarm has adopted after training to solve the task. Each substrategy  tory in terms of its angle a and distance D to the target (black trajec-
moved the rod in one of its degrees of freedom, namely, rotation, tory). Initially, the rod was located at one of the ends of the target and
translational transport, or longitudinal transport (see Fig. 5C). To  was oriented orthogonally to it. The robots started by transporting it
rotate the rod around its center, the robots developed the same meth-  transversally toward the center of the target without altering the rod
od as in the rotation task and pushed against its ends from opposite  orientation. Only when the rod reached a distance of ~25 pm from
sides. Transporting the rod transversally was achieved by the robots  the center of the target did the robots start to rotate it to align it with
accumulating on one side of the rod and pushing against it. For lon-  the target. In different posttraining episodes with similar initial rod
gitudinal transport, the robots had very little area against which  placements, we found that the microrobots used the same sequence
forces could be applied to the rod because of its slender shape. How-  of substrategies. This was also confirmed by 200 episodes carried out
ever, the robots learned to slide along the surface of the rod and apply ~ with a trained model in the virtual environment. We rationalize this
forces in the direction of the long axis of the rod via friction. Al- sequence by considering that transporting the rod transversally is a
though inefficient, this substrategy enabled the microrobot swarmto  very effective way to move it over large distances because the robots
control the third motion mode of the rod and features an impressive  can apply forces on a large area. After placing the rod close to the
example of how the MARL algorithm can exploit environmental de-  target center, the robots only have to rotate it in the second half of the
tails to achieve its task. episode to match the target orientation. If we imagine a second se-

Figure 5D shows experimental snapshots of the robots, the rod, quence in which the robots first align the rod with the target and then
and the target area during one transport episode in which the trained  fully move it into the target area, this would involve transporting the
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rod longitudinally, which is much less efficient (see Fig. 5F). Even in
a scenario where the rod was initially placed in one line with the tar-
get, the microrobots reliably misaligned the rod from the target first,
which allowed for more efficient transport (see fig. S11). In summary,
the microrobot swarm is capable of solving the complex task of trans-
porting a rod to a specific target location and orientation. The solu-
tion consists of several substrategies that the robots combine in an
intricate way to avoid inefficient transport modes.

Scalability and robustness
The above examples demonstrate that different collective tasks can be
achieved with the same microrobotic swarm by simply changing the
global measure of performance. We used the collective rotation of the
rod as a test problem to probe the robustness and scalability of this sys-
tem. For both tests, we did not allow the system to adopt its strategy (i.e.,
no further training) for the altered condition. We chose this approach
because, in the particular case of a microrobotic system deployed under
different conditions, no adjustments to the strategy would be possible
because of the limited sensing and computing capabilities of the robots.
To test the robustness of the swarm against malfunctions in the steer-
ing or decision-making of the microrobots, we ran multiple rotation

episodes in the experiment after training, during which we inten-
tionally introduced randomized actions. In each time step, a frac-
tion of the actions chosen by the robots were set to one of the four
possible actions at random instead of executing the action chosen by
the policy of the robot. We randomized the actions of a different set
of robots in every time step (see Fig. 6, A and B). Randomizing the
actions of a fixed set of robots would make that set of robots diffuse
away and separate the functioning from the malfunctioning robots,
effectively changing only the size of the robot swarm. Figure 6C
shows the performance in the rotation task (given by the average
angular velocity of the rod) against the fraction of malfunctions in-
troduced to a robot swarm. For up to 20% malfunctions, the perfor-
mance effectively remained the same as that when no malfunctions
were added. For a higher fraction of randomized actions, the perfor-
mance decayed. However, even with half the actions randomized,
the robot swarm managed to maintain 30% of the initial perfor-
mance. With a level of 70% malfunctions or more, the robot swarm
could no longer execute the task. The reason is that at this high level
of randomized actions, the robots cannot navigate, but the noise
makes them diffuse away from the rod (see movie S6). The results of
the robustness test demonstrate that our microrobot swarm can not
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Fig. 6. Scalability and robustness in the rotation task. (A) Schematic illustration of the introduction of malfunctions to a trained model during the rotation task: A part
of the robot group is assigned a random action instead of the one its policy picked. The set of malfunctioning robots is rechosen at every step to prevent the separation
of malfunctioning robots from functioning robots. (B) The malfunctions introduce additional noise to the trajectories, marked in pink here. (C) Normalized rotation per-
formance o/wmax of a robot swarm with different numbers of introduced malfunctions without additional training (gray: individual experiments, green: mean value). For
up to 20% of randomized actions, the performance remains mostly unaltered. For very high fractions of malfunctions, the microrobots solely diffuse, and the performance
decreases. (D) Normalized rotation performance w/w,,, of a robot swarm whose size is changed after training (gray: individual experiments, green: mean value). The
performance is maximal around the swarm size, which was used for training. For very low and very high robot numbers, the performance is reduced, but for a range of
one order of magnitude, half of the original performance is retained. (E) Experimental snapshots of a robot swarm whose size is changed after training, corresponding to
the graph in (D).
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only handle the highly stochastic environment at the micron scale
but also remains functional in the presence of considerable robot-
ic errors.

To assess the scalability of the microrobot swarm, we altered the
number of robots in a trained group. Again, we used the rod rota-
tion performance as an indicator of the effects of different group
sizes on function (Fig. 6D). We found that the performance was
highest for robot numbers close to the size in which the swarm was
trained (~35). For a total of 20 robots, the performance remained
unaltered. The performance decreased for smaller groups because of
the limited torque that a low number of robots can apply to the rod.
However, even with as few as nine microrobots, the swarm retained
approximately half of the maximal performance (see movie S6).
When the number of robots was increased to more than twice the
number in which the group was trained, the performance decreased
as well. We can rationalize the reduced performance in larger groups
considering that only a certain number of robots can access the rod
and effectively help to rotate it. The decrease in performance is due to
the interactions between the robots, which can substantially change
their swimming behavior (see Fig. 3). When robots form a dense
cluster around the whole rod, this effectively hinders the robots that
are in contact in their efforts and blocks the rotation of the rod. In
simulations where we trained microrobot swarms with different
numbers of robots, the performance continued to increase as the
number of robots increased (see fig. S12). This shows that with fur-
ther training and adaptation of the strategy, the swarm can be scaled
up to even larger robot numbers.

In contrast with the rotation task, where the performance is giv-
en for each time step, the performance in the transport task is only
given as an average success rate over multiple episodes. For this rea-
son, we were not able to investigate scalability in the transport task
at the same level of detail as for rod rotation. We did, however, run
multiple transport episodes with different numbers of robots (25,
35, and 55) in the experiment and found that the average success
rate increased with the number of robots (see fig. S13). This trend is
most likely because more robots are able to push the rod to the tar-
get faster and therefore are more likely to succeed within the limited
time of one episode. Upon increasing the time available in one epi-
sode, the success rate of smaller microrobot swarms increased.

Multiobject manipulation

As outlined in the introduction, distributed control and the inde-
pendent motion of each microrobot enable swarms to show more
rich and complex motion patterns than when controlled by a global
field. To demonstrate the potential that this distributed control
scheme opens up, we let the microrobot swarm rotate two and three
rods simultaneously in demonstration experiments after training
(see Fig. 7 and movie S7). For these experiments, we divided the
swarm into teams that are each responsible for the manipulation of
one rod. We did not need to alter any part of the control framework
and could choose the rotation direction of each rod independently.
This demonstration shows the potential for independently moving
microrobots to open up with a distributed control framework.

DISCUSSION

In this work, we demonstrate the experimental realization of a mi-
crorobotic swarm system of up to 200 individually controlled, self-
propelled microrobots. We implemented a state-of-the-art MARL
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algorithm to achieve fully decentralized control. This enables indi-
vidual microrobots to act on the basis of very limited information
and navigate a highly stochastic environment. Using CRs, we can
promote the development of coordination strategies that allow the
group to perform collective tasks beyond the capability of the single
microrobots. Furthermore, we can adapt the MARL framework to
train for different tasks without redesigning the reward function of
individual robots but by simply redefining the global measure of per-
formance. We demonstrated that the microrobot swarm system can
learn to collectively rotate a large rod in end-to-end training in ex-
periments. In addition, we showed that these microrobots can per-
form targeted transport of the same rod to an arbitrary position and
orientation with an optimized control strategy. Selecting (and alter-
nating between) tasks at execution time is a matter of a simple switch
in the software and does not require any recalibration or modifica-
tion of the experimental apparatus. In demonstration experiments,
we let the microrobot swarm rotate two and three rods simultane-
ously in independent rotation directions, highlighting the benefits of
individually moving microrobots with decentralized control.

The MARL-trained microrobot swarm can handle very high lev-
els of noise, both at the individual level and as a collective ensemble.
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Fig. 7. Demonstration of multiobject manipulation with arbitrary rotating
directions. (A) Snapshot of three microrobot teams (colored) with three rods.
(B) Snapshot of the three teams after 250 s with microrobot trajectories. The
dashed lines indicate the initial orientation of the rods as in (A), and the arrows
indicate the rotation direction. The microrobot swarm can manipulate three rods
simultaneously with independent rotation directions. For a video of multiobject
manipulation, see movie S7.
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As shown in Fig. 3, the motion of individual microrobots is subject
to thermal noise, and the outcome of each action is stochastic. Inter-
actions with other robots and rods introduce even more chaotic mo-
tion. Despite the imperfect control over the motion of the robots,
the trained policy allows the robots to navigate well enough for
them to push against specific parts of the rod to achieve their task.
At the system level, the MARL-trained control policy has shown
robustness in terms of changing the number of agents and the
fraction of malfunctioning units randomly assigned to the microro-
botic swarm. This level of system robustness can ensure successful
implementation for many potentially useful application scenarios
where high levels of noise and uncertainty are common in compli-
cated environments.

Another aspect we would like to highlight is the collective per-
formance despite the limited information available to each microro-
bot. It may be obvious to guess the optimal control strategy with a
“bird’s eye view” and global information about all of the microro-
bots. From the point of view of one microrobot, however, even the
simple task of rotating a rod is much more complex. With locally
perceived information and only 10-pixel visual state inputs, how to
drive these micro—“bumper cars” to optimally push a large rod is not
obvious. In this respect, the tasks we have demonstrated with MARL
are much more complicated than tasks previously solved by micro-
robot systems (43, 44). We also want to emphasize the flexibility of
RL algorithms with respect to their state inputs. The input to the
policy, which is still a human-readable “image” (with 10 pixels) here,
could be replaced by any type of sensor reading that carries compa-
rable information about the global state but could be much more
abstract. In this case, a MARL algorithm with an appropriate reward
scheme can achieve what no manually designed control algorithm
or human operator can achieve.

Furthermore, we found that the learned policy in the case of tar-
geted transport naturally divides the task into smaller, more tracta-
ble stages. During each stage, the robots moved the rod in one of its
motion modes, and the chosen sequence was optimized for efficien-
cy. The automatic subdivision of tasks is a key feature for solving
complex problems involving multiple time and length scales. We
believe that our microrobotic swarm system experimentally demon-
strates the capability of MARL using CR in this context, which paves
the way for achieving collective intelligence in future microscop-
ic swarms.

Realistic environments are expected to be more complex than
the uniform environment considered in our experiments. To dem-
onstrate the adaptability of our framework to more realistic envi-
ronments, we performed demonstration simulations in which we
trained the microrobot swarm to rotate and transport a rod in the
presence of impenetrable, fixed obstacles (see fig. S14 and movie
S8). The sensing was achieved similarly to the sensing of other ro-
bots and the target by adding additional state inputs for the percep-
tion of obstacles. We found that the microrobots learned to navigate
around obstacles to reach the rod and moved the rod around the
obstacles. The microrobots even learned to exploit the structured
environment and used an obstacle as a hinge to transport the rod
more efficiently.

The experimental realization of our independently controlled
microrobotic swarm system relies on lasers and optics in a modern
laboratory setting. Because of the shallow penetration depth of lasers
and the propulsion mechanism, the proposed microrobotic systems
may not be suitable for many medical applications, such as targeted
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drug delivery inside the human body (45). Nonetheless, this kind of
setup can complete microscopic manipulation or assembly tasks in
on-chip settings. However, our work mainly aims to provide a con-
trol framework for robotic systems that are both highly resource
constrained and face noisy environments. Tiny robots are typically
constrained in their computational and sensorial resources because
of limitations in hardware required for high-resolution sensors or
communication with other robots or a central controlling unit.
Moreover, miniaturized actuators cannot achieve the same precision
that larger robots can, and the interactions with other robots and the
environment are more chaotic at small length scales. At the mi-
croscale, there are, to our knowledge, no fully autonomous robots
yet, but we envision control frameworks such as ours to be used for
microscopic robots that have very limited sensory information
paired with very small computational capabilities. A simple neural
network such as ours could be trained in, e.g., a virtual environment
and then hardwired on a microscopic chip to be implemented on
autonomous microscopic robots. The field of microrobots is rapidly
evolving, and microfabrication and integration of microactuators,
microsensors, and microcontrollers with existing complementary
metal-oxide semiconductor circuits are becoming possible (22). The
small size of the ANN (three hidden layers with 32, 16, and 16 nodes
in this work) and the amount of power required to run such a policy
are typically within reach for onboard implementation (46). We
envision that a microrobot swarm with an end-to-end MARL
control policy holds potential for many advanced lab-on-a-chip
applications. For these potential applications, the ability to manipu-
late multiple objects simultaneously is especially valuable. Such
systems could be used as microrobotic assembly lines that can col-
lectively transport valuable biological samples for single-cell analysis
(47), virus detection (48), and chemical and biological analysis
platforms (49). Other potential applications are custom microrobot
fabrication (29), the assembly of personalized drug-releasing
capsules (50), and tissue engineering (51). Using holographic methods
(52, 53), this type of microrobot swarm could even be adapted to
three dimensions.

MATERIALS AND METHODS

Laser-activated microswimmers

We fabricated light-responsive active particles from commercially
available 6-pm silica spheres by depositing an 80-nm carbon layer
on one hemisphere. These particles were then placed in a 1 cm-
by-3 cm-by-200 pm sample cell containing a critical binary mix-
ture of 26.8 wt % lutidine in water and kept at a temperature of
28.2°C, close to its lower demixing point at 34°C. When illuminated
with a focused laser beam, the carbon-coated hemisphere heats up
above the critical point. This causes localized heating, and the fluid
around the particle separates, leading to self-propulsion of the parti-
cle (34). To achieve precise control of individual particle motion, we
implemented a feedback loop. Images of the sample were acquired at
a rate of 3 to 4 Hz (depending on the number of particles), and live
image analysis and particle tracking were performed (see the “Posi-
tion and orientation detection” and “Particle tracking” sections in
the Supplementary Methods for details). We then used a 532-nm
laser together with an acousto-optical deflector to selectively illumi-
nate individual particles. By scanning over the particles at a rate of
100 kHz, we achieved quasicontinuous illumination of up to 200
robots simultaneously given that relaxation of the demixing bubbles
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occurs on a timescale of ~100 ms (36). The setup is described in
detail in the “Optical setup” section in the Supplementary Materials
and fig. S2. Given the low intensities, the laser does not exert any
optical forces. For active steering, we shift the laser position with
respect to the particle position and orientation. Shifting it to the
capped side of the particles with an average power of 2.7 pW ensures
stable forward motion. For stationary actions, we use the same posi-
tion but only 0.3 pW, which reduces the rotational diffusion of the
robots. During rotation actions, two laser spots of different intensi-
ties (1.1 and 1.7 pW) were applied to the sides of the carbon cap.
This created a heat gradient across the carbon cap, causing anisotro-
pic demixing and resulting in an active torque (34, 54). As a result,
each swimmer could execute the four different actions—forward,
stay stationary, right turn, and left turn. Each action takes 10's, and
the corresponding laser pattern is applied to each robot until it has
traveled 6 pm during the forward actions or has rotated /5 during
a rotation action. After that, the laser pattern is set to stationary for
the remaining time of the current action. During rotation actions,
robots not only rotate but also translate around half their diameter
(3 pm) on average. In addition to the driving forces applied via laser-
induced demixing, the position and orientation of all of the robots
are subject to thermal noise. The robots have a diffusion coefficient
of approximately 0.03 pm?/s. The velocity of their Brownian motion
is consequently on the same order of magnitude as the velocity
achieved by laser control. Considering the robot diameter as the im-
portant length scale, the Péclet number of the system is ~100; con-
sidering the rod length as the important length scale, it is 2000.
However, the Péclet number does not adequately represent the dy-
namics of our microrobots because the interaction between the ro-
bots and the rod introduces the largest part of the noise and is not
considered in the diffusion coefficient of velocity. See fig. S3 and
movie S1 for more information about the motion of the robots. For
training and evaluating our MARL algorithm, we used groups of 25
to 40 microrobots (with the exception of the scalability experi-
ments). To ensure that no robots were lost and that no new particles
diffused into the field of view, the particles entering the field of view
of the microscope were propelled outward, and the robots inside the
field of view that reached the boundary were rotated inward and
propelled inward. Note that these boundary actions overrode the RL
policy, so the trajectories of the particles reoriented because of the
boundary conditions were not included in the training of the policy.

Fabrication of ellipsoid rods

The ellipsoid rod particles that the microrobots moved in the differ-
ent tasks were fabricated via two-photon 3D printing using a
NanoScribe (37).

State input definition

We implemented the state inputs o, (s) as a crude approximation of
vision for each robot. In the rotation task, the vision field was lim-
ited to 180° to the front of each robot. This vision field was divided
into five cones of equal angles (36°). For targeted transport, we
wanted the robots to be able to always detect both the rod and the
target and therefore expanded the vision field to 360° by adding five
more cones to the back of each robot, which yielded 10 cones in to-
tal. For each cone, a scalar oi (s) was computed for each perceived

species (other robots, the rod, and the target in the case of trans-
9

port). In this calculation, the other robots j each contributed with o
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where o represents the robot diameter and It;l is the distance be-
tween i and j. The rod and target are both treated as lines of 60
particles of different species. This approach of inverse distance
weighting of neighbors is a well-established way to replicate realistic
vision (55) and approximates the coverage of the perceiving robot’s
horizon by the perceived species. To ensure stable results for short
distances, the contribution of each perceived robot jis bounded to 1.
The expression for the state input of one cone [ for one robot i

is therefore
2
|I’ z]l

where M, is the number of other robots (or rod or target particles) in
cone [. For each robot, the contributions of all two (or three) per-
ceived species are simply concatenated to one vector that is fed into
the actor network. For more complex environments, the state inputs
of the robots can be extended to any type of environmental factor,
similar to the perception of the rod and the target. It is not necessary
to change the MARL algorithm in any way because the additional
information is processed by the ANNs directly. Figure S14 shows
the results of training for rotation and transport in the virtual envi-
ronment in the presence of obstacles that the robots and the rod
cannot penetrate.

2)

M,
oi(s) = min( Z

#i

Reward definition

To define the individual reward functions, we first define a global
performance function p reflecting the task the robot swarm is sup-
posed to solve. With P,, we denote the performance value obtained
at time ¢. For the rotation of the ellipsoid, we simply choose the el-
lipsoid’s angular velocity p = o as the performance function. Given
that we reward the agents at discrete time steps, we measure the in-
stantaneous angular velocity o, at time ¢ as the absolute value of the
difference in the ellipsoid’s orientation 0 before and after the last
time step and therefore

P, = |9t_et—l| (3)

Note that we do not introduce a preferred direction of rotation in
this way. For targeted transport, we define the global performance
on the basis of a “potential” function v that is given by the mean
distance between 60 virtual segments k of the ellipsoid and the target

L &

V= Yd

k=1

(for an illustration, see Fig. 5B), because only potential-based rewards
do not distort tasks (56). Given that the orientation of the ellipsoid
is defined only between 0° and 180°, we always consider both direc-
tions of numbering the ellipsoid segments and choose the direction
that yields the lower value of v. The swarm’s performance P, at each

time step is then defined as the negative change in the potential v
during the last time step

)

P=V,_,-V, (5)

As mentioned in the Introduction, rewarding single agents in a
fully cooperative MARL setup (in a decentralized partially observable
Markov decision process; Dec-POMDP) is not trivial. Just giving each
agent a team reward that reflects the global performance of the group
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leads to high variance in the reward signal of a single agent. We use an
implementation of CRs to estimate the contribution of each agent to
the performance of the swarm. For rewarding agent i at time ¢, we
numerically estimate the group performance without i (P}, ;) during
the last time step by performing a simulation starting from the previ-
ous state s,_; from which we exclude i (see the “Numerical simula-
tions” section in the Supplementary Methods for more details). For
this resimulation step, we did not add noise to the virtual environ-
ment. Adding noise here would increase the variance in the difference
in the performance in the experiment, which is inherently noisy, and
the resimulations, which would in turn increase the variance in the
reward signal and therefore result in worse training. We attempted to
compensate for systematic deviations between the experimental and
numerically estimated performances by rescaling all numerical per-
formances P;’\i by the ratio between the real experimental perfor-
mance P, and the numerical estimate P} containing all of the agents
Pt

p Pl —

;/\i = ;’\in (6)
t

The reward of agent 7, r, ;, is then given by the difference between
the global performance in the experiment and the rescaled numeri-
cal performance without the robot i

Ty = B(Pt_P:\,)

where P is a constant factor chosen such that the absolute values of
the rewards mostly range from 0 to 1. The task of transporting the
ellipsoid to the target is a truly episodic task; therefore, we gave all of
the agents a final reward of 500 if the robot swarm accomplished the
task before the end of the episode. We set the success condition as
the mean ellipsoid and target segment distance V to be less than 8 pm.

™)
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Editor’'s summary

Swarms of agents working cooperatively can perform tasks more efficiently than individual agents working
independently. Microrobot swarms have been widely used for a range of applications. However, controlling individual
robots within the swarm is challenging. Heuthe et al. present a control strategy for individual microrobots in a swarm
that relies on multiagent reinforcement learning. The learning process rewards individual microrobots on the basis

of their contribution to the collective performance. The propulsion of the individual microrobots is controlled by laser
beams, and the authors demonstrate the potential of the swarm to collectively transport cargo, similarly to ants. —
Amos Matsiko

View the article online

https://www.science.org/doi/10.1126/scirobotics.ado5888
Permissions

https://lwww.science.org/help/reprints-and-permissions

Use of this article is subject to the Terms of service

Science Robotics (ISSN 2470-9476) is published by the American Association for the Advancement of Science. 1200 New York Avenue
NW, Washington, DC 20005. The title Science Robotics is a registered trademark of AAAS.

Copyright © 2024 The Authors, some rights reserved; exclusive licensee American Association for the Advancement of Science. No claim
to original U.S. Government Works

920z ‘Gz ARe|Nl uo (noyzbuens)) ABojouyde | pue 8duB 1S Jo A1sieaiun Buoy BuoH ay] e Hi0:eousios mmmy/sdiy woly papeojumoq


https://www.science.org/content/page/terms-service

	Counterfactual rewards promote collective transport using individually controlled swarm microrobots
	INTRODUCTION
	RESULTS
	Experimental realization
	Microrobot motion
	Rotation of an ellipsoid rod
	Targeted transport
	Scalability and robustness
	Multiobject manipulation

	DISCUSSION
	MATERIALS AND METHODS
	Laser-activated microswimmers
	Fabrication of ellipsoid rods
	State input definition
	Reward definition

	Supplementary Materials
	The PDF file includes:
	Other Supplementary Material for this manuscript includes the following:

	REFERENCES AND NOTES
	Acknowledgments
	AbstractOne-sentence summary: 
	Editor’s summary


