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ABSTRACT

Actively controllable microswarms have been a rapidly developing research field with appealing charac-
teristics. Autonomous collision-free navigation of microswarms in confined environments is suitable for
various applications, including targeted therapy and delivery. However, several challenges remain unad-
dressed. First, microswarms possess varying dimensions, and a path planning method suitable to swarms
with different dimensions is essential to avoid obstacles. Second, studies on the environment-adaptive
navigation of reconfigurable microswarms are limited. Therefore, the planning of the pattern distribution
of microswarms based on the local working environment should be examined. This study proposes a
deep learning (DL)-based environment-adaptive navigation scheme for swarms. The controller provides
reference moving directions for swarms of different sizes in static and dynamic scenarios. Moreover, a
pattern-distribution planner was designed to navigate transformable swarms in unstructured environ-
ments. To validate the proposed scheme, we applied Fe;04 nanoparticles swarms as a case study. The pro-
posed scheme enables motion and pattern planning for microrobots of multiple sizes and
reconfigurability in various working environments, which could foster a general navigation system for
reconfigurable microswarms of different sizes.
© 2024 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and
Higher Education Press Limited Company. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

chemical fuels [14], acoustic fields [15,16], electric fields [17,18],
light [19-21], and magnetic fields [22-24]. Targeted and

Micro/nanorobots can be remotely actuated using external
power sources and have attracted increasing research interest
because of their promising prospects in biomedicine [1-3]. Benefit-
ing from their miniature size, microrobots can move in narrow and
tortuous environments to perform tasks such as minimally inva-
sive surgery [4], targeted delivery [5,6], targeted therapy [7-9],
and biosensing [10,11]. Numerous studies have reported targeted
delivery using drug-loaded biohybrid microrobots [12] and surface
walkers with multiple motion modes in physiologic environments
[13]. Moreover, scholars have proposed driving microrobots using
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collision-free navigation of microrobots in confined environments
is essential for practical applications. The integration of a path-
planning strategy with a motion controller has led to significant
developments. The path planning methods adopted for microrobot
control can be categorized into offline and online approaches. Off-
line methods include searching-based (A* [25] and rapid-exploring
random tree (RRT) [26]) and iteration-based methods (particle
swarm optimization [27,28] and genetic algorithms [29]). Offline
methods necessitate long planning and are able to provide optimal
trajectories in complicated working environments. Online methods
are mostly based on potential fields [30,31]. The optimal moving
directions of the agent are generated according to the destination
and obstacle distribution. Hence, these methods are suitable for
dynamic situations since they enable real-time planning.
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Despite the impressive progress in steering microrobots in
obstacle environments, several challenges remain in swarm navi-
gation. For instance, an adaptive safe distance is essential to avoid
collisions when considering the swarms of varying sizes. However,
most studies have ignored the physical dimensions of the micro-
robots. Thus, a strategy suitable for tackling path-planning tasks
for agents of different sizes is required. However, most studies
treat agents as immutable rigid dots, ignoring gestures and mor-
phological changes. For deformable microrobots (soft robots [32],
microrobot swarms [33,34], and magnetic fluid droplets [35]),
exploiting reconfigurability according to the surrounding working
environment is essential to improving the robustness and adapt-
ability of navigation. However, shape planning introduces addi-
tional variables into the system, and analytical methods for
addressing this problem are limited.

Deep learning (DL) algorithms provide solutions to these chal-
lenges. Owing to the enhanced fitting ability of neural networks,
DL algorithms can summarize complicated control policies using
abundant training data or interactions [36]. Reinforcement learn-
ing (RL) algorithms have been adopted to navigate microrobots
in the presence of noise and disturbances [37,38]. DL methods have
also been employed for kinetic model fitting and gait optimization
of microrobots [39,40].

This study proposes a DL-based autonomous navigation scheme
for reconfigurable microswarms of different sizes (Fig. 1(a)). Com-
pared to our previous study [41], a deep reinforcement learning
(DRL) algorithm was designed in this study for the real-time navi-
gation of microrobots. The proposed model provides reference
directions within a shorter period (approximately 0.1 s) and is
more efficient for real-time applications when multiple dynamic
obstacles exist. The input image of the model represented the local
surroundings obtained from a microscope, and the planning
method was suitable for robots of various sizes. However, the pre-
vious RRT-based method addressed the safe-distance problem by
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refining the originally planned paths at a constant distance, which
could lack robustness. In addition to motion planning, our scheme
includes an environment-adaptive pattern-planning module. In
this study, we designed a two-hierarchy deep convolutional neural
network (DCNN) based on the boundary distribution of the obsta-
cles and swarm positions to provide an optimal pattern reference
for each control period.

2. Microswarms

In this study, we applied two types of Fe;04 swarms as case
studies to realize navigation and validate our scheme since the
swarm size and pattern distribution are controllable. A micro-
swarm is a dynamic equilibrium of multiple agents under a balance
between inter-agent forces and external stimuli. The pattern con-
figuration of magnetic nanoparticle swarms can be tuned by chang-
ing the parameters of external magnetic fields [41,42]. Fig. S1 in
Appendix A shows the experimental setup used in this study.

Under the actuation of different magnetic fields, the Fe;0,4 par-
ticles exhibited corresponding swarm behaviors. A rotating mag-
netic field produces a vortex-like swarm, as shown in Fig. 1(b).
The magnetized particles formed chain-like structures because of
the magnetic force. The chains rotated along each center point,
and the induced flow attracted the chains to perform coaxial rota-
tion. Finally, the swarm reaches a balance. Fig. 1(c) shows a ribbon-
like swarm triggered by an oscillating magnetic field. The mathe-

matical expression of the field (ﬁ) is:

B = B/ + B, =Bicos2nft)T +B.J (1)

The field is the superposition of the static field E and the alter-

nating field Ff).f is the frequency of the field, t is the time. 7 and T
are orthogonal unit vectors. By and B. are the amplitudes of the
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Fig. 1. Demonstration of the swarm navigation. (a) The initial state of the microswarm that involves spreading nanoparticles. The DL-based motion planner and pattern
planner govern the obstacle avoidance and environment-adaptive navigation of swarms with different sizes and patterns. (b, c) Two swarm patterns and corresponding

actuation fields. Scale bar: 500 pm.
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alternating field and the static field, respectively. The chains oscil-
late along the field, and a swarm is subsequently formed under the
chain-chain magnetic force and fluidic interaction.

3. DL-based navigation scheme
3.1. RL-based planning method and control strategy

This study proposes the application of a deep Q-network (DQN)
scheme for path planning of microrobots. The network provides
the optimal moving direction for the robot, given its local sur-
roundings and target position. Compared with conventional plan-
ning schemes, RL-assisted methods can conduct online planning
tasks and are suitable in channel-like environments and dynamic
obstacle scenarios. This method can address planning problems
for robots with various dimensions. Note S1 and Fig. S2 in Appen-
dix A present the detailed model and planning method.

To demonstrate that the proposed DQN-based online planning
scheme is suitable for microrobots of different sizes, we adopted
two agents as case studies: magnetic SiO, microbeads and vortex-
like microswarms. The diameter of the microbead is 4-5 pum, and
that of the swarm is within 300-400 pm. Fig. 2 shows the motion
characteristics of the two agents. The SiO, microbeads moved in
the tumbling mode. The microbead is actuated by a vertical rotating
field, the rotation axis is parallel to the X-Y plane. The vortex-like
swarm is triggered by a horizontal rotating field, and the swarm
motion is achieved by introducing a pitch angle v to the field plane,
as shown in Fig. 2(b). The velocity and direction of the swarm motion
could be modulated by tuning the values of pitch angle y and yaw
angle «. The magnification used for the microbead was 20x and
the objective used to monitor the swarm was 2x.

Theoretically, a three-dimensional (3D) Helmholtz coil system
can generate precise spatially uniform magnetic fields at the center
of the workspace to actuate microrobots. However, the actual field
could deviate from the desired value owing to the uncertainty of
the coils. Moreover, the installation error of the imaging tools,
mechanical vibration, and flow disturbances could yield errors in
the direction of the microrobot movement. Thus, we proposed a
compensation algorithm to correct the direction of the microrobot
movement. Note S2 in Appendix A shows the dynamic model of the
microrobots and compensation algorithms. Experiments were con-
ducted to validate the compensation controller, as shown in Fig. S3
in Appendix A.

Table 1 illustrates the model parameters and training condi-
tions. Note S3 in Appendix A presents the training process for the
DQN model and Note S4 in Appendix A provides the pseudocode.
The model is trained on microrobots of different sizes. Fig. 3 illus-
trates the resulting success rates. All the training processes were
performed separately for our model, and the corresponding net-
work parameters were recorded. During navigation, image-
processing methods were adopted, and the areas of the agents

500 pm

(a) (b)

Fig. 2. Motion characteristics of the (a) microbead and (b) microswarm. The
microbead locomotes in tumbling mode, and the swarm motion is enabled by the
asymmetric friction induced by a pitch angle. m: normal vector of the magnetic
field plane.
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were extracted. The adaptivity of the DQN model to agent sizes
relies on the loaded parameters. We trained microrobots with four
different sizes (1 x 1, 2 x 2, 3 x 3, and 5 x 5 pixels). The training
continues over 30000 episodes, the search success rate for all
microrobots exceeded 92%.

A well-trained DQN was utilized for the path planning of
microbeads and microswarms. The two agents possessed different
dimensions in the field of vision (FOV), indicating that the pro-
posed method can provide an adaptive safe distance for various
microrobots and guarantee robust navigation. Python on Spyder
IDE was used to program the DQN module. LabVIEW software
(National Instruments, USA) was used to develop the main control
program. Considering the computational burden of image process-
ing, the control frequency was set to 10 Hz. The real-time require-
ment could be satisfied because our DQN model requires
approximately 0.1 s to complete the planning. For comparison,
we present the planning of a conventional rapid random exploring
tree method, as shown in Fig. S4 in Appendix A. The computation
requires approximately 1.1 s without considering the safe distance,
which was unsuitable for the dynamic navigation scenario.

Dynamic obstacle avoidance of microbead: A microbead is
placed in the FOV, and the target position is manually given, as
shown in Figs. 4(a) and (b). Four virtual obstacles are assigned in
the working space, of which two elliptical obstacles and one rect-
angular obstacle distributed around are static. Two scenarios were
considered. In Fig. 4(a), an elliptical obstacle is presented that is
designed to move downwards, and in Fig. 4(b), the dynamic part
is the irregular cone-shaped region. The trajectories of the
microbeads are indicated by red lines. Our proposed planning
scheme generated the optimal moving direction online, and the
microbeads could effectively avoid obstacles with varying morpho-
logical distributions. The microbeads navigated to the target posi-
tions. The details can be shown in Video S1 in Appendix A.

Dynamic obstacle avoidance of a microswarm: In this section, a
microswarm is utilized as a microrobot agent for a navigation
demonstration. Compared to the microbead, the swarm occupies
approximately 90 x 90 pixels in the FOV, indicating that a signifi-
cant safe distance is crucial to avoid collisions between the swarm
boundary and obstacles. Two elliptical obstacles are designed to
move toward each other, as depicted in Fig. 4(c). The initial posi-
tion of the swarm is allocated to the upper right corner of the
working space, and the target position is set to the opposite posi-
tion. The red line indicates the trajectory of the swarm. According
to final path, the DQN model tends to navigate the swarm directly
to the destination, passing through two obstacles since the interval
is relatively large at the beginning. However, as the obstacles move
during the navigation, the narrower interval blocks the path, and
the algorithm dynamically rearranges the path for the swarm to
move rightward and around the obstacle. Finally, the swarm
reaches the target region. Fig. S5 in Appendix A illustrates the nav-
igation of a larger swarm. When thrice the number of particles was

Table 1

Parameters of the model and training procedure.
Parameter Value
Training episodes (N) 30 000
Batch size (B) 128
Memory pool size (Ny,) 500 000
Target network parameter update frequency (f,) 500
Discount factor (y,) 0.9
Learning rate (o) 1x10™*
Maximum step for one episode 100
Greedy start possibility (e-greedy algorithm) 0.1
Greedy end possibility (e-greedy algorithm) 0.9
Greedy decay factor (e-greedy algorithm) 200
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Fig. 3. Searching successful rate of microrobots with four different sizes. The
training continues over 30 000 episodes and the final success rates exceed 92%.
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used, the diameter of the swarm doubled. The swarm avoids obsta-
cles while approaching the target position. Conventional planning
algorithms take the agents as dimensionless dots to provide the
trajectories for their central points. In our experiments, the
microbeads and swarms were of different sizes and distinct safe
distances between the agent’s central points and obstacles were
required. The results indicated that the proposed DQN model
addressed this issue.

Navigate the microswarm in a channel: Experiments were con-
ducted to demonstrate the feasibility of the proposed planning
scheme in channel-like environments. A maze-like channel was
obtained by laser cutting with a black 3 mm-thick acrylic board.
The channel was 18 mm wide and 40 mm long and glued onto a
40 mm x 70 mm silicon wafer. Fig. 4(d) shows the entire structure
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Fig. 4. DQN-based navigation of microrobots. (a, b) The dynamic navigation of a microbead avoiding virtual obstacles with different shapes. (c) The avoidance of two virtual

obstacles for a microswarm. (d) Navigate the microswarm in a channel.
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of the channel environment. Two round areas were designed as the
start and end areas, as illustrated in the figure; the overall trajec-
tory is indicated by a blue line. The FOV of the microscope with a
minimum magnification objective lens was 5 mm x 5 mm, which
could not effectively cover the entire navigation process. However,
a swarm pattern may not exist with an insignificant particle dose.
Therefore, the FOV was manually controlled using an X-Y planar
mobile platform, as shown in Fig. S1. The corresponding target
position in each local environment is chosen by the operator.
Fig. 4(d) illustrates the entire process. According to the red lines
showing the trajectories of the swarm, the DQN-based planner
can achieve effective navigation with a sufficient safe distance to
prevent the swarm from bumping into obstacles.

3.2. DL-assisted swarm pattern planning scheme

In addition to physical dimensions, the environment-adaptive
morphology control of transformable microrobot agents was a
critical challenge for autonomous navigation. The collision
between such non-gradient field-based swarms and obstacles
may lead to navigation failure or even the breakdown of the
swarms, as depicted in Fig. S6 in Appendix A. Since a microswarm
is a dynamic equilibrium consisting of millions of nanoscale
agents, its configuration and pattern distribution can be modu-
lated by tuning the actuation field forms and parameters. Recon-
figurability grants the swarm enhanced adaptivity to various
external working environments. However, exploiting the transfor-
mation during navigation to extend the application potential of a
microswarm requires more effort. First, obstacle boundary distri-
bution in unstructured environments cannot be described using
precise mathematical models. Thus, no analytical solution exists
for this optimization problem. Second, quantitative indicators
for evaluating the optimality of a swarm pattern that considers
nearby obstacles are lacking. This study focused on real-time
swarm pattern planning and control by addressing two issues: a
cost function to find the optimal swarm distribution at a specific
position and a DL-assisted pattern planning scheme. As men-
tioned in the previous section, a swarm can take two forms.
Although the vortex-like swarm exhibits isotropic motion charac-
teristics, the ribbon-like swarm is more stable while changing its
morphology during locomotion and its pattern allows superior
controllability [43]. Thus, a ribbon-like swarm was adopted as a
case study in this section.

An optimal rectangle was utilized to bind the contour points of
the swarm boundary. To quantitatively describe the swarm distri-
bution, two variables are proposed: shape ratio 7, and orienta-
tion angle f,.m. The shape ratio is defined as the ratio of the
swarm length to width. The orientation angle . is the angle
between the swarm long axis and horizontal direction. The },..m
of the swarm can be modulated by changing the By to B. ratio.
The Byyarm coincides with the axis of By [44].

Fig. 5 illustrates the navigation of a ribbon-like swarm with pat-
tern planning, highlighting the swarm and next target positions. In
our demonstrations, the next target position was determined by
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fixing the distance (8 pixels in the FOV) along the moving direction
obtained from the motion planner. The initial swarm could not
pass through the right channel. Therefore, a transformation opera-
tion is crucial before the swarm reaches its next target. The main
task of the pattern-planning module is to generate an optimal
swarm distribution at each waypoint, considering the working
environment. We formulated a swarm pattern planning problem
as an optimization task. A cost function was presented to define
the optimal swarm pattern. A DCNN model was developed to fit
the optimal distribution results and generate reference pattern dis-
tributions at the given positions (Note S5 and Fig. S7 in Appendix
A). The planning scheme is based on the local surroundings of
the next given position and the reference ratio of the swarm will
taper suddenly when the position is close to obstacles, as illus-
trated in Fig. S8 in Appendix A. Our DCNN model was trained to
generalize across sizes by resizing the feedback images and
extracting the local environments, thereby ensuring that the
swarm area in the input images was 350 pixels. When the swarm
area changed, the range of the extracted local environment chan-
ged accordingly, ensuring the adaptability of our DCNN model to
various agent sizes. Fig. S9 in Appendix A shows the 100 samples
from the virtual environment used to train the DCNN. The method
can provide effective planning results in real-time. However, the
search method requires several seconds to complete. Fig. S10 in
Appendix A illustrates a comparison of consumed time between
the traversal searching method and the DCNN-based method.

Additionally, we proposed a DL-based swarm navigation
scheme by combining the DQN-based swarm navigation model
and the DCNN-assisted swarm pattern planning module. During
the motion-control process, the DCNN generated an optimal
swarm pattern distribution for each planned waypoint. Fig. 6(a)
illustrates an overview of the scheme. First, the working environ-
ment was registered to identify obstacles and accessible area infor-
mation. The DQN model drives the swarm toward the target point.
Because the ribbon-like swarm occupies a rectangular area, the
DQN model uses a square area with the same side length as the
rectangular short edge to represent the swarm position. Since the
swarm pattern planning requires a fixed next position and the
DQN model only provides the optimal moving direction, distance
o is applied along the planned direction to determine the next
waypoint for the swarm pattern planning. An adaptive controller
was employed to control the swarm pattern and track the refer-
ence distribution. This controller was introduced in a previous
study [45]. The experimental setup, planning procedures of the
DQN and DCNN models, and the fabrication method of the particles
are introduced in Note S6 in Appendix A.

Navigation of a ribbon-like swarm in a free environment: A
microswarm was navigated in a free working space, as shown in
Fig. 6(b). Two navigation processes were performed, and the corre-
sponding trajectories were marked with pink and purple lines. The
red rectangles represent the optimal fittings of the swarm bound-
ary, and the green rectangles represent the planned swarm distri-
butions provided by the DCNN module. As no obstacles existed in
the environment, the planned shape ratio remained minimal to

’mw —— Current distribution of the swarm
[ | —— Desired next position of the swarm

__ Planned optimal distribution at next
desired position

—— Obstacle area

Fig. 5. Navigation process of a ribbon-like swarm considering changing morphology. The position of the next waypoint is given, and the pattern planning module presents the

reference swarm distribution according to the local surrounding environments.
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yield better swarm stability and a more compact structure. In the
meanwhile, the DCNN instructs the swarm to move to the next
planned position to avoid unnecessary rotations. Fig. 6(c) shows
the real-time swarm-shape ratios of the two navigation processes.
The adaptive controller precisely controls the swarm-shape ratio to
track the reference value. The output magnetic field ratios are also
shown. The field parameters were adaptively tuned to generate
stable swarm shape ratio control performance.

Demonstration of the DL-based planning result: The swarm is
navigated to bypass the virtual obstacle, as shown in Fig. 7. The
blue spot represents the planned waypoint provided by the DQN
model. The agent size was fixed at 1 pixel x 1 pixel to ensure that
the planned position was close to the obstacle, thereby demon-

DCNN pattern

Adaptive pattern
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strating the robustness of our swarm pattern planning method.
To prevent the swarm from colliding with an obstacle, the DCNN
generates a swarm pattern with the highest shape ratio, as indi-
cated by the green rectangle. An elongated swarm can avoid over-
lapping and guarantee effective navigation.

Avoidance of dynamic obstacles: Three dynamic virtual obsta-
cles were assigned to the working space. The top two round obsta-
cles moved to the right and upper right, respectively, and the
elliptical obstacle below performed a round-trip sinusoidal motion.
The target position was provided manually, as illustrated in Fig.
8(a). The DL-based navigation scheme governs the motion control
and the optimal gesture and pattern at each waypoint. The DQN
model enables real-time motion control in dynamic scenarios,
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Fig. 6. DL-based navigation framework. (a) The overall diagram of the DL-based autonomous swarm navigation workflow. (b) The DL-based autonomous navigation results of
microswarms in a free environment. (¢) Under the control of the adaptive controller, the swarm-shape ratio can track the reference value the entire process. 0yo: the
reference moving direction; y.f: the reference shape ratio of the swarm; Bs: the reference orientation angle of the swarm.
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Fig. 7. DL-based swarm navigation results. The motion planning is accomplished by the DQN module, and the swarm pattern planning is achieved by the DCNN. The blue spot
represents the planned next position. The DCNN generates a swarm distribution with a shape ratio of 6 because the planned waypoint is close to the virtual obstacle.

Elongation allows the swarm to avoid the collision with the obstacle.
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and the DCNN plans the swarm pattern according to surrounding
obstacles to improve swarm adaptivity. As shown in the trajectory
in Fig. 8(a), initially, the distance between the obstacles is not suf-
ficient for the swarm to pass by. After the top two obstacles move
away, the swarm is navigated to pass the elliptical obstacle and
reach the target.

Navigating the swarm in a channel-like environment: The
swarm was controlled to pass through a channel-like environment.
The generated reference directions were discretized into eight val-
ues; thus, the default pointing angles of the swarm were normally
non-optimal or even illegal. Moreover, pattern correction was cru-
cial, particularly in channel scenarios. Fig. 8(b) illustrates the navi-
gation process, comparing the optimal swarm pattern obtained
from the DCNN with the original default pattern. The default pat-
terns contain boundary points too close to the channel wall, which

*
Target
position

Swarm ratio

()
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may lead to collisions. However, the DCNN modulates the pointing
angles of the patterns, guarantees safe distances, and minimizes
the rotations between the two swarm states.

Navigating the ribbon-like swarm to pass through a thin chan-
nel: The ribbon-like swarm was navigated to pass through a thin
channel to demonstrate the swarm shape ratio planning results
and the performance of the adaptive swarm pattern controller.
Fig. 8(c) illustrates the overall navigation process. The swarm
moves from the right side to the left side, and the middle region
is a narrow channel in which the swarm tends to elongate itself
to obtain a larger shape ratio, thereby allowing a safe distance
between the swarm border and channel walls. Fig. 8(d) shows
the real-time swarm shape ratios. In the middle region with a
green background, the shape ratio was within 3-4. In the open
areas on the left and right sides, the swarm shape ratio was

Corrected swarm
distribution

Base swarm
distribution

Corrected swarm
distribution

35F A [y |
v/ \ {

3.0F ‘/fr “"»/wm\ﬁf"w,x" ‘t

-/ \
2.5 \
20 ]

I ]
-3 ! 1 I L ! L

0 25 50 75 100 125 150
Time (s)
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Fig. 8. DL-based navigation. (a) The navigation of a ribbon-like swarm in a dynamic obstacle environment. (b) The autonomous navigation of a ribbon-like swarm in a
channel-like environment. (c) Navigation of a ribbon-like swarm passing through a thin channel environment. (d) The real-time swarm shape ratio during the navigation
process. The light green region indicates the swarm is at the channel region, and the swarm elongates accordingly.
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approximately 2. Therefore, the proposed scheme can provide opti-
mal swarm shape ratio control performance according to the sur-
rounding environment.

4. Conclusions

This study proposed a DL-based autonomous navigation
scheme for transformable microrobot agents of different sizes. A
RL-DQN model was employed to achieve motion control. Optimal
discrete moving directions were generated at each control period
by considering the surrounding distribution of the swarm as the
input. Additionally, our DQN model can realize effective online
motion planning in dynamic scenarios and channel environments,
which makes it superior to conventional planning methods. The
proposed method was robust against microrobot agents of various
sizes. A magnetic SiO, microbead and vortex-like microswarm
were utilized for case studies to validate the planning method.
We propose a swarm pattern planning scheme to further exploit
the reconfigurability of microrobots. Considering the transforma-
tion ability of the dynamic microrobot swarm, the optimal swarm
shape ratio and pointing angle were generated by the proposed
DCNN module. By combining these two models, we present a DL-
based microrobot navigation scheme. Instead of vortex-like
swarms, ribbon-like swarms were applied considering their pat-
terns and distributions. The study results revealed that the swarm
elongates to avoid collisions. Moreover, pointing angle correction
can guarantee an optimal pattern distribution with a significant
safe distance to improve navigation robustness. By combining
these two swarm forms, our scheme can navigate the swarm to
adapt to various scenarios (vortex-like form for isotropic explo-
ration and ribbon-like form to pass through narrow environments),
as illustrated in Fig. S11 in Appendix A. In the future, we will
explore the autonomy of microswarms in more practical working
environments, including physiologic environments, or in the pres-
ence of hydrodynamic disturbances caused by real dynamic obsta-
cles. The optimal moving direction may be attributable to the
change in the pattern of the deformable agents. Thus, we will focus
on a unified DL model to simultaneously process the locomotion
and deformation costs and generate both orders.
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