

View

Online


Export
Citation

LETTER |  JULY 01 2025

Optimal navigation of magnetic artificial microswimmers in
blood capillaries with deep reinforcement learning  
Lucas Amoudruz  ; Sergey Litvinov  ; Petros Koumoutsakos  

Physics of Fluids 37, 071703 (2025)
https://doi.org/10.1063/5.0274623

Articles You May Be Interested In

Stable upstream swimming of a swarm of puller microswimmers

Physics of Fluids (June 2025)

Can flocking aid the path planning of microswimmers in turbulent flows?

Physics of Fluids (April 2025)

Synthesis of magneto-responsive microswimmers for biomedical applications

AIP Advances (February 2021)  08 D
ecem

ber 2025 21:20:55

https://pubs.aip.org/aip/pof/article/37/7/071703/3351240/Optimal-navigation-of-magnetic-artificial
https://pubs.aip.org/aip/pof/article/37/7/071703/3351240/Optimal-navigation-of-magnetic-artificial?pdfCoverIconEvent=cite
javascript:;
https://orcid.org/0000-0002-2688-5949
javascript:;
https://orcid.org/0000-0001-9152-4835
javascript:;
https://orcid.org/0000-0001-8337-2122
https://crossmark.crossref.org/dialog/?doi=10.1063/5.0274623&domain=pdf&date_stamp=2025-07-01
https://doi.org/10.1063/5.0274623
https://pubs.aip.org/aip/pof/article/37/6/061704/3350862/Stable-upstream-swimming-of-a-swarm-of-puller
https://pubs.aip.org/aip/pof/article/37/4/045107/3341892/Can-flocking-aid-the-path-planning-of
https://pubs.aip.org/aip/adv/article/11/2/025312/968184/Synthesis-of-magneto-responsive-microswimmers-for
https://servedbyadbutler.com/redirect.spark?MID=188841&plid=3315100&setID=1044493&channelID=0&CID=1576023&banID=524054675&PID=0&textadID=0&tc=1&rnd=4081507264&scheduleID=3470723&adSize=1640x440&data_keys=%7B%22%22%3A%22%22%7D&metadata=%5B%5D&mt=1765228855739557&spr=1&referrer=http%3A%2F%2Fpubs.aip.org%2Faip%2Fpof%2Farticle-pdf%2Fdoi%2F10.1063%2F5.0274623%2F20574738%2F071703_1_5.0274623.pdf&request_uuid=b8ab007a-1b3b-46f9-9066-bc560afdd513&hc=971463eb52cc6e2a6ef4053c95887eb0658dd79c&location=


Optimal navigation of magnetic artificial
microswimmers in blood capillaries with deep
reinforcement learning

Cite as: Phys. Fluids 37, 071703 (2025); doi: 10.1063/5.0274623
Submitted: 7 April 2025 . Accepted: 13 May 2025 .
Published Online: 1 July 2025

Lucas Amoudruz, Sergey Litvinov, and Petros Koumoutsakosa)

AFFILIATIONS

School of Engineering and Applied Sciences, Harvard University, Cambridge, Massachusetts 02138, USA

a)Author to whom correspondence should be addressed: petros@seas.harvard.edu

ABSTRACT

Biomedical applications, such as targeted drug delivery, microsurgery, and sensing, rely on reaching precise areas within the body in a
minimally invasive way. Artificial bacterial flagella (ABFs) have emerged as potential tools for this task by navigating through the circulatory
system with the help of external magnetic fields. While their swimming characteristics are well understood in simple settings, their controlled
navigation through realistic capillary networks remains a significant challenge due to the complexity of blood flow and the high
computational cost of detailed simulations. We address this challenge by conducting numerical simulations of ABFs in retinal capillaries,
propelled by an external magnetic field. The simulations are based on a validated blood model that predicts the dynamics of individual red
blood cells and their hydrodynamic interactions with ABFs. The magnetic field follows a control policy that brings the ABF to a prescribed
target. The control policy is learned with an actor-critic, off-policy reinforcement learning algorithm coupled with a reduced-order model of
the system. We show that the same policy robustly guides the ABF to a prescribed target in both the reduced-order model and the fine-
grained blood simulations. This approach is suitable for designing robust control policies for personalized medicine at moderate computa-
tional cost.

Published under an exclusive license by AIP Publishing. https://doi.org/10.1063/5.0274623

Targeted drug delivery, microsurgery, and microsensing repre-
sent important areas of research aimed at revolutionizing precision
medicine.1,2 These challenging tasks require precise access to target
areas in the body, which are often difficult to reach in a noninvasive
way. During the past decade, artificial microswimmers have emerged
as potent candidates to navigate specific regions of the human body
through the circulatory system or tissues.3 A particular form of artifi-
cial microswimmers, known as artificial bacterial flagella (ABFs), fea-
tures a cork-screw-shaped body propelled by rotating magnetic fields.4

ABFs have been used in various applications, including navigation
through ex vivo bovine eye tissues,5 assisting spermatozoa in reaching
ovocytes,6 enhancing nanoparticle transport,7 and carrying drugs for
cancer therapy.8

The swimming properties of ABFs are well understood in the ide-
alized scenario of unbounded, viscous Newtonian fluids,9,10 near
walls,11 and near other swimmers.12 Venugopalan et al. demonstrated
that ABFs can propel in low-concentrated blood suspensions.13

Alapan et al. guided microrollers in physiologically relevant blood con-
centrations with a rotating magnetic field.14 Qi et al. conducted

numerical simulations of these rollers through blood in straight
pipes.15 However, the swimming characteristics of ABFs within the
bloodstream have not been thoroughly investigated. The control of
microswimmers for path planning has been the subject of recent
advances with the emergence of reinforcement learning (RL). Mui~nos-
Landin et al. used RL in an experimental setup to control a micro-
swimmer toward a target, without background flow.16 Similarly, sev-
eral studies applied RL to guide microswimmers17 through
background flows18–22 and perform independent control of multiple
ABFs23,24 to reach a target or follow a prescribed path.25 Yang et al.
achieved path-planning of point particles between obstacles repre-
sented by red blood cells (RBCs).26 However, the numerical models
used in these studies do not reflect the complex flow patterns present
in capillaries, the finite size of the swimmer, and the presence of
deformable blood cells, which are known to strongly affect blood
flow.27

In this work, we model and simulate an ABF that evolves in a ret-
inal capillary network. In particular, we learn a control policy that
guides the ABF to a prescribed target by imposing an external
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magnetic field. The geometric representation of the environment is
reconstructed from a fundus image of a retinal capillary network.28

The simulations include an accurate RBC model that was extensively
validated on experimental data,29 coupled with the dissipative particle
dynamics (DPD) method to resolve the hydrodynamics at the micro-
scale.30 The control policy is learned with the actor-critic, off policy RL
algorithm V-RACER.31 To substantially reduce the computational cost
associated with expensive simulations of the environment, the RL
agent is trained on a reduced order model of fine-grained blood simu-
lations. The approach of training the RL agent on a reduced order
model has been used in the context of robotics to reduce the number
of experiments or expensive simulations.32,33 We demonstrate that the
policy is robust to noise and transferable to the fine-grained and
expensive simulation environment. These results indicate that RL is a
promising approach to design control policies with the level of robust-
ness required in biomedical applications. Furthermore, this work dem-
onstrates that ABFs can evolve within the intricate geometry and flow
fields of the retinal capillaries to reach precise locations with minimal
invasiveness.

The simulations consist of an ABF evolving through a network of
capillaries filled with blood at a hematocrit Ht ¼ 25%. The ABF has a
radius of 2lm and a length of 18.37lm, within the range of the ABFs
presented in the literature.9,10 Blood is modeled as RBC membranes
suspended in plasma and enclosing the cytosol, a fluid five times more
viscous than plasma.34 Both plasma and cytosol are viscous Newtonian
fluids and are modeled with the DPD method.30 RBC membranes
evolve according to bending forces, and shear forces that are zero
when the membrane takes the shape of the stress-free state of the RBC
cytoskeleton.29,35,36 An example of simulation of an ABF swimming
through a straight tube filled with blood is shown in Fig. 1.

The bending energy of the membrane is given by

Ubending ¼ 2jb

þ
H2dA; (1)

where the integral is taken over the membrane surface, jb is the bend-
ing modulus, and H is the local mean curvature. The energy related to
the membrane deformation with respect to the stress-free shape (SFS)
is given by

Uin�plane ¼ Ka

2

þ
a2 þ a3a

3 þ a4a
4

� �
dA0

þ l
þ
bþ b1abþ b2b

2
� �

dA0; (2)

where the integral is taken over the surface of SFS, a and b are the local
dilation and shear strain invariants of the membrane, respectively, Ka

is the dilation elastic modulus, l is the shear elastic modulus, and the
coefficients a3, a4, b1, and b2 are parameters that control the non-
linearity of the membrane elasticity for large deformations.36

In addition, the area and volume of the RBC membranes are
restricted by penalization energies,37

Uarea ¼ kA
A� A0ð Þ2

A0
; Uvolume ¼ kV

V � V0ð Þ2
V0

; (3)

where A0 and V0 are the target area and volume of the cell and A and
V are the area and volume of the cell, respectively. Furthermore, kA
and kV are coefficients that were chosen empirically to enforce small
variations of the area and volume over time, within 1%.

Each membrane surface is discretized into a triangle mesh com-
posed of Nv vertices with positions ri, velocities vi, and mass m,
i ¼ 1; 2;…;Nv , evolving through time according to Newton’s law of
motion. The forces acting on each particle are computed by taking the
negative gradient of the discretized energies listed above with respect
to particle positions. Finally, the membrane viscosity is modeled
through pairwise forces between particles that share an edge,

fviscij ¼ � 4gmffiffiffi
3

p vij � eijð Þeij; (4)

where gm is the membrane viscosity, vij ¼ vi � vj, and eij is the unit
vector between ri and rj. The details about the fluid–structure interac-
tions and model parameters are described in Ref. 38 with extensive val-
idation against the experimental data.29

The ABF is represented as a set of frozen particles and a surface
moving as a rigid body. The surrounding solvent particles interact
with the ABF particles through DPD forces and are bounced-back
from the surface. The magnetic moment m of the ABF remains con-
stant in the reference frame of the swimmer, perpendicular to its prin-
cipal axis. The ABF is immersed in an external, uniform magnetic field
B, creating a magnetic torque T ¼ m� B. This torque, combined
with the cork-screw shape of the ABF’s tail, causes the ABF to propel
along its main axis.9 The external magnetic field varies over time and
will be the controlled quantity used to stir the ABF toward its target.

The boundaries of the capillaries were generated from a human
retinal vasculature fundus image in Ghassemi et al.28 (see the supple-
mentary material). The walls are formed by a layer of frozen DPD par-
ticles, of width larger than the interaction cutoff. Furthermore, the
DPD particles are bounced-back from the wall surface. The parameters
of the DPD forces and interactions between every objects of the simu-
lations are detailed in Amoudruz.38 To drive the flow, an external body
force is applied to the DPD particles, following the approach described
in Yazdani et al.39 The body force is derived from the pressure gradient

FIG. 1. Simulation snapshot of an ABF inside a periodic tube filled with blood. Tube boundaries not shown for visualization purpose.
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obtained by solving the Stokes equation in the same geometry. The
flow is solved with Aphros,40 assuming a Newtonian fluid, no-slip
boundary conditions at the geometry boundaries, and a constant
velocity at the inlet. In the fine-grained blood simulations, the body
forces were scaled to match the Reynolds number at the inlet of the
domain. Blood simulations are performed with Mirheo,41 a high-
performance package for microfluidic simulations on multi-graphics
processing unit (GPU) architectures.

Figure 2 shows the swimming speed of a single ABF in a vis-
cous fluid against the rotation frequency of the external magnetic
field. The ABF used for this validation case is a helix of diameter
5.294 lm and length 15.75 lm with three turns and an ellipsoidal
cross section with main diameters 1.192 and 2.231 lm. This shape
was reproduced to match that of the ABF in experiments from
Mhanna et al.42 The magnetic moment of the swimmer was set to
1� 10�14 NmT�1, tuned to match the experimental data, and the
magnetic field magnitude to 3mT. Simulations are in good agree-
ment with the experiments by Mahnna et al.,42 validating the DPD
method to simulate swimming ABFs in fluids at low Reynolds
numbers.

In this work, the ABF has a helical tail and a spherical head,
designed to prevent the ABF from getting stuck in RBCs. To increase
the swimming speed of the ABF, both the magnetic field frequency and
the magnetic moment of the ABF were increased to f ¼ 1 kHz and
1� 10�11NmT�1, respectively. These adjustments enable the ABF to
reach swimming speeds comparable to the inlet flow velocity
Uin ¼ 1mms�1. Such a high magnetic moment can be achieved by
using a magnetic head composed, for example, of nickel, which has a
magnetization of MNi ¼ 4:9� 105 Am�1. For a spherical head of
radius R¼ 2lm, this yields a magnetic moment of m ¼ MNi4pR3=3
� 1:6� 10�11NmT�1, demonstrating that the values used in simula-
tions are within experimentally achievable values. Importantly, even at
this increased rotation frequency f ¼ 1 kHz, the Reynolds number
remains low, Re ¼ R2f =� � 0:004, justifying the use of the Stokes
equation. Therefore, the validation shown in Fig. 2 indicates that the
DPD method remains appropriate to predict the evolution of ABFs
rotating with an angular frequency of f ¼ 1Hz.

In this section, we describe the procedure used to learn, with RL,
a control policy for guiding the ABF through the retinal capillary net-
work. The goal is to bring the ABF from the network entry point to a

specified target location. This is achieved by varying the external mag-
netic field over time. RL algorithms typically require tens of thousands
to millions of episodes to converge. However, each fine-grained simu-
lation of the ABF in the capillary network has a high computational
cost of 64 P100 GPUs over 24h. Therefore, it is intractable to train the
RL agent directly on the high-fidelity model. Instead, the RL agent is
coupled with a reduced-order model during training.

The reduced order model represents the ABF as a self-propelling
point particle advected by a background velocity field u. The back-
ground velocity field is obtained by solving the Stokes equation within
the geometry of the retinal network. The Stokes equation was com-
puted with the grid-based solver Aphros. In addition, collisions
between the ABF and surrounding RBCs are modeled by a stochastic
term, resulting in the stochastic differential equation (SDE),

_x ¼ uðxÞ þ Upþ
ffiffiffiffi
D

p
n; (5)

where p and U are the direction and magnitude of the ABF self-
propelling velocity, respectively. D is a diffusion coefficient, and n is a
Gaussian white noise vector. In addition, the particle bounces back
from the wall boundaries. The parameters D and U were calibrated
from high-fidelity blood flow simulations of a single ABF in a straight
pipe of radius typically found in capillaries (see the supplementary
material). We neglect the rotation dynamics of the ABF, as the reorien-
tation timescale 1=f ¼ 10�3 s is 20 times faster than the typical time-
scale associated with flow velocity gradients, 2Rin=Uin ¼ 2� 10�2 s.

The system is advanced in time with a piecewise constant action
p, updated every Dt units of time. The direction p is computed from
the ABF’s position x through the control policy, p ¼ p̂=jp̂j; p̂ ¼ pðxÞ.
Each episode ends if the simulation time exceeds a maximum time
Tmax or if the ABF reaches the target within a distance d. The initial
position of the ABF at the beginning of each episode is sampled from a
set of positions that are along the downstream vessels of the target (see
the supplementary material). The reward at step t is expressed as

rt ¼ �CDt þ jjxt�1 � xtargetjj � jjxt � xtargetjj; (6)

where C > 0 is a constant and xtarget is the target position. The first term
in Eq. (6) penalizes long trajectories, while the second term is a reward
shaping that is positive when the ABF progresses toward its target.45

We train the policy using V-RACER,31 an actor-critic off-policy
RL algorithm that was applied to falling objects,46 magnetic micro-
swimmers,23 and self-propelling fish.47,48 The algorithm is imple-
mented in Korali.49 Each episode consists of about 500 experiences,
and we train the agent over 10 000 episodes.

To test the policy, we generate 100 trajectories with Eq. (5), both
with the trained policy and for passive tracers (U¼ 0). These trajecto-
ries are shown in Fig. 3. Passive tracers are much more sensitive to
noise than controlled swimmers, and their trajectories end at various
locations in the geometry. Passive tracers do not reach the target, as
opposed to swimmers that follow the RL policy.

The robustness of the control policy is assessed by varying the
magnitude of noise D and measuring the success rate, defined as the
number of times the particle reaches the target out of 1000 trials
divided by the number of trials. Figure 4 demonstrates that the control
policy brings the swimmer to its target more than 98% of the time
when D < 10Dsim, and 100% of the time when the noise is comparable
to that measured from the fine-grained simulations, Dsim. Increasing
the noise level further results in lower success rates. However, the

FIG. 2. Swimming speed of the ABF against the rotation frequency of the external
magnetic field. Triangles are obtained with DPD simulations, crosses are from the
experiments of Mhanna et al.,42 and solid line is a fit to the experimental data with
an ODE model43,44 (see the supplementary material).
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success rate remains above 85% when D � 20Dsim. In comparison,
passive tracers never reached the target for any values D 2 ½0; 20Dsim�
in our experiments.

Figure 5 shows the policy at bifurcations. The streamlines of the
directions obtained from the policy, p ¼ p̂=jp̂j; p̂ ¼ pðxÞ, converge to
a line that connects the starting point to the target. This line seems to
favor regions where the background velocity is the largest and aligned
with the swimming direction, thus decreasing the overall travel time of
the swimmer. When the swimmer is away from this line, the agent choo-
ses a direction that brings the swimmer back to the line. This mechanism
explains the robustness of the control policy to external perturbations.

Figure 6 shows the streamlines of the policy, together with the
state-value function estimated during learning. The state-value func-
tion takes low values in regions where the swimmer cannot recover
due to strong flow fields. Hence, in these regions, the policy is not
meaningful. In regions away from the optimal path and with a higher
state-value function, the policy has a similar behavior to the policy
along the optimal path: the streamlines converge near the centerline of
the vessel, where the velocity is higher.

The control policy trained on the reduced-order model is now
tested in the fine-grained model. The policy maps the swimmer’s posi-
tion to the swimming direction p. However, in the fine-grained simula-
tions, the swimming direction is not set directly and we instead control
the magnetic field. Given that ABFs align perpendicularly to the plane
of the magnetic field’s rotation, we adjust the magnetic field as

BðtÞ ¼ BRxðpÞ
0

cosxt
sinxt

0
@

1
A; (7)

where B and x are the magnitude and frequency of rotation of the
magnetic field, respectively, and RxðpÞ is the rotation that transforms
the vector ex into the swimming direction p with axis of rotation
ex � p. The direction p is computed from the policy evaluated at the
ABF’s center of mass, and the magnetic field is adapted at every time
step of the simulation.

Figure 7 (multimedia view) shows that the ABF successfully
reaches the target using the policy that was previously learned from

FIG. 3. Trajectories of passive tracers (blue) and controlled swimmers
(red) obtained from 100 random seeds, with the reduced order model and
D ¼ Dsim. The circle represents the target. The inlet and outlet have a diameter
of 20 lm.

FIG. 4. Success rate of the control policy against the noise level D relative to that
measured from the fine-grained simulations Dsim.

FIG. 5. Streamlines of the policy at two bifurcations along the optimal path. The direction chosen by the agent is parallel to the streamlines. The background colors indicate the
background velocity magnitude.
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the reduced-order model. The ABF follows a trajectory similar to that
observed in the reduced-order model. Additionally, the ABF tends to
align with the flow direction and the centerline of the capillaries, sug-
gesting that the trajectory minimizes the travel time. Away from bifur-
cations, the policy seems to keep the ABF near the center of the
capillaries, where the flow is faster. We observe that the ABF remains
close to the wall boundaries in the vicinity of bifurcations. This strategy
offers two benefits: the ABF is closer to the correct downstream
branch, reducing the risk of taking the wrong bifurcation, and the ABF
has a larger swimming speed relative to the flow, allowing finer control
in these critical areas.

We emphasize that the policy was trained on an environment
that is different from the fine-grained simulations but has a similar
qualitative response. In the reduced-order model, we assume that the

swimmer immediately reorients to the control output, which is not the
case in the fine-grained blood model. Furthermore, the velocity field is
different from that obtained from the Stokes solver with Newtonian
assumption. Finally, the swimming speed of the ABF with respect to
the fluid depends on the local hematocrit, the configuration of the sur-
rounding RBCs, and the geometry of the capillaries, which we ignore
in the reduced order model. A comparison of the ABF’s coordinates
against time between the DPD simulations and the reduced order
model is shown in the supplementary material. In both cases, the ABF
follows the same trajectory and has a similar travel time. We observe
small differences in the swimming velocity that may be due to the sur-
rounding geometry, wall effects, and local hematocrit. Despite these
differences, the policy learned by the RL agent in the reduced-order
model is successful in the fine-grained simulations. This transfer indi-
cates that RL is an effective method to learn policies that are robust to
changes in the environment.

In this study, we assume that the position of the ABF can be esti-
mated in real time. However, in practice, the localization of
micrometer-sized objects in vivo remains a significant challenge.
Promising techniques, such as magnetic particle imaging (MPI),50

ultrasound imaging,51 and fluorescence imaging,52 have shown poten-
tial for tracking magnetic microswimmers in biological environments,
but further advances in spatial resolution are necessary to enable their
practical application.53

Furthermore, in this work, we have considered a single ABF,
while it would be beneficial to control multiple ABFs to achieve tar-
geted drug delivery or microsurgery. Controlling multiple ABFs of dif-
ferent shapes with a uniform magnetic field has been explored in the
absence of wall boundaries,23 but this approach is currently limited to
a few ABFs. Another potential approach to control a swarm of ABFs
consists in exploiting the collective behavior of micro-objects through
their magnetic interactions,54 although the current research considers

FIG. 6. Streamlines of the policy within the capillaries (solid lines) and state value
function (shades of grey). The direction chosen by the agent is parallel to the
streamlines. The target is represented with the red disk.

FIG. 7. Trajectory of the ABF in the blood simulations with feedback control via the RL policy. The ABF reaches the target (red circle) and follows a trajectory (red line) similar
to that obtained with the reduced order model. The zoomed-in views show the ABF swimming in the capillaries. Multimedia available online.
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ideal setups of microrollers close to flat surfaces and no background
flows.

We have performed simulations of the evolution of ABFs in the
bloodstream through complex capillaries. The simulations employ a
fine-grained blood model coupled with the DPDmethod to resolve the
flow mechanics. The ABF is propelled via an external magnetic field,
controlled by a RL agent with the aim of guiding the ABF toward a
prescribed target. The agent was trained on a reduced order model
that was calibrated from fine-grained blood simulations. This
approach is much less computationally demanding than the use of
blood simulations in the training phase. The control policy is robust to
external noise in the reduced-order environment and is successful
nearly 100% of the time for relatively large perturbations. Interestingly,
the same control policy is also successful in fine-grained blood
simulations.

These results demonstrate that control policies trained on
reduced-order models are potent candidates for control in fine-grained
simulations and possibly in real conditions, while requiring moderate
computational resources. Furthermore, this approach enables the
design of personalized control strategies based on patient-specific data,
as we have shown in this case by using the reconstruction of capillary
networks generated from fundus images. This method can be general-
ized to the navigation of microswimmers for targeted drug delivery
and microsurgery at precise locations, potentially becoming a critical
tool for personalized medicine.

SUPPLEMENTARY MATERIAL

See the supplementary material for details about the generation
of the geometry file, a description about the calibration of the reduced-
order model from DPD simulations, the parameters of the reinforce-
ment learning algorithm, a comparison between the models, and anal-
ysis of the motion of the ABF in the DPD simulations.
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