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By modulating the orientation of a uniform magnetic field it is possible to transport magnetic
microparticles above magnetic patterns. In periodic patterns, driving control loops that wind around
special orientations, which are dictated by the symmetry of the pattern, induce transport by one unit
cell. The transport is topologically protected with trajectories controlled by the winding numbers of
the control loop around the special orientations. In non-periodic patterns, the special orientations
are position dependent, precluding a global characterization of the transport using a small set of
winding numbers. We use here a reinforcement learning agent trained with Brownian dynamics
simulation data that uses the local environment of the magnetic pattern to decide an action over
the control loop. The agent autonomously discovers topological transport protocols directly from
the particle response without prior characterization of the magnetic potential landscape. An agent
trained solely on a complex non-periodic pattern directly generalizes to completely unseen periodic,
quasicrystalline, and disordered substrates. Moreover, the agent dynamically adjusts the control
loop to transport particles across lattice defects and to counterbalance external drift forces that
would cause static topological loops to fail. By adding a pathfinding algorithm to the model, we
additionally achieve simultaneous, independent transport of multiple identical colloids along different
on demand trajectories. We demonstrate that the control loops can be directly transferred to an
experimental setup to successfully drive magnetic microparticles across a non-uniform magnetic thin

film.

I. INTRODUCTION

Reinforcement learning (RL) [1] is a major branch of
machine learning in which an agent autonomously learns
the optimal behaviour (optimal policy) in a dynamical
system. The agent maps states of the system to actions
and receives either positive or negative rewards based on
its actions. Maximizing the cumulative reward, allows
the agent to learn an optimal policy. The agent learns
(maximizes the cumulative reward) through direct trial-
and-error interactions with the system, rather than from
a static training set as it is the case in other machine
learning techniques.

In physics, reinforcement learning has found
widespread applications across both classical and
quantum systems, see recent reviews in Refs. [2—4]. For
instance, RL has emerged as a powerful tool to efficiently
manipulating highly complex non-equilibrium systems.
RL agents can learn the optimal flocking strategy
(velocity alignment) by using the local environment
of the velocity field [5] illustrating the emergence of
collective behaviour. Smart microswimmers using a
RL algorithm discover highly non-trivial navigation
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strategies to escape flow traps and maximize their
altitude over time [6]. RL can discover spatiotemporal
activity patterns that induce directed net transport
in active systems and provide physically interpretable
strategies for manipulating non-equilibrium many-body
systems [7]. Applying RL to active particles that
communicate with each-other to maximize nutrient
consumption, Grauer et al. [8] identified three bio-
inspired strategies: clustering, spreading, and adaptive
behavioral switching. Other recent works that make use
of RL in physics include learning to train chemotactic
navigation of microrobots [9], to control the collective
behaviour of active systems subject to random noise [10],
for microswimmers to learn how to swim in nonuniform
flow fields [11], and for millimeter-sized magnetic robots
driven by a time-varying magnetic field to learn how to
navigate in complex environments [12].

A fundamentally different research direction in which
RL has proven to be a versatile approach is topologi-
cal protection, which refers to the robustness of physical
phenomena against internal and external perturbations
due to underlying topological invariants. For instance,
RL has enabled the optimization and control of topolog-
ically protected states such as magnetic skyrmions [13],
the discovery and characterization of topological states
in quantum many-body systems [14], and the design of
novel topological materials [15].
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Here we make use of RL to control the topologi-
cally protected transport of magnetic microparticles. In
the basic setup, a magnetic particle is located above a
thin magnetic pattern, Fig. la, and driven by a time-
dependent uniform external magnetic field, Hext(¢). The
particle motion takes place on a plane parallel to the pat-
tern that we refer to as action space A. The magnetic
pattern alternates between regions of positive and nega-
tive magnetization normal to the film, creating a static
but space-dependent magnetic field H,(r). The pattern
field is significantly weaker than the external field at the
elevation at which motion occurs.

The magnetic particle is therefore subject to a space-
and time-dependent magnetic potential, Vi, (r,t) o
Hey:(t) - Hp(r), that results from the superposition be-
tween the external magnetic field and that of the pattern.
This simplified form of V;, is due to the external field be-
ing much stronger than the pattern field at the elevation
of the particle above the pattern. For details on the calcu-
lation of V4, we refer the reader to e.g. Refs. [16, 17]. The
energy landscape in the plane parallel to the magnetic
film is complex and strongly dependent on the magneti-
zation pattern. In previous works [18-20], we have stud-
ied the particle transport above periodic patterns such
as checkerboard and hexagonal patterns. The motion is
driven by changes on the orientation of Hgy. We de-
fine our control space C as the surface of a sphere, see
Fig. 1b. Each point on C represents an orientation of
H.,;. Particles are transported via the minima of the
magnetic potential. Changing the orientation of Heyt in
C alters the position of the minima of V;, in A inducing
particle motion.

For periodic patterns, the transport can be described
with a topological invariant. There exist special orien-
tations of Hext corresponding to critical points (bifur-
cation points), of the magnetic potential. When a con-
trol loop in C winds around a bifurcation point, a par-
ticle is transported in action space (above the pattern)
from one unit cell to a neighboring unit cell of the peri-
odic pattern. While the detailed shape of the trajectories
depends on the precise shape of the loops, the starting
and ending unit cells are solely determined by the set
of winding numbers around the special orientations in
C. The transport is topologically protected, and hence
robust against internal and external perturbations, be-
cause it depends only on a topological invariant; the set
of winding numbers of the modulation loop around the
bifurcation points.

However, a limitation of periodic patterns is that two
particles located on different unit cells of the pattern per-
form parallel trajectories and hence their motion cannot
be controlled independently. Non-periodic patterns can
in principle be used to overcome such limitations and
also admit a topological description of the transport. So
far, we have been able to control simultaneously and in-
dependently a collection of identical particles in simple
non-uniform patterns [16]. We create a grid with several
periodic patterns (e.g. checkerboard patterns) in which

each pattern of the grid is rotated with respect to the
others. As a result, the control space of each pattern is
also rotated, allowing for independent transport on each
pattern of the grid. Independent particle transport is
still limited to particles that reside above two different
subpatterns of the grid.

Overcoming such limitation requires using more com-
plex non-uniform patterns, such as e.g. a quasicrystalline
pattern. However, understanding the transport and the
topological properties on such pattern is a challenge be-
cause control space becomes space-dependent in an in-
tricate way. Essentially, each local environment of the
magnetic pattern has its own set of bifurcation points
in control space. We demonstrate here that reinforce-
ment learning enables autonomous topological control in
generic non-periodic patterns. Using RL, we train an
agent to transport particles above one non-periodic pat-
tern. We use a local-learning strategy in which the agent
has access only to the local environment of the magnetic
pattern at each time. Due to this local-learning strategy,
after training, the agent can successfully transport par-
ticles in any magnetic pattern without retraining. Also,
without retraining, the agent can respond to real-time
changes, including the sudden appearance of defects in
the magnetic pattern and the application of other exter-
nal forces. Moreover, by adding a path-finding algorithm
and retraining, the agent is able to perform simultaneous
and independent multiparticle transport above generic
patterns. The modulation loops are directly transferable
to an experimental setup. The combination of reinforce-
ment learning with topological physics shown here can
find future applications on advanced lab-on-a-chip de-
vices, automated targeted drug delivery platforms, and
reconfigurable colloidal micro-machinery.

II. SYSTEM STATE AND MODEL
ARCHITECTURE

Training pattern. To train the model, we construct
a complex non-periodic pattern using a superposition of
plane waves with prescribed wavevectors and amplitudes.
A representative section of the training pattern, cover-
ing approximately ~ 22% of the total area is shown in
Fig. 1a. We consider an infinitely thin pattern at z = 0.
The magnetization at position r is given by

M(r) = M(rp)d(z)e-, (1)

with §(-) the Dirac distribution, r; = (z,y), and &, the
unit vector along the z-direction (normal to the pattern).
The sheet magnetization is

[n)
M(r, ) = mpsign Z an) cos(qg-n) vy ). (2

Jj=0

Here, m,, is the sheet saturation magnetization (dimen-
sions A), || indicates the floor operation, we select
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FIG. 1. System setup and reinforcement learning model. (a) A section of the training pattern illustrating a training
episode with its starting (blue square) and destination (purple triangle) points for the magnetic microparticle (green circle).
Dark (white) regions denote positive (negative) magnetization along the direction normal to the pattern. The violet square
denotes the local environment of the magnetization processed by the neural networks. The pink arrows show the directions
of the wavevectors used to generate the pattern. The length of the scale bar (black) is 5ag. (b) Control space. The particle
trajectory in action space (a) and that of the external field in control space (b) are colored using the same color code (color
bar). To improve visualization, the trajectory in control space gradually fades, leaving only the final part of the modulation
loop visible. (¢) Neural network architectures. The sizes of the layers are indicated between parentheses. The first number in
the convolutional layers indicates the number of channels. Each network, critic and actor, has their own convolutional network
to preprocess the local environment of the magnetization. We use rectified linear units (ReLu) as the activation function of all
nodes in all networks. (d) Workflow of the reinforcement learning training.

n = 2(1 +/5), and therefore |n| = 6. The wave am-  and the wavevectors are
plitudes are given by 5
(n) _ =T (M) g (™)
q; = . (cosqu ,sin @, ) , (4)
1, i< |n| -2 with
n—j
(n) _ , —In|-1 1
¢, = D) Jj=In] (3) (n) o ( _ ‘L) +do, j<|n)—1
n—j7+1 o (5)
’ J= Lnj’ ¢07 J= LTLJ,



and
qso:w(l_L”Jn“). (6)

Here, ag serves as our unit of length and establishes the
characteristic scale of the magnetic domains (the side-
length of the pattern region in Fig. la is ~ 23ag). The
phase, ¢p, simply aligns one wavevector with a Cartesian
axis. With the selected value of n, the pattern is gener-
ated with seven waves with non-equally spaced wavevec-
tors, see Fig. 1a. The result is therefore a highly complex
non-periodic magnetization pattern, especially since we
chose n to be a multiple of the golden ratio; the most
irrational number.

We use proximal policy optimization (PPO) [21], an

on-policy reinforcement learning algorithm. Figure lc
shows the neural network architecture of the model. The
algorithm uses the so-called actor-critic agents, where in
addition to the neural network that controls the actions
(in our case controlling the external magnetic field), there
is a second network that evaluates the state of the system.
Both networks are trained individually using their own
loss functions. At each time, the input of both the critic
and the actor networks is the instantaneous state of the
system.
State of the system. The instantaneous state of the
system, s;, contains at each time ¢ the physical variables
required to make an informed decision on the next value
of the orientation of the external field. These variables
are the local environment of the magnetization, informa-
tion about the relative position of the goal, and informa-
tion about the current state in C.

The local environment of the magnetization, see
Fig. 1lc, is a square path of side-length 3.2a¢ centered
around the position of the particle at time ¢. In our
implementation, the pattern is represented as a bitmap
image (1 pixel represents 0.05a0) from which the local en-
vironment is extracted as a patch of side-length 32 pixels.
To reduce the size of the input, each pixel contains the
average magnetization of the pattern in a square region
of side-length 2 pixels (0.1ag). After training, for han-
dling patterns with higher or lower resolutions than the
training pattern, either a pooling or a padding layer was
used such that the input resolution remains unchanged.
The size of the local environment is a trade-off. It must
be large enough (compare to ag) to include information
about adjacent stationary points of the potential, yet suf-
ficiently small to both maintain computational efficiency
and ensure that the policy generalizes to arbitrary pat-
terns.

The local environment of the magnetization is pro-
cessed by a convolutional network with two convolutional
layers and two average pooling layers. Each network in
our PPO implementation (critic and actor) processes the
local magnetization via its own convolutional network.
The output of the final average pooling layer is flattened
and combined with the following six variables to form s;,
the complete system state at time ¢: (1) the angle and (2)
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the (bounded) distance between the particle and the goal
in A, (3) the polar and (4) the azimuthal angles of the ex-
ternal field in C, and (5) the polar and (6) the azimuthal
angles of the unit vector, n, in C. This unit vector is
normal to the great circle that defines the navigation di-
rection of the trajectory in C, see Fig. 1b. The angle be-
tween the particle and the goal is measured with repect
to the z-axis. Rather than the Euclidean distance to the
goal, d4, we use a bounded distance d, = dy tanh(d,/dy)
that saturates once d; > dop. We set do/ap = 3 and
do/ap = 5 for single- and multi-particle transport, respec-
tively. The bounded distance improves training stability
because when the goal is far away, the exact distance is
not relevant (the direction to the target is the govern-
ing variable). Furthermore, the saturation enables direct
generalization to cases where the distance to the goal is
larger than those seen during training.

Model architecture. The actor network (fully con-
nected network with three hidden layers, Fig. 1c) pro-
cesses at each time the state of the system, s;, and out-
puts the discrete probability distribution, p,, of four pos-
sible actions aimed at finding the next orientation of Heyy
in C. We use great-circle navigation to define the trajec-
tory of the orientation of Hey in C. That is, the trajec-
tory in C follows a great circle, Fig. 1b, of varying orien-
tation at constant angular speed (0.05rad per step). The
possible actions, a, to update the trajectory are

keep the current orientation of the great-circle

turn around

rotate the great circle by + «

W oo

rotate the great circle by — a.

(7)

Larger values of « enable faster modulations adjust-
ments, but at the expense of loosing resolution. We select
here « = 7/6 as a compromise between fast adaptation
and precise trajectory control in C.

The critic network (fully connected network with two
layers, Fig. 1c) processes the state of the system and
outputs the state-value estimate, v;, which represents an
estimate of the expected cumulative reward from the cur-
rent state of the system. That is, as explained below, the
critic network estimates how good the current state of
the system is.

Training. The goal of the training is to adjust the ~ 10°
trainable parameters of the critic, the actor, and their
corresponding convolutional networks such that a good
set of actions (i.e. those that move the particle to the
desired destination) become more likely. The workflow
is illustrated in Fig. 1d. The algorithm is split into the
action and the optimization loop. In the action loop,
we start by creating a new episode by generating ran-
dom starting and destination points above the pattern.
Both, the starting and destination points, must be se-
lected within the so-called allowed regions of A [18, 19].
For any point inside an allowed region, there exists an
orientation of Hey that renders that point a minimum



of the magnetic potential.

It should be noted that we use only one pattern for
training (a section of which is shown in Fig. 1la). Al-
though we explain here the process for one episode, to
speed up the training, we use 50 agents (instances of the
actor network) that run episodes simultaneously.

The state of the system, s;, is then computed and pro-
cessed by the actor and the critic networks which output
p, and vy, respectively. An action is then decided by sam-
pling the discrete probability distribution p,. Therefore,
the taken decisions are not deterministic. We designate
a; and p; as the taken action and its corresponding prob-
ability, respectively. The orientation of Hey is updated
according to the taken action, and the new particle po-
sition in A is calculated using Brownian dynamics (BD)
simulations. In the experiments, the magnetic and vis-
cous forces dominate and neither inertia nor Brownian
motion play an important role. We, therefore, use the
overdamped BD equation of motion in the limit of negli-
gible thermal fluctuations to simulate the transport. For
further details regarding the concrete calculation of the
magnetic potential and BD implementation see Ref. [17].
Every time Hey is updated, we run 100 time steps, which
guarantees that the particle finds the new minimum of
the magnetic potential.

Then, the instantaneous reward obtained by the taken
action is calculated. We define a simple reward function,
r¢, to measure how good the taken action was:

ri = 50 (2 = ht) : (8)
Ttot

Here, A; is the difference between the distances to the
goal before the action was taken and after the action was
taken, 1.4 is the total distance between the starting and
the destination points, and h; equals one if the particle
reaches the goal (within a small tolerance) and zero oth-
erwise. Therefore, Eq. (8) rewards (r; > 0) actions that
move the particle towards the goal and penalizes (r; < 0)
actions that move particles away from the goal. Further-
more, it gives an extra reward if the goal is reached. The
cumulative score is the sum of all rewards taken along the
particle trajectory. It follows from Eq. (8) that the total
possible cumulative score is 150 which occurs if the parti-
cle reaches the goal. Note that r; does not directly reward
shorter trajectories in either action or control space. This
allows the agent to better explore the configuration space
and discover robust transport solutions.

Next, we store the complete experience,
(s¢, at, pt,ve,7¢) in the so-called rollout buffer. The
buffer accumulates 200 experiences for each of the 50
episodes that run simultaneously. We keep updating the
trajectory generating new actions until the buffer is full.
An episode ends if the particle reaches its destination
point or after a number a,.x of actions taken. When an
episode ends, we start a new one.

Once the rollout buffer is full, we exit the action loop
and enter the optimization loop, Fig. 1d. There, we up-
date the trainable parameters of all networks using the

experiences collected in the rollout buffer to compute the
loss functions. We use the Adam algorithm [22] for opti-
mization with a learning rate of 3 x 1073. For the critic
loss function we use

Le = (A + v, = n({d}]s1))?), (9)

where (-) designates an average over the experiences in
the batch, m({¢}|s:) is the output of the critic network
for state s; using the current set of trainable parameters
{¢}, and A, is the generalized advantage estimator [23]
(we use the hyper-parameters v = 0.9999, A = 0.95),
which estimates how much better or worse an action ay
performs in state s; compared with the expected value of
that state. The quantity (A; +v;) relates closely to what
is often referred to as the “return-to-go”, i.e. the sum
of all rewards collected from this state onward. Roughly
speaking, the critic network learns to predict the amount
of rewards that can be gained from the current input
state.

For the actor network, we use the standard form of the
actor loss in PPO with an additional entropy regulariza-
tion term:

La = LPPO_C]jp — 015<H> (10)

Here, Lppo-ciip is the PPO-Clip loss function [21], and
H is the Shannon entropy of the actor’s action distribu-
tion. Minimizing the PPO-Clip loss function increases
the probability of actions that produced good results
and decreases the probability of bad actions [21]. The
clipping (we use a clip hyper-parameter ¢ = 0.2) sim-
ply prevents the probability from changing too drasti-
cally in a single network update. The regularization
term is minimum if the policy has high entropy and
hence it encourages the policy to remain sufficiently ran-
dom/exploratory. This aids in the exploration during
training as well as makes the actor more reliable when
solving unfamiliar problems after training.

The PPO implementation was done in PyTorch [24].
The rollout buffer is used for 10 batches with a batch
size of 100 randomly sampled experiences. Afterwards,
we flush the buffer and move back to the action loop.

For single-particle transport, we train a single agent
across three episode difficulty levels. While the actor
network is shared across all levels, each level uses its own
critic network. Using different critics makes the training
more robust because our simple reward function, Eq. (8),
is based on relative distances, and hence it does not dis-
tinguish whether the goal is close or not. However, the
optimal strategy might depend on the actual distance to
the goal. Large distances to the goal might benefit from
actions that induce large particle moves at the expenses
of having less control over the position. On the contrary,
short distances to the goal might benefit from actions
that maximize control over the position at the expenses
of being small particle moves. Once training is complete,
only the actor network (which is the same for all types
of episodes) is needed to generate the trajectory in con-
trol space. The three levels of difficulty are measured



by the maximum allowed distance between the starting
and the destination points, rmax: €asy (Tmax/L = 0.05,
Amax = 2% 10%), medium (rmax/L = 0.1, Gmax = 3 x103),
difficult (rmax/L = 0.6, amax = 10*). Here, L = 50qy is
the side-length of the training pattern.

We use 10% episodes of each difficulty level per each
agent. Since we run 50 agents simultaneously during
traning, a total of 1.5 x 10° episodes are generated to
obtain the optimal policy. The full training lasts less
than one day on a RTX 4090. The trained actor network
successfully reaches the destination point in the training
pattern with a probability larger than 0.98. Because the
actions taken by the agent are stochastic, separate runs
sharing the same starting and destination points result
in different control loops and hence distinct particle tra-
jectories.

III. RESULTS

As we show next, the trained model can be used to
transport above general patterns single and multiple par-
ticles along complex trajectories.

A. Single particle transport

We first evaluate the agent’s ability to control particle
trajectories above both the training pattern and alter-
native patterns. Note that we do not retrain the agent.
Instead, we use the trained agent to transport particles
above all patterns. This is only possible due to the local-
learning strategy in which the agent has access only to
the local environment of the magnetization. Illustrative
results are shown in Fig. 2 for two periodic patterns with
four-fold (a) and three-fold (b) symmetries, the original
training pattern (c), a pattern with quasicrystalline order
(d), an irregular pattern generated via random polygons
(e), and another irregular pattern inspired by M.C. Es-
cher’s prints (f). A video of the particle trajectories and
the corresponding loops in control space is available in
the Supplemental Material (SM) [25].

For each pattern, we design a closed trajectory defined
by five intermediate destination points arranged as the
vertices of a pentagon. Each of these intermediate des-
tinations corresponds to a minimum of the magnetic po-
tential when the uniform external field is oriented parallel
to the pattern normal. Therefore, the exact location of
each intermediate point depends on the local magnetiza-
tion environment and varies slightly across the different
patterns.

In all cases, the agent successfully transports the par-
ticle along the desired trajectories. The corresponding
loops in control space are notably complex, see Fig. 2.
In particular, the loop in control space for the training
pattern appears more intricate than those of the other
patterns (note that the loop covers almost the complete
control space). This increased transport complexity on

quasicrystalline

irregular

FIG. 2. Single particle transport. Particle trajectories
and their corresponding trajectories in C for different mag-
netic patterns: periodic (a) four-fold and (b) three-fold sym-
metric patterns, (c) the training pattern, (d) a pattern with
quasicrystalline order of the magnetic domains, (e) an irreg-
ular pattern generated with random polygons, and (f) an ir-
regular pattern inspired by M. C. Escher’s prints. The tra-
jectories above the pattern and in C are colored according to
their progress (see color bar in Fig. 1a). The purple circles
are the intermediate destination points that define the de-
sired particle trajectory (a pentagon). A video of the particle
trajectories and the corresponding loops in control space is
available in the SM [25].

the training pattern was to be expected compared to pe-
riodic patterns but it is a nontrivial result for the other
patterns. Transport within the training pattern seems
to be more challenging, which together with the local-
learning approach, explains why an agent trained exclu-
sively on this specific pattern can generalize and success-
fully transport particles across any other pattern. The
training pattern contains a sufficiently rich variation of
local magnetization environments to enable robust gen-
eralization to other patterns.

The agent learns which loops are topologically non-



trivial, inferring the topology directly from the particle
response rather than from the characterization of the
magnetic potential via action space space and control
space. To illustrate this, we compare the modulation
loops generated by the agent with conventional topologi-
cal loops for a simple task: transporting a particle along
the direction of a lattice vector in a four-fold symmetric
pattern, see Fig. 3a. In this example, to induce trans-
port along +é,, the driving loop in C must wind coun-
terclockwise around &, [17, 19, 20]. Transport is more
robust when the loop remains far from the bifurcation
points in C, which for four-fold symmetric patterns are
four equidistant points on the equator of C aligned with
the lattice vectors of the pattern. The topological loop
(green) shown in Fig. 3a is an example of a robust loop.

Because the agent’s policy is stochastic, we evaluated
5000 independent runs, all of which succeeded, and iden-
tified a particularly robust path as the shortest trajec-
tory in action space. The modulation loop discovered
by the agent (blue) also winds around the same axis in
C while staying away from the bifurcation points. The
path length in action space can be a good indication of
the robustness of the transport. The closer a modula-
tion loop approaches a bifurcation point in C, the faster
the potential minima shift in action space. Hence, short
paths in A will in general correspond to loops in C that
stay as far away as possible from bifurcation points.

The ability to transport particles above arbitrary ge-
ometries gives the agent an immediate advantage over
the use of predefined, static, topological loops. Particle
transport succeeds even when the pattern contains im-
perfections, which in the experimental setup can arise
from fabrication defects or pattern degradation. An ex-
ample of this capability is shown in Fig. 3b, where we
compare the performance of the agent (without retrain-
ing) against topological loops for transporting particles
across a checkerboard pattern with a distorted central
region. The task is simply to translate the particles a
few unit cells along the direction of a lattice vector. The
specific topological loop used here is highly robust by de-
sign, as it avoids passing near the bifurcation points of
the checkerboard pattern in control space [19, 20]. How-
ever, despite this robustness, the particle driven by the
topological loop fails to reach the destination and instead
gets trapped within the distorted region of the pattern.
In contrast, the agent adjusts the loop in control space
to the changing environments of the local magnetization
encountered along the path and it successfully transports
the particle to the goal.

The agent is also capable of correcting the trajectory
when new external forces act on the particle, as illus-
trated in Fig. 3c. In this case, in addition to the mag-
netic forces, we apply both a constant drift force (fixed
magnitude and direction) and a random force that varies
at each time step. FExperimentally, such a drift force
can arise e.g. from gravity if the pattern is not perfectly
horizontal. The random force mimics Brownian motion,
which is typically negligible for the beads used in our ex-
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FIG. 3. Impeded transport. Particle trajectories and
corresponding loops in C for (a) a periodic four-fold symmet-
ric (checkerboard) pattern, (b) a checkerboard pattern with
a distorted central region, and (b) a checkerboard pattern in
presence of Brownian motion and a drift force, the direction
of which is indicated by the violet arrow. The trajectories
above the pattern and in C in (b) and (c) are colored accord-
ing to their progress (see color bar in Fig. 1a). Two parti-
cle trajectories are shown in each panel: the agent and the
topological trajectory, as indicated. The yellow circle in C
(a) indicates the position of the bifurcation point along +&,.
The blue squares and the pink triangles are the starting and
destination points of the trajectories, respectively. A video of
the particle trajectories in panels (b) and (c) with the corre-
sponding loops in control space is available in the SM [25].

periments (particle diameter of several micrometers) but
becomes significant as the particle scale decreases.

The checkerboard pattern is a difficult test for the
agent due to the presence of flat channels in the mag-
netic potential [19, 26, 27]. When the external field points
along a bifurcation point of the four-fold symmetric pat-



tern in control space, the magnetic potential becomes
flat along the direction of a reciprocal lattice vector in
action space. Under these conditions, even a weak drift
force can significantly alter the particle’s trajectory, as
illustrated in Fig. 3c. Shortly after the trajectory be-
gins, the particle controlled by the agent enters one of
these flat potential channels, causing a strong deviation
of several unit cells perpendicular to the intended path.
Despite this initial detour, the agent successfully regains
control of the trajectory and guides the particle to the
goal. In contrast, the topological loop fails. Even though
the loop is robust and avoids the bifurcation points in
control space, the drift force is strong enough to induce
unintended particle transport perpendicular to the direc-
tion of the topological transport.

B. Multiparticle transport

Particles belonging to different topological classes can
be transported simultaneously and independently (i.e.,
along distinct trajectories) using a single control loop
because the positions of their bifurcation points in con-
trol space differ. Examples include the simultaneous
transport of diamagnetic and paramagnetic particles [18],
bipeds (chains of beads) of different lengths [28], and
isotropic particles of different sizes [17]. In contrast,
identical particles belong to the same topological class.
Therefore, to transport them simultaneously and inde-
pendently, the particles must be located above different
local magnetization environments. Otherwise, the rela-
tive transport induced by the external field would be the
same for identical particles.

In Ref. [16], we demonstrated that controlling several
identical particles simultaneously is feasible by using a
pattern composed of a grid of multiple checkerboard pat-
terns, where each subpattern is rotated with respect to
the others. Because of these rotations, the bifurcation
points in control space are also rotated, allowing parti-
cles residing above different checkerboard domains to be
controlled individually via a single control loop. How-
ever, a drawback of this method is that two particles sit-
uated above the same checkerboard domain always follow
parallel trajectories. Furthermore, initializing the parti-
cles above the grid is non-trivial, requiring, for instance,
the use of secondary patterns that feature a topologi-
cal defect in the magnetization acting as a particle at-
tractor. From these defect positions, the particles must
then be transported to their respective checkerboard do-
mains [16].

Here, we demonstrate that the agent can simultane-
ously and independently move identical particles above
complex patterns. This approach offers advantages over
the use of static topological loops on grid patterns. First,
it eliminates the need to initialize particles using com-
plex secondary patterns. Second, instead of a grid of
distinct domains, the system uses a single pattern with a
spatially varying, complex magnetization. Hence, simul-

taneous trajectories can be controlled across the entire
pattern rather than being restricted to separate domains
of the grid.

We begin training an agent capable of transport-
ing two identical particles simultaneously and indepen-
dently from two initial positions to two desired goals.
To achieve this, the RL model previously described for
single-particle transport, Fig. 1, must be modified. First,
the convolutional networks of the actor and critic net-
works process the local magnetization environments of
both particles. The flattening layer then integrates the
features from both local environments with the current
external field and the current angles and distances to
the respective goals. In principle, this minimal modifica-
tion is sufficient to train a model capable of multiparticle
transport. However, for complex trajectories, the suc-
cess rate for both particles reaching their destinations is
relatively low. For this reason, we introduce additional
modifications to our method: a ranking network together
with a pathfinding algorithm.

Figure 4 illustrates the simultaneous transport of two
particles. We initially find the minima of the magnetic
potential when the external field is oriented parallel to
the pattern normal (blue dots in Fig. 4a). Occasion-
ally, a minimum is relatively flat and it is therefore not
properly detected by our numerical algorithm (note the
white/empty regions in Fig. 4a). Nevertheless, the den-
sity of minima when Hey || €. is sufficiently high that
even if not all minima are detected, the particle trajec-
tories can still be defined with high precision.

Training then continues with elementary episodes
where either both particles move to neighboring minima,
or one particle stays in place while the other moves to
an adjacent minimum. The ranking network is trained
alongside the actor and critic networks, aiming to predict
the success rate of the episode. It is a fully connected
network that takes the starting state of an episode as in-
put and outputs an estimated success rate. Note that the
state includes the distance and direction to the goal. The
loss function is simply the mean square error to the actual
success rate of the problem. We also increased the capac-
ity of the rollout buffer to accumulate 1000 experiences
since long-term strategy is more relevant to complete a
multiparticle transport problem.

After training, the ranking network is used to assist
the pathfinding algorithm in order to efficiently navigate
transport problems where the starting and ending posi-
tions are non-neighboring minima in the potential. As
before, we define the desired particle trajectories via in-
termediate destination points, see Figs. 4a. We then de-
compose the trajectories between any two consecutive
destination points into smaller segments, mimicking the
problems generated during training in their complexity.
That is, transporting each particle at most to a neigh-
boring minimum.

A pathfinding algorithm selects the optimal trajectory
between destination points based on the success rate es-
timated by the ranking network. We employ a standard
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Simultaneous transport of two particles. (a) Minima of the magnetic potential (blue dots) when the external

potential is oriented parallel to the pattern normal, Hext || €.. Neighboring minima are connected by line segments. Desired
particle trajectories are defined via intermediate destination points (magenta circles). (b) Optimal particle paths joining
consecutive destination points according to the pathfinding algorithm and color-coded according to the estimated success rate
by the ranking network (see color bar). Note that in some segments of the paths only one particle moves while the other stays
in the same position. Hence, there is not a one-to-one color match between the segments of both particle paths in (b). Two
particle trajectories tracing the numbers 1 (left) and 2 (right) above (c) the training pattern, (d) an irregular pattern, and
(e) a quasicrystalline pattern. (f) Two particle trajectories tracing the numbers 2 (left) and 1 (right) on the quasicrystalline
pattern. The trajectories are colored according to the progress of the control loop (see color bar in Fig. 1a). Note that in panel
(f) the two particles trace the trajectories in opposite directions. The small white circles in panels (c) to (f) are the optimal set
of local minima of the potential that form the trajectories as selected by the path-finding algorithm. A video of the particle

trajectories and the corresponding loops in control space is available in the SM [25].

A*-pathfinding algorithm [29] on a graph, where each
node represents the position of both particles, and edge
weights are computed from the output of the already
trained ranking network. Weights represent the difficulty
of moving from one node to another, with high weights
indicating that moving along the corresponding edge is
difficult. We set each edge weight to the inverse of the
estimated success rate (the output of the ranking net-
work). An alternative and faster option to transport on
sufficiently simple patterns is to use constant edge weight
for any estimated success rate above a given threshold,
essentially only disallowing edges that represent espe-
cially hard problems. In either case, it is important that
node connections where the ranking network predicts a
near zero success rate are forbidden. To reduce computa-

tion time, the navigation graph only includes the minima
within an ellipse around the starting and ending positions
of each particle. A*-pathfinding uses an heuristic func-
tion to estimate the cost from a given point to the goal.
Here, we use for the A*-heuristic function the sum of
position-end distances. The pathfinding implementation
was created with the python network analysis package
Networkx [30].

Figure 4a shows the collection of intermediate desti-
nation points (magenta circles) for both particles. The
optimal path, which is determined between consecutive
destination points by the pathfinding algorithm, is shown
in Fig. 4b. This optimal path passes through a series
of local potential minima and minimizes the cumulative
path difficulty as evaluated by the pathfinding algorithm.
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FIG. 5. Multiparticle transport. Simultaneous trans-
port of three particles on top of the training pattern. The
big purple circles are the intermediate destination points that
define the three desired particle trajectories (a number from
1 to 3 for each particle). The small white circles are the inter-
mediate steps between two consecutive destination points as
decided by the path finding algorithm. Each particle traces a
number from 1 to 3. The trajectories are colored according to
the progress of the control loop (see color bar in Fig. 1la). A
video of the particle trajectories and the corresponding loop
in control space is available in the SM [25].

The optimal path in Fig. 4b is color-coded according to
the estimated success rate for each segment. As expected,
path segments where the two local environments and the
two instantaneous directions of motion are similar for
both particles exhibit high estimated success rates. If
either of these conditions is not satisfied, the estimated
success rate can vary substantially. However, the agent
consistently finds a control loop that induces the desired
transport.

Figure 4c shows the actual simultaneous trajectories
of two particles above the training pattern. Both parti-
cles successfully reach all intermediate destination points
along the desired trajectories, tracing the shapes of the
numbers 1 (left) and 2 (right). Notably, we do not re-
train the convolutional network that processes the local
magnetization environments. Instead, we directly use
the network already trained for single-particle transport.
Moreover, the multitransport agent is again able to si-
multaneously transport particles above unseen patterns
without any retraining. As an example, we deploy the
agent to move two particles along the same trajectories
(tracing the numbers 1 and 2) but above an irregular
pattern, Fig. 4e, and a quasicrystalline pattern, Fig. 4d.
The exact position of the intermediate destination points
(violet circles in the figure) vary slightly from pattern to
pattern because they are constrained to be local minima
of the magnetic potential. Nevertheless, the resulting
trajectories are quite similar across the three patterns,
demonstrating the robust capability of the agent to trans-
port particles above general patterns. Furthermore, the
agent provides full control over the individual trajecto-
ries, as illustrated in Fig. 4f. Here, we swap the paths:
the left particle traces the number 2 while the right par-
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ticle traces the number 1. Additionally, the tracing di-
rections are reversed, with number 2 drawn from top to
bottom and number 1 from bottom to top. Driving the
particles in opposing directions for the majority of the
path is a significantly harder task. While this requires
a control loop twice as long as in the previous case, the
agent reliably guides both particles through their targets.

In principle, it is possible to transport several parti-
cles simultaneously, but the complexity increases signif-
icantly with the number of particles. As a proof of con-
cept, we present in Fig. 5 the simultaneous transport of
three particles tracing the numberVelascos 1, 2, and 3
on the training pattern. To transport three particles si-
multaneously, we extended and retrained the model to
incorporate information from all three particles, in di-
rect analogy to the previous modification from single- to
two-particle transport.

C. Experiments

To provide an experimental proof of concept and val-
idate our RL framework, we demonstrate single-particle
transport across a non-uniform magnetic pattern. The
pattern is closely related to the training pattern because
it was generated using n = 6.5 in Eq. (2). The mag-
netic film is a Ti(4 nm)/Au(60 nm)/[Co(0.7 nm)/Au(l
nm)|s multilayer that was magnetron sputtered on a nat-
urally oxidized Si(100) substrate. Magnetic patterning
is achieved by keV He'-ion bombardment through a
lithographical mask [31-33]. The pattern is coated with
a protective polymer layer (thickness 1.0 um) that also
acts as a spacer. Dynabeads (diameter 2.8 um) with a
polystyrene shell and a core consisting of polymer micro-
spheres containing superparamagnetic nanoparticles are
suspended in deionized water and sediment under gravity.
The particles, which effectively behave like paramagnetic
particles, reach an equilibrium elevation at a distance
on the order of the Debye length (tens of nanometers)
above the polymer layer. The equilibrium elevation is
governed by the balance between gravitational, magnetic
and DLVO [34] forces. The uniform external magnetic
field, Heyt, is generated by a triaxial coil assembly inter-
faced with a control computer. The field magnitude is
approximately 4 x 103 A/m. Both the colloidal particles
and the underlying magnetic pattern are imaged simulta-
neously via reflection microscopy. Further details regard-
ing the experimental setup are available in e.g. Ref. [20].

In principle, the RL agent could control the experimen-
tal setup directly, dynamically adjusting the orientation
of Heyt in response to real-time particle tracking instead
of training within BD simulations. In our current setup,
however, the agent is trained with simulation and sub-
sequently the control loops are transferred to the exper-
iment. This mode of operation is required by hardware
constraints since our wave generators (three independent
units to control the Cartesian components of Heyt) re-
quire the full modulation loop in C to be preloaded into
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FIG. 6. Experimental proof of concept. Trajectories of
a colloidal particle obtained from (a) Brownian dynamics sim-
ulations and (b) experiments. Purple circles mark the inter-
mediate destination points defining the desired trajectory (a
pentagon). The trajectory color indicates temporal progress
(see color bar in Fig. la). The arrow indicates the region
exhibiting the largest difference between simulation and ex-
periment. The total time to complete the trajectory in the
experiments was approximately 700s. The particle diameter
is 2.8 um. The scale bar spans approximately 30 um. A video
showing both particle trajectories and the corresponding loop
in control space is provided in the SM [25].
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memory before execution. Hence, the orientation of Heyt
cannot be altered on the fly, which precludes a direct con-
trol of the experimental setup by the RL algorithm. Ad-
ditionally, the control computer interfacing with the wave
generator hardware lacks the computational throughput
required for machine learning and computer-vision track-
ing.

We first compare the live microscopy image with the
theoretical magnetization pattern to localize the parti-
cle’s coordinates of a target colloidal particle. This con-
figuration is then mapped into our BD simulation envi-
ronment, where the RL agent identifies the control loop
required to (i) drive the particle to the desired starting
point and (ii) execute the target trajectory. An illustra-
tive proof-of-concept realization is presented in Fig. 6,
which directly compares the simulated (a) and experi-
mental (b) trajectories along a pentagonal path. The
two paths show remarkable agreement, with transport
proceeding across the same sequence of potential minima
in the magnetic landscape. The only discernible discrep-
ancy emerges in a localized region (highlighted by the
yellow arrow in Fig. 6b), where the simulated and exper-
imental particles temporarily occupy different adjacent
local minima. This divergence, however, does not com-
promise the global transport, and the particle reliably
returns to the target trajectory.

Note that the experimental trajectory shown in Fig. 6b
represents a piecewise concatenation of four separate
experimental segments. In the video included in the
SM [25], each transition between segments is explicitly
indicated and one can appreciate how only the target par-
ticle follows the desired trajectory due to the magnetic
pattern being non-periodic. Whenever a segment ter-
minates, the external magnetic field needs to be turned
off, temporarily flattening the energy landscape. To re-
sume transport, we identify a colloidal particle situated
nearby and use the RL agent to generate a control loop
that guides it to the terminal point of the previous seg-
ment before continuing with the target trajectory. Com-
pleting the entire trajectory within a single experiment
is currently not possible by two technical constraints.
First, the length of the complete control loop exceeds
the buffer capacity of the wave generators. Second, real-
time changes to the control loop are not possible. Con-
sequently, experimental disruptions, such as unexpected
particle pinning or doublet formation induced by dipolar
interactions, cannot be corrected dynamically on the fly.

Our current technical constraints are by no means fun-
damental. Updating the wave generators and integrat-
ing real-time particle tracking will enable direct coupling
between the RL algorithm and the experimental setup.
Nevertheless, it is remarkable that our RL policy trained
purely on Brownian dynamics simulations achieves such
precise control over a complex physical experiment with-
out retraining. This demonstrates the robust simulation-
to-experiment transferability of the learned magnetic
driving protocols, which is possible due to the topologi-
cally protected nature of the transport.



IV. CONCLUSIONS

We have demonstrated that reinforcement learning
provides a powerful tool for controlling the topologically
protected transport of colloidal particles above complex
magnetic patterns. An agent makes use of the local envi-
ronment of the magnetization to decide an action over the
control loop that drives the motion. Trained exclusively
on a single non-periodic pattern generated from incom-
mensurate wavevectors, the agent exhibits remarkable
zero-shot generalization. That is, without any retraining
or parameter tuning, the agent successfully drives col-
loids across general patterns including periodic lattices
with different rotational symmetries, quasicrystalline ar-
rangements, and fully disordered substrates. Instead of
a global characterization of the topological properties of
the transport for each pattern, the agent (using a local-
learning approach) is able to infer the topology directly
from the particle response, generalizing topological trans-
port to aperiodic (disordered) systems. Additionally, the
modulation provided by the agent induces more robust
transport compared to that of static topological loops.
The agent dynamically adjusts the control loop to avoid
localized structural defects of the pattern and to counter-
balance other external forces that otherwise could make
static topological loops fail.

Furthermore, we can also simultaneously and indepen-
dently control identical particles in arbitrary patterns.
By coupling the RL policy with a ranking network and a
pathfinding algorithm, the system decomposes complex
global trajectories into sequences of elementary transi-
tions between consecutive potential minima, enabling si-
multaneous multi-particle transport along independent
paths. This approach is conceptually similar to hier-
archical planning in robotics [35-37]. A low-level RL
agent governs local transport between adjacent potential
minima, while a high-level pathfinding algorithm plans
the global trajectory. Crucially, the high-level planner
uses knowledge of the low-level dynamics to find the op-
timal route. In contrast to other techniques that re-
quire targeted forces, our approach uses a single, uniform
magnetic field to simultaneously drive identical particles
along distinct, independent trajectories.

We have tested the viability of our methodology ex-
perimentally by directly transferring the policy learned
with Brownian dynamics simulations to a physical setup
in which we have achieved highly accurate transport of
magnetic colloids on thin magnetic films.

For future work we plan to connect the simulation-
trained RL framework directly to real-time particle track-
ing in the experiments, which will enable autonomous
colloidal manipulation. The agent will then be able to
respond to real-time changes. If something unexpected
occurs during the transport, the agent could reroute the
loop to maintain transport. This real-time adjustments
can be important if fabrication defects or degradation
of either the magnetic pattern or the polymer coating
are present, and also if the experiment is externally per-
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turbed. For example, an inclination of the pattern can
add a drift force (gravitational field) on the particles. It
is possible to use the experimental local environment of
the magnetization because the pattern is visible under
the microscope. However, we have seen that the agent
compensates for external forces absent during training.
We, therefore, expect that using the idelized theoretical
magnetization patterns will be sufficient to control the
transport in experiments.

Beyond the single- and multi-particle transport consid-
ered here, we are confident that a similar framework can
be deployed to independently and simultaneously control
the motion of microparticles of different sizes [17], differ-
ent magnetic properties [18], and different shapes [28]
on arbitrary magnetic patterns, as well as to control
the transport of active magnetic particles [38] including
the guidance of magnetotactic bacteria on magnetic sub-
strates [39]. Our topological description of the transport
should be directly transferable to ferroelectric domain
patterns driven by modulated electric fields. Nanoscale
ferroelectric domains [40, 41] could enable topological
transport of polar nanoparticles. The generalization ca-
pabilities of the RL agent could be crucial in overcoming
challenges inherent to the nanoscale. For example, be-
yond the thermal fluctuations that directly perturb par-
ticle trajectories, temperature can also induce structural
changes to the pattern itlsef [42].
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