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Dusty plasma is a mixture of ions, electrons, and macroscopic charged particles
that is commonly found in space and planetary environments. The particles interact
through Coulomb forces mediated by the surrounding plasma, and as a result, the
effective forces between particles can be nonconservative and nonreciprocal. Machine
learning (ML) models are a promising route to learn these complex forces, yet their
structure should match the underlying physical constraints to provide useful insight.
Here, we demonstrate and experimentally validate an ML approach that incorporates
physical intuition to infer force laws in a laboratory dusty plasma. Trained on
3D particle trajectories, the model accounts for inherent symmetries, nonidentical
particles, and learns the effective nonreciprocal forces between particles with exquisite
accuracy (R2 > 0.99). We validate the model by inferring particle masses in two
independent yet consistent ways. The model’s accuracy enables precise measurements
of particle charge and screening length, identifying large deviations from common
theoretical assumptions. Our ability to identify unknown physics from experimental
data demonstrates how ML-powered approaches can guide new routes of scientific
discovery in many-body systems. Furthermore, we anticipate our ML approach to be a
starting point for inferring laws from dynamics in a wide range of many-body systems,
from colloids to living organisms.

dusty plasma | machine learning | force inference

Dusty plasma is ubiquitous throughout the universe, from Saturn’s rings to interstellar
space (1–4), and is critically important for planet formation (5–7), technological
processes (8–11), and potentially the emergence of life (12). In a dusty plasma, dust
particles’ interactions have known approximations based on tractable physics, yet they
are poorly understood in environments that deviate from the simplest equilibrium
conditions, for example, in systems with background plasma flows (13) or with external
magnetic fields (14, 15). Particles interact through complicated forces mediated by
the plasma environment (16), and violate some of our basic expectations: They are
nonreciprocal and can source energy from their nonequilibrium environment (17–21).
Limited information about these interactions can be obtained by carefully investigating
quiescent systems of particles, for example, the Brownian motion of two particles (22–
25) or the vibrational modes in a strongly coupled crystal (26–29). Yet particles must be
highly dynamic and explore phase space to learn a separation-dependent interaction
law (30, 31). Thus, compact and precise mathematical expressions that summarize
interactions among dust particles as physical laws do not exist, yet some constraints
on the interactions are clear. For example, the forces between particles are expected to
be pairwise to leading order and to depend only on their mass, charge, and the spatial
configuration (32–35). To handle this complexity, here we introduce a broadly applicable
ML approach to infer new, previously unknown interactions in dusty plasmas. Our
approach incorporates physical constraints in its underlying neural network architecture
to learn the external forces and the unknown particle interactions directly from
experimental data.

Broadly speaking, dusty plasma is a many-body system of interacting particles. Many-
body systems are abundant in nature and continue to push the boundaries of science, from
the detection of exoplanets (36, 37) to the behavior of living organisms (38–40). In these
systems, interaction laws are often not well-defined, unlike Newton’s laws of classical
physics. However, the ability to generate large, precise datasets and the simultaneous
emergence of machine learning (ML) to analyze them offer a path for inferring these
interactions from experimental data. Many ML algorithms can model these complex
systems by inferring parameters in a predefined mathematical description that best fit the
data (41–45), or by finding a functional form describing the system within a constrained
(though often large) library of possibilities (46–50). Other ML algorithms focus directly
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on predicting the future state of a system from its past without
inferring or interpreting the underlying physics as an intermediate
step (39, 42, 51–53). Often the data used to train and validate
these models come from simulations with labeled ground-
truth parameters, known particle properties, and provided, well-
defined interaction laws. However, real experimental data lack
all of these conveniences, and there have been recent attempts to
extend ML methods to experimental data (39, 42, 50, 53–56).
Nevertheless, endowing ML methods with constraints based on
physical intuition can facilitate progress in realistic situations.
This is especially important for many-body data, where such
constraints are needed to tame the combinatorial complexity
of interactions among the measured components (57), and as
a result, physics-constrained machine learning for many-body
systems is still emerging (41, 56, 58–69). Here, we simultaneously
address many of these challenges by introducing a physics-
constrained ML approach based on a neural network architecture
that is designed to incorporate the physical intuition about the
problem, and then use that architecture to approximate arbitrary
forces between particles. This way we are able to learn new,
unanticipated interaction laws from dusty plasma experiments.

In a dusty plasma, the equilibrium charge, −q, on a given
particle is determined by a balance of ion and electron currents
to the surface, and the currents are determined by the local
plasma environment (ion and electron densities and velocity
distributions). Usually particles acquire a negative charge, and
thus repel. However, the interaction force is screened by the

plasma environment, and the screening length � is of funda-
mental importance since it determines the effective range of
interaction. Moreover, when particles are levitated in a plasma
sheath near a conducting wall (electrode with negative charge,
Fig. 1 A–C ), q will be a function of the particle’s vertical
z position within the plasma sheath. The particles are also
immersed in a fast-flowing “river” of positive ions that are
attracted to the electrode and move at speeds in excess of 2 km/s
(Bohm velocity). The deflection of these ions in the negative
z-direction produces an ion wake beneath each particle (71, 72),
and the effective interactions between particles include this ion
wake (Fig. 1C ). The wake-mediated interaction is nonreciprocal,
breaks translational symmetry in z, and is predicted to cause
attractive forces when particles are close. Since dusty plasmas are
readily confined and manipulated in the laboratory, they offer an
ideal platform to study complex and emergent collective behavior
in particulate matter.

To infer interaction laws in dusty plasma, we captured three-
dimensional (3D) trajectories of individual dust particles using
scanning laser sheet tomography (70). Our physics-constrained
neural network model used these trajectories to infer nonrecipro-
cal interactions between individual pairs of nonidentical particles,
environmental forces that trap particles and drive their motion,
and velocity-dependent drag forces from the background gas.
The inference procedure compared the sum of these forces to
the experimental acceleration of each particle. Remarkably, the
model was extraordinarily accurate when fitting the acceleration,

A

B

C E

D

Fig. 1. Overview of experiment and data workflow. (A) Charged microparticles are levitated in an RF-driven plasma sheath above a flat electrode. Their motion
is imaged using a scanning laser sheet coupled to a high-speed camera (70). (B) Snapshot of particle positions from a single experiment of 15 particles. The
grayscale color indicates the z-position, and the tails of each particle represent the previous five frames. (C) The focused ion wake (red) is directly below each
particle, and contributes a small attractive part of the total force (Fij ) on particle i, so that the overall interaction is nonreciprocal. (D) The x, y , and z position of
two particles during two seconds. The particles are marked i (blue) and j (red) in panel (C). The quantity si = 〈zi 〉 depends on the particle size and mass and
hence is used as a descriptor for each particle. (E) The objective is to infer the horizontal reduced forces on particles using Newton’s equation of motion. The
schematic of the model, which consists of three neural networks trained concurrently and act as nonlinear approximators to the three terms in the equation
(particle interactions—fij , environmental forces—Efenv, and damping from the background gas—
i ). The input color designates the source (particle i or j).
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achieving R2 > 0.99 over multiple experiments. To verify that
the model learned each force accurately, we compared the mass,
m, of each particle in two independent ways, which agreed with
each other (and the known size of the particles using optical
microscopy). For particles in the same horizontal plane, we
fitted the interaction force of each particle pair to a well-known
analytical approximation (16, 30), allowing us to simultaneously
extract m, q, and �. Contrary to conventional assumptions where
� depends solely on plasma properties, we find that the fitted
value of � increases with the average size of interacting particles.
Furthermore, we find that q ∼ mp, where p ranges between
0.30 and 0.80 and increases with background gas pressure. This
variation contrasts with the simplest assumptions of particle
charging in dusty plasmas where q ∝ m1/3 (2, 73).

Experiments and Model

Our dusty plasma experiments utilized a vacuum chamber filled
with argon gas at 0.5 to 1.5 Pa of pressure (Fig. 1A)—a setup
similar to our previous experiments (25, 31, 70, 74). A disk-
shaped electrode was driven with RF power and generated a
weakly ionized argon plasma. Near the electrode surface, micron-
sized charged particles were levitated in a plasma sheath—a sharp
gradient in the electric field where electrostatic forces can balance
with gravitational forces (75). The levitated particles explored a
space roughly 10 mm × 10 mm × 1 mm in size (Fig. 1B and
Movie S1). The particle positions were tracked using 3D scanning
laser tomography (70). For more details about the plasma
conditions and particle tracking method, see Materials and
Methods.

The interaction between each pair of particles is mostly due
to electrostatic repulsion since each particle carries a negative
charge (≈104e). However, in the plasma sheath, ions stream
past each particle at speeds greater than 2 km/s, resulting in
vertical ion wakes (Fig. 1C ), similar to the wakes produced
behind a fast-moving boat in open water. The wakes make
the overall interactions between particles nonreciprocal, i.e.,
EFij 6= −EFji (17–21), and they are especially important when
particles are vertically separated in the z direction. Moreover,
since the particle charge varies within the plasma sheath, the
particle interactions break translational symmetry in z, while
maintaining translational symmetry in the xy-plane. To learn
these complex forces, we overcome a major challenge: building
the required physical symmetries into a model that can be trained
on systems with varying particle number.

The tracked 3D trajectories (xi(t), yi(t), zi(t)) of all the
particles were used as input to train our ML model. An example
of trajectories for two particles is shown in Fig. 1D. The model
assumes that the horizontal (xy-plane) acceleration of each particle
is determined by Newton’s second law:

Ë�i = Efi =
∑
j 6=i

fij�̂ij + Ef env
i − 
i Ė�i, [1]

where Efi is the horizontal reduced force on particle i, or
equivalently the net force, EFi = (Fi,x , Fi,y), divided by its mass,
mi. Dotted variables represent differentiation with respect to
time. The position and displacement vectors are E�i = (xi, yi)
and E�ij = (xi − xj, yi − yj) = �ij�̂ij, where �̂ij is the direction
of the reduced horizontal interaction force from particle j to i,
and fij = Fij/mi, where Fij is the magnitude of the force. Since
the ion wake is directly below each particle, as shown in Fig. 1C ,
the ion wake will change the direction of the z-component of the

force, but interaction forces in the xy-plane will still point along
�̂ij (21). The reduced environmental force is Ef env

i = EF env
i /mi,

where EF env
i is the horizontal environmental force on particle i, and

the damping coefficient of particle i is 
i. Particles are strongly
confined by gravity and electrostatic forces in the z-direction,
which are about 100 fold larger than other forces in the system, as
evidenced by the different frequencies and amplitudes of motion
shown in Fig. 1D.

Although we can accurately track the z position of each particle
since the vertical oscillation frequency was ≈25 Hz (Fig. 1D)
and our sampling rate was 200 Hz, inferring forces in our
model requires integrating the data over a small time window
(SI Appendix, Eq. S5), which would necessitate a higher time
resolution for z force inference. Thus, in this study, we only
aim to infer forces in the xy-plane, which will generally depend
on the z position of each particle. Importantly, the particles
in our experiments were not identical and the model requires
particle-level descriptors. Ideally, this would be the mass of each
particle, which is unknown. But in our experiments, heavier
particles sat lower in the plasma sheath so that their averaged z
position over the entire time series acted as a good proxy for the
particle mass. Thus we defined si = 〈zi〉t as a “descriptor” that
monotonically decreased with the particle size, even though the
exact quantitative dependence is unknown.

In the model, three neural networks (NNs) act as universal
approximators to the three types of forces on each particle
(Fig. 1E). We use three independent networks because they
represent different terms in the equation of motion of a single
particle, Eq. 1. Each network must necessarily have different
inputs, otherwise we would not be able to distinguish the learned
forces from the three terms. We denote a NN as g or Eg (a
function whose output is a scalar or vector), to avoid ambiguity
with outputs such as f or Ef (scalar or vector). The first NN,
gint, requires �ij, zi, zj, si, and sj as inputs. It outputs the
magnitude of the effective reduced interaction force, fij. We note
that this structure conserves translational symmetry in x and y,
but breaks this symmetry in z. The second NN, Egenv, requires
xi, yi, zi, si as inputs. It outputs both components of the vector,
Ef env
i . The third NN, g
 , uses si as its sole input, and outputs

the drag coefficient, 
i. Requiring a drag force linear in velocity
is supported by theory: According to Epstein’s law (76), for
spherical particles with a density of 1,510 kg·m−3 inside argon
gas (16),


i =
12.2P
di

μm · Pa−1
· s−1. [2]

Here, P is the plasma pressure and di is the diameter of particle i.
Inferring an individual particle’s damping coefficient provides
direct information about its size (and mass), thus g
 constructs
a map from the size descriptor si to the physical parameter

i (or mi).

During training, the model adjusts the weights in each neural
network concurrently to minimize a loss function that compares
the predicted reduced force, Efi, to the measured horizontal
acceleration, Ë�i. Since we are calculating the forces between all
pairs of particles, the total training time scales as N 2

p , where Np is
the number of particles. To reduce noise, we use the weak form of
our loss function (77), a technique that calculates a filtered version
of acceleration from experimental data by integrating trajectories
over a small time window instead of computing derivatives from
the noisy position time series (i.e., SI Appendix, Eq. S5). As
a simple example, consider the function centered at t = 0:

PNAS 2025 Vol. 122 No. 31 e2505725122 https://doi.org/10.1073/pnas.2505725122 3 of 8

D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//w

w
w

.p
na

s.
or

g 
by

 J
us

tin
 B

ur
to

n 
on

 J
ul

y 
31

, 2
02

5 
fr

om
 I

P 
ad

dr
es

s 
17

0.
14

0.
16

3.
20

2.

https://www.pnas.org/lookup/doi/10.1073/pnas.2505725122#supplementary-materials
https://www.pnas.org/lookup/doi/10.1073/pnas.2505725122#supplementary-materials
https://www.pnas.org/lookup/doi/10.1073/pnas.2505725122#supplementary-materials


Table 1. Parameters andmodel performance fromfive
experiments
Np P (Pa) zstd (mm) �std (mm) Test R2 Color

9 1.00 0.060 0.96 0.9949 Blue
10 1.00 0.10 1.23 0.9921 Green
13 1.00 0.082 1.14 0.9912 Red
15 0.75 0.12 2.24 0.9919 Orange
18 1.20 0.033 1.38 0.9963 Purple

Np is the number of particles, P is the neutral gas pressure, zstd and �std are the SD of the
particle motion in the vertical and horizontal directions, respectively, and are averaged
over all particles. Test R2 is the R2 score of the model performance on the test dataset.
Each experiment is assigned a color, indicated by the last column, which is plotted in Fig. 4.

w(t) = (1 − t2)2. Since w(±1) = 0 and ẇ(±1) = 0, it is
straightforward to show using integration by parts that:∫ 1

−1
ẍwdt =

∫ 1

−1
xẅdt. [3]

This replaces a noisy second derivative of an experimental time
series with exact derivatives of an analytic function (w). We found
that this dramatically increased the model performance (R2) and
was a necessary part of our methodology. We also use the Huber
loss to reduce the influence of outliers in the data, which occur
when two particles are closely separated and experience large
accelerations that can be hard to resolve. The complete details of
the model structure, the full equation of the loss function and its
minimization, and the application of the weak form are described
in SI Appendix.

Results and Discussion

The presentation of our results is organized as follows. We first
demonstrate the model’s accuracy in predicting experimental
trajectories using the sum of the three force components in Eq. 1.
Next we show that model’s prediction on position-dependent
interaction and environmental forces (the first two terms on the
right-hand side of Eq. 1). We then subsequently fit the predicted
interaction (reduced force) using a well-known theory to extract
estimates of each particle’s charge, mass, and pairwise screening
length. Finally, we verify the mass estimate by directly comparing
it with expectations from the damping coefficient (last term in
Eq. 1) and discuss deviations of the fitted charge and screening
length from conventional plasma physics theory.

Model Accuracy in Fitting Acceleration. We used the model
to infer forces on particles from five experiments (Movies S1–
S5) carried out under different conditions: number of particles,
gas pressure, and plasma conditions. At least ∼9 particles were
necessary to produce a highly dynamic system; smaller systems
with less particles tended to form rotating crystalline structures
(Movies S6 and S7). We performed 10-fold cross-validation on
each experiment. That is, the data, ordered by time, was split into
10 equal parts. We created 10 independent models where the
k-th model (k = 1,2,…,10) used the k-th part as the validation
set while the other nine parts were used for training. The model’s
performance was evaluated by computing the R2 score on the
validation set. The errors presented in our results represent the
SD of the prediction from all 10 models. Further details can be
found in SI Appendix.

For each experiment, the average R2 of the 10 models was
always larger than 0.99 (Table 1). For visual reference of the

model performance, we show data for the x and y acceleration on
two different particles and the corresponding model prediction
in Fig. 2 A and B. This remarkable agreement is representative of
all 49.4 s of data captured in the experiment. We note that a high
R2 only indicates that the model fits the sum of the three reduced
force components in Eq. 1, and does not necessarily indicate that
each component is fit correctly. Thus, we ensured that the set
of input parameters for each component was parsimonious and
reflected the symmetries in our experiment, i.e., xi−xj and yi−yj
only appear in the particle separation, �ij, used as an input to gint,
while zi and zj appear as direct inputs to gint. Furthermore, as
we will show, the accuracy of each component is validated by
inferring particle-level properties in two independent ways.

Model Prediction for Each Force Component. Recent studies
have demonstrated that effective interaction forces can be learned
from data by assuming all particles are identical, for example,
by using Underdamped Langevin inference on stochastically
driven systems (49), or by representing the particle interactions
using graph neural networks (GNNs) (56). GNNs can also
learn interactions between nonidentical particles experiencing
pairwise, reciprocal interactions (50, 78). Our model for particle
interactions can be viewed as a single-iteration GNN, in which
the total interaction on a particle is the linear sum of the
interactions of all other particles, because in dusty plasma, the
interaction is pairwise to leading order. Yet in contrast to these
examples, our model predicts the effective reduced interaction
force, fij, which can be nonreciprocal, between any particle
pair i and j at any position represented in the experimental
data. Moreover, the model simultaneously and independently
learns environmental forces and velocity-dependent drag forces
on individual particles.

For simplicity, since �ij = �ji, we use � to denote the
horizontal separation of two particles. Fig. 3A demonstrates the
model’s ability to capture nonreciprocal interactions for two
nearly identical particles with descriptors s1 ≈ s2 at different
vertical positions, z1 < z2. Nonreciprocity is clearly observed

A

B

Fig. 2. The predicted reduced force (Ef , dashed lines) and measured exper-
imental acceleration (Ë�, solid lines) for two particles (red and blue) in the 15
particle system. We note that this is test data, meaning it was not used to train
the model. Data are shown for 2 s out of the 4.94 s of test data. The entire
experiment was 49.4 s long. (A) fx and �̈x and (B) fy and �̈y . The two particles
are the same particles shown in Fig. 1D.
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for � < 0.6 mm, and f21/f12 ≈ 2 at the shortest separation.
For the same particles with a larger vertical separation, f12 is
attractive (Fig. 3 A, Inset). The dramatic nonreciprocity is due
to the presence of the ion wake structure beneath each particle,
as shown in Fig. 1C (79). However, interactions are expected to
be reciprocal when zi = zj (21). This reciprocity is illustrated
in Fig. 3B for the same two particles (the main panel) and two
different particles (Inset).

In this reciprocal regime, we used the well-known screened
Coulomb interaction to fit the prediction of the model:

mifij = mjfji =
A
�

(
1
�

+
1
�

)
e−�/�. [4]

Here, the coefficient A is a fitting parameter, but theory suggests
that A = qiqj/4��0, where qk and mk are the charge and mass of
particle k, respectively, �0 is the permittivity of free space, and � is
the effective screening length (2, 16, 30). Importantly, systematic
error can be clearly observed in the fit (solid lines in Fig. 3B),
indicating that there are deviations from Eq. 4 as a universal law
for all particle separations. This deviation is expected since the
real interaction involves both negatively charged particles and
their associated ion wake structures. These structures are often
modeled as a virtual, positive charge below each particle (80).
Nevertheless, Eq. 4 is a good analytical approximation for each
pair of particles when they are at the same z, although as we will
show, care must be taken when interpreting both q and � from
the fits to Eq. 4. When zi = zj, but si 6= sj, as shown in the Inset
of Fig. 3B for different particles with indices 1 and 3, the reduced
force can be shifted to coincide using a multiplicative factor of
2.6. This factor is the particles’ mass ratio, m3/m1, when the
forces are reciprocal (F13 = F31).

In addition to the dependence on �, the model can predict the
dependence of the interaction force on z, revealing the spatial
structure of the plasma sheath. Fig. 3C shows the reciprocal
reduced force versus z for particles 1 and 2 when z1 = z2 = z.
At larger z, the force is nearly uniform, but then rises precipitously
as z decreases, more than a factor of two over a span of 200 μm.
This sharp rise is mostly due to the variation of accumulated
charge on each particle. In the bulk plasma, properties such as
the ion and electron temperature and density are expected to
be constant (81, 82). Thus, the particle charge should also be
constant. However, inside the plasma sheath, these properties
change, and the charge on the particles can increase dramatically
(74, 83). This is also evidenced by an increase of the screening
length (�) at the boundary of the plasma sheath (SI Appendix,
Fig. S1). Additionally, we show the model’s prediction of the
reduced environmental force (Ef env

i ) in Fig. 3D. This force acts
on each particle separately and is due to local electric fields
and ion drag forces that trap the particle and drive its vortical
motion, resulting in trajectories in the xy-plane that resemble
Fig. 1D. Taken together, Fig. 3 shows how our ML model can
turn the particles into nonintrusive, local probes of the plasma
environment.

Estimating Particle Mass, Charge, and Interaction Range. In
many-body systems, measured properties of individual particles
are often inaccessible or assumed from simple theories, yet our
ML approach can infer both the mass and charge of each particle
from experimental data alone. Our approach is similar to a recent
two-step method that infers the force, and then infers particle
properties (i.e., mass) from an analytic expression (50, 78). Using
nonlinear regression (Materials and Methods), we simultaneously

A B

C D

Fig. 3. Model prediction of interaction and environmental reduced forces
for the 15-particle experiment. (A) The magnitude of the reduced interaction
force (f12, cyan triangles; f21, purple squares) between two similar particles
(s1 = 0.234 mm, s2 = 0.232 mm), at z1 = 0.15 mm and z2 = 0.30 mm.
The force is plotted versus the horizontal separation �. The Inset shows the
interaction at z1 = 0.05 mm and z2 = 0.35 mm. (B) The model predicts
the same two particles’ interaction is reciprocal at z1 = z2 = 0.15 mm. The
black solid line is a fit of the average of the two predictions to Eq. 4 with
� = 0.42 mm. The Inset shows the interaction of two different particles (f13,
brown circles; f31, green stars) at z1 = z3 = 0.15 mm. Here, s3 = −0.053 mm,
and f31 is shifted by a factor of 2.6 (the mass ratio) to collapse the curves.
The black solid line is a fit to Eq. 4 with � = 0.48 mm. (C) f12 and f21
evaluated at � = 0.5, plotted versus z = z1 = z2. The sharp rise in the
model prediction indicates the boundary between the plasma sheath and
bulk plasma (purple). (D) Environmental reduced force field of particle 1, Ef env

1 ,
at z1 = 0.15 mm. The error bars represent the SD of the prediction from 10
models trained on different sections of the experimental data, as detailed
in SI Appendix.

fitted the model’s predicted interaction (e.g., Fig. 3B) to Eq. 4 for
every pair of particles in each experiment at z = 0.03 mm, with
fitting parameters mi, qi, qj, and �ij. To obtain good fits, it was
necessary to allow the screening length (�ij) to vary between parti-
cle pairs, rather than be represented by a single constant that only
depends on the plasma environment. This is evidenced in Fig. 4A,
where fij is plotted for a pair of small particles, and a pair of large
particles. The screening length varies by almost a factor of 3.

In the plasma sheath where particles are levitated, the super-
sonic motion of ions toward the electrode (negative z-direction)
diminishes their ability to screen the charged particles (72, 84),
meaning that, to the lowest order, � should be determined by the
electron screening length [1 to 2 mm in our experiments (74)].
However, the effective interactions between particles involve
their associated ion wakes; the same wakes that give rise to
nonreciprocal interactions (Fig. 1C ). As the particle separation
� → 0, particles repel strongly through a Coulomb force
representing the actual charge on each particle. For large �,
the effective particle charge is reduced by the virtual positive
charge (ion wake). Thus, fitting the total interaction with Eq. 4
should result in � being significantly less than the plasma Debye
length. Also, � should depend on the strength and spatial extent
of each particle’s ion wake, which can lead to an apparent
dependence on particle size. Indeed, an increase of � with particle
size has been reported in experiments examining the linearized

PNAS 2025 Vol. 122 No. 31 e2505725122 https://doi.org/10.1073/pnas.2505725122 5 of 8

D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//w

w
w

.p
na

s.
or

g 
by

 J
us

tin
 B

ur
to

n 
on

 J
ul

y 
31

, 2
02

5 
fr

om
 I

P 
ad

dr
es

s 
17

0.
14

0.
16

3.
20

2.

https://www.pnas.org/lookup/doi/10.1073/pnas.2505725122#supplementary-materials
https://www.pnas.org/lookup/doi/10.1073/pnas.2505725122#supplementary-materials
https://www.pnas.org/lookup/doi/10.1073/pnas.2505725122#supplementary-materials


B CA

Fig. 4. The inferred measurements of mass, charge, and screening length using Eq. 4, at z = 0.03 mm. (A) In the 15-particle experiment, the interaction
between small particles 1 and 2 (s1 = 0.234 mm, s2 = 0.232 mm, cyan) and between large particles 4 and 5 (s4 = −0.150 mm, s5 = −0.161 mm, gray) have a
distinctly different decay with length scale �. The solid lines are fits using Eq. 4. Note that a larger � means slower decay. (B) The mass of all particles inferred
from the drag coefficient (m
 ) versus the mass inferred from the particle interaction (mint). Different colors represent the five different experiments (Table 1).
The dashed line is the theoretical value of m
 = mint. The gray box represents particles with an average diameter of 12.8± 0.32 μm, corresponding to a mass of
m0 =1.65 ± 0.12 ng, which is necessary for quantifying the mass (see SI Appendix for more information). (C) Particles charge, q, versus mint, both inferred from
the fitting procedure using Eq. 4. The dashed lines are power law fits with the fitting power p displayed alongside the lines. In both panels, the two clusters of
purple and orange data (indicated by the arrows) each consist of five similar particles whose manufacturer-labeled diameters are 9.46 ± 0.10 μm (0.66 ± 0.02
ng) and 8.00 ± 0.09 μm (0.40 ± 0.01 ng), respectively. Inset: The fitting power p versus the plasma pressure P. Note that the blue and green data coincide.

vibrational motion of dust particles (85), and our results firmly
demonstrate that Eq. 4 is an approximation whose parameters
must be carefully interpreted when considering effective particle
interactions in dusty plasmas.

In addition to �, our fitting procedure provides the mass and
charge of each particle from the interaction. To validate this
procedure, we obtained an independent estimate of the mass from
the inferred damping coefficient (
) by computing the particle’s
diameter using Eq. 2 and assuming the particles were spheres
with density 1,510 kg·m−3. These two independent masses,
denoted mi,int and mi,
 , show excellent agreement (Fig. 4B),
demonstrating that the model correctly infers each term in Eq. 1
using experimental data. However, the inference of the particle
charge (qi) from Eq. 4 reveals important discrepancies from
widely used theoretical assumptions. Orbital-motion-limited
(OML) theory predicts the charge on a spherical particle in a dusty
plasma under the assumption the electron and ion temperatures
(and densities) are known and uniform, and collisions are ignored
(2, 86–88). Under these assumptions, two particles of different
sizes should act as spherical capacitors and have the same floating
potential, Vi = 2��0diqi. Thus, we expect qi ∝ m1/3

i since
mi ∝ d3

i . We tested this relationship by fitting the inferred
charge versus mass in all five experiments using qi ∝ mp

i . As
shown in Fig. 4C , the power p ranged from 0.30 to 0.80, and
increased monotonically with pressure P (Fig. 4 C , Inset). Thus,
even when the particle charge is inferred at the same z-position,
where plasma properties should be the same for all particles, the
power p can vary substantially from the expected value of 1/3.

The validation of the particle mass (Fig. 4B) suggests that
the prefactor A in Eq. 4 is estimated correctly, and thus so is
the particle charge. While it is possible that the presence of a
positive ion wake reduces the effective charge of each particle
at large �, this effect would be negligible as � → 0, where
the quality of the fits to the interaction force are equally good.
Given the pressure dependence observed in the Inset of Fig. 4C ,
it is natural to ascribe this variation in p to collisions between
ions and neutral atoms, which are often ignored in theories
of particle charging, yet collisions should reduce the charge of
larger particles due to their increased capture radius (89, 90),

thereby making p < 1/3. As such, the origin of this discrepancy
from common theoretical assumptions remains unclear, but our
results highlight the need for more comprehensive theories of
particle charging in plasma sheaths. Last, to ensure that our
measurements of the screening length and particle charge are
not artifacts of the inference process and accurately represent
the physics, we simulated systems of many particles with
similar nonreciprocal forces and environmental forces as in the
experiment, and required that qi ∝ m1/3

i and a screening length
independent of particle size (see the full details in SI Appendix
and Movie S8). The model achieved a validation R2 = 0.9989
and showed a 35% reduction of the inferred screening length in
the presence of virtual positive charges representing the ion wakes
beneath each particle (SI Appendix, Fig. S2A). Importantly, the
model performed remarkably when extracting the reduced mass
and charge of each particle (SI Appendix, Fig. S2 B and C ),
demonstrating that the inferred deviations from q ∝ m1/3 in
experimental data are likely real.

Summary and Conclusions

We have developed a machine learning model that accurately
infers the forces acting on individual particles in a many-body
system. What makes this model different from past approaches is
its ability to approximate complex, nonlinear interaction laws
using NNs, treat particles as different individuals, build in
physical symmetries into the model structure, and to learn purely
from experimental data. By applying this approach to dusty
plasmas, we learned both environmental forces and pairwise
interaction forces between particles, and extracted the mass
and charge of each particle in situ. In doing so, we verified
theoretical predictions of nonreciprocal and attractive forces
between dust particles, identified an unexpected dependence
of the screening length on the size of interacting particles,
and identified unexpected deviations from OML theory (where
q ∝ m1/3).

Furthermore, we highlight that the primary challenge in
uncovering the dependence of � and q on particle size lies
in controlling the variable z, since � and q steeply vary with
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the depth in the plasma sheath (z-direction). In equilibrium,
heavier particles settle at lower z, rendering normal mode analysis
approaches near the particles’ equilibrium positions ineffective for
comparing particles with different sizes (22, 24–29). Therefore,
we expect these results to serve as seeds for new directions of
research in dusty plasma physics.

Outside of dusty plasma research, our ML approach is
widely applicable to physical and biological systems composed
of many interacting agents. They can be active or passive, with
arbitrarily complex interactions. Although intuition guides the
underlying symmetries and expected structure of the model,
the ability to surpass intuition and avoid biased assumptions
is an essential first step in discovering new scientific laws from
experiments.

Materials and Methods

Dusty Plasma Experiments. In our experimental vacuum chamber, a disk-
shaped aluminum electrode with a 15 cm diameter was driven with 13.56 MHz RF
power(2to7 W)togenerateaweakly ionizedplasma.Theionandelectrondensity
was≈2 to 6×1013 m−3, as measured with a custom Langmuir probe (74). Since
the electron temperature (1 to 2 eV) was much higher than the ion and neutral
gas temperature (0.04 eV), the electrode developed a negative bias voltage (−15
to−5 V). Particles were introduced into the plasma by mechanical agitation of a
reservoir and developed a negative bias voltage as well, leading to an electrostatic
repulsion from the electrode that levitated them≈4.2 mm above the electrode
surface. Most experiments confined 10 to 20 spherical melamine-formaldehyde
(MF) particles (microParticles GMBH) in the plasma, and we purposefully used a
combination of manufactured particles with labeled diameters of 12.8± 0.32
μm, 9.46 ± 0.10 μm, and 8.00 ± 0.09 μm since our model is able to
handle different particle sizes. A unique feature of our experiments was a
cylindrical neodymium magnet with diameter 7.5 cm placed inside the electrode,
resulting in a nonuniform magnetic field of strength≈0.04 T where the particles
levitated. The gradient in the field produced a vortical ion flow and ion drag
force on each particle, resulting in a highly dynamic system of particles with
circulation.

3D Particle Tracking Method. To track the position of each particle, we used a
rapidly scanning laser sheet synchronized to a high-speed camera, as shown in
Fig. 1A. The laser scanning frequency was 200 Hz with a peak-to-peak amplitude
of ≈4 mm at the position of the particles. The high speed camera was set to
record at 8,000 fps, thus we obtained≈40 images in one vertical sweep of the
laser sheet. The resulting images were analyzed by TrackPy (91), and special
care was taken to distinguish particles with very small separations. The ultimate
spatial resolution of the in-plane x and y positions was 50 μm per pixel, and the

vertical z resolution was 100 μm per pixel. The tracking error is about 0.1 pixel.
More complete details of the 3D tracking method can be found in refs. 25 and 70.

Fitting of Charge and Mass for Each Particle. For extracting mi and qi, we
used a screened Coulomb interaction fC :

fC(�; qi, qj, mi, �i, �j) =
qiqj

4��0mi�

 1
�

+
1√
�i�j

 e−�/
√

�i�j . [5]

In order to find the mass and charge of all particles at a specific z position, we
performed a global least-squares fit of every pair of particle interactions. For
example, for a given z position, let f̄ij(�) represent the model’s prediction of
particle j’s reduced force on i at vertical position zi = zj = z and horizontal
separation �:

f̄ij(�) =
gint(�, z, z, si, sj)

�
. [6]

In the fitting procedure, we aim at finding the optimal values of{qi, qj, mi, �i, �j}
that minimize the following loss function:

LC =

Np∑
i=0

Np∑
j=0,j 6=i

[a,b,c]∑
�

(
f̄ij(�)− fC(�; qi, qj, mi, �i, �j)

)2
. [7]

Here, [a, b, c] defines which particle interactions to include in the sum. The
minimum separation is � = a, the maximum separation is � = b, and
particles within a small range c are included at each separation. For Fig. 3, we
chose a = 0.3 mm, b = 1.2 mm, and c = 0.01 mm. We note that the charge
and the mass are coupled in the fitting procedure since they appear as a ratio.
For example, if we decrease all particles’ mass by a factor of 4, and decrease
all particle’s charges by a factor of 2, the fitting quality would not change. Thus,
we added a constraint in the fitting that the average mass of the particles in
the shaded area in Fig. 4B should be 1.65 ng, the average mass reported by the
manufacturer. The above procedure was implemented for each of the 10 trained
models, and the average qi and mi over all 10 models plus their SD is reported
in Fig. 4.

Data, Materials, and Software Availability. Experimental data and machine
learning code data have been deposited in https://github.com/wyu54/many-
body-force-infer (92).
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