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Symplectic simulation of space-charge effects is crucial for the design and operation of high-intensity
particle accelerators. Traditional methods for simulating these effects are often computationally expensive,
resulting in significant overhead. In this work, we introduce a generative model based on a U-Net
architecture within a generative adversarial network framework to efficiently simulate space-charge effects.
The model is trained to predict the transverse multiparticle space-charge Hamiltonian, which can be
physically computed using a gridless spectral method. The one-step symplectic transverse transfer map for
the particles is then obtained by differentiating the predicted Hamiltonian. Benchmarking results
demonstrate that this generative model achieves an order of magnitude higher computational efficiency
compared to the spectral method, providing a highly efficient alternative for simulating space-charge effects
with a large number of particles. By maintaining symplecticity, the model effectively preserves the phase-
space structure and mitigates nonphysical errors in long-term simulations. This model has been integrated
into JuTrack, a novel autodifferentiable accelerator modeling code developed in the Jjulia programming

language.
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I. INTRODUCTION

The advancement of particle accelerators has signifi-
cantly expanded the frontiers of physics research [1-3] and
enabled various applications in industry [4-6]. As the
intensity of particle beams increases, space-charge effects
from the Coulomb interactions inside the beam become a
critical factor influencing beam dynamics, such as shifts of
synchrotron and betatron frequencies, emittance growth,
halo formation, and beam instabilities that can degrade the
performance of accelerators [7].

Accurate simulation of space-charge effects is important
for the design, optimization, and operation of high-intensity
accelerators. Because of the collective nature of the space-
charge forces, one has to consider the entire distribution of
the particles, which is much more complicated than single-
particle dynamics. Particle-in-cell (PIC) simulations, which
use a computational grid to obtain the charge-density
distribution to solve the Poisson equation, are widely used
to calculate the space-charge forces [8—10]. However, PIC
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codes usually do not satisfy the symplectic condition of
multiparticle beam dynamics, leading to nonphysical errors
in long-term tracking. To preserve symplecticity, a gridless
spectral method was proposed to directly study the multi-
particle Hamiltonian and calculate the space-charge forces
[11]. This method preserves the phase-space structure
and shows much less numerical emittance growth than
the PIC model. The computational cost for these methods
usually scales worse than the N ,, which can be a significant
challenge for simulating a large number of particles.

Inrecent years, there has been a growing interest within the
accelerator community in utilizing machine learning models
as alternatives to traditional simulation tools to accelerate the
simulation by learning high-fidelity simulation data [12-16].
Specifically, machine learning-enhanced collective effect
simulations have become a notable area, such as the surrogate
modeling of coherent synchrotron radiation [17-19] and
space-charge effects [20]. Some specific machine learning
methods are also developed, such as symplectic neural
network that maintains the symplectic condition [21] and
modular simulation calculations with physics constraints
[22,23]. Machine learning algorithms, such as neural net-
works, have demonstrated remarkable capabilities in learn-
ing complex mappings from input data to desired outputs,
offering potential reductions in computational effort.
Moreover, generative models such as generative adversarial
networks (GANSs) [24] further enhance these capabilities by
learning data distributions and generating high-fidelity
samples in deep learning tasks [25,26].
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In this work, we propose a generative model based on a
U-Net [27] architecture integrated within a GAN framework
to efficiently learn the space-charge effects in particle
accelerators. The U-Net serves as a deep autoencoder
composed of multiple layers of convolutional neural net-
works [28], enabling the model to capture complex spatial
features and mappings between input and output data. By
training the model with randomly generated beam distribu-
tion data, it effectively learns the hidden correlations between
the charge density distribution and the Hamiltonian of space
charge from macroparticles, whose true value is calculated
with a gridless spectral method proposed in [11]. The one-
step symplectic transfer map for the particles is then obtained
by differentiating the predicted Hamiltonian, which ensures
the preservation of symplecticity in the simulation. This
approach not only accelerates the simulation process by
reducing computational overhead but also maintains the
symplectic properties of the system, providing a faster
alternative for long-term beam dynamics studies. We have
integrated this machine learning-based space-charge effects
model into JuTrack [29], a novel Julia-based particle tracking
code specially designed with automatic differentiation
capability, which has been integrated into various simulation
codes such as Cheetah [20], SciBMad [30], and a symplectic
space-charge code [31].

This paper is organized as follows: In Sec. II, we provide
the theoretical background on space-charge effects and the
gridless spectral method. Section III details the methodol-
ogy, including the preparation of the training data, the
model architecture, and the training procedure. In Sec. IV,
we demonstrate the performance of our model. Section V is
the conclusion.

II. SYMPLECTIC MODEL OF SPACE-CHARGE
FORCES

In this work, our objective is to develop a machine learning
model that learns the symplectic transfer map of space-
charge forces in particle accelerators. An intuitive approach
is to predict the Hamiltonian function of the system. By
modeling the Hamiltonian, the self-consistent space-charge
simulation is solved by the following equations:

Np Np N; N,

dr; oH

el P 1
ds apl ( )
dp;  oH
Do 2 2)
ds ar;

where H(ry,p;,Tr>,Ps,--.,s) is the Hamiltonian of the
system, and r; and p; represent the canonical coordinates
and momenta of the ith particle, respectively. The conjugate
coordinate-momentum pairs inherently preserve symplec-
ticity in the simulation.

The Hamiltonian of the system can be written as
H = H, + H,, where H,(r, p) includes the external fields
from the accelerator beamline elements, and H,(r) repre-
sents the space-charge Hamiltonian. For a coasting beam,
H, can be written as [31],

S )] ®

where K = gl /(2reopov3y3) is the generalized perveance,
q is the charge of a particle, / is the beam current, ¢ is the
dielectric constant in vacuum, p,, vy, and y, are the
momentum, velocity, and relativistic factor of the reference
particle, respectively, and ¢ is the space-charge Coulomb
interaction potential.

As in [31], we assume that the coasting beam is inside a
perfectly conductive rectangular pipe and consider only the
transverse plane. The electric Coulomb potential can be
obtained by solving the Poisson equation,

Pp P

w2 o= —4np, “
where ¢ is the electric potential and p is the charge density
distribution of the beam.

Following the boundary conditions of the perfectly con-
ducting rectangular pipe, using a Galerkin spectral approxi-
mation method [32], the space-charge Hamiltonian H, is
obtained as [33],

1
H, = 47za——z Z Z Z 5—sin(ax;) sin(f,,y;) sin(a;x;) sin(fB,,y;) 5)

1’11/1[7 =17Im

where N; and N,, are the number of modes in the horizontal and vertical plane, respectively. a; = Ix/a, f,, = mn/b, a is the
horizontal width of the pipe, b is the vertical width of the pipe, and y?, = a? + 2.
The one-step symplectic transfer map of the ith particle is then obtained,

Dxi (T) = pxi(o)

K N N
T 5 Z Z P"ay cos(ax;) sin(f,,y;) (6)
=1 m=1
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)

where ¢ is the space-charge potential in the spectral
domain,

N
4 1 &K1
m—4r— —N"_sin(ax; ). (8
= Do ) cosBuy). ®

1. METHODOLOGY

A. Generative model for the space-charge
Hamiltonian prediction

In this work, we propose using a GAN to generate the
space-charge Hamiltonian in the transverse plane based on
the charge distribution of the beam. Our choice of this
particular model is based on experiences of testing a range
of machine-learning architectures under the same training
conditions, spanning from autoencoders to several GAN
variants. With the predicted Hamiltonian, the space-charge
forces can be derived by differentiating it. This task can be
considered an image-to-image task, as the transverse beam
distribution can be converted to a 2D image.

Generative models are a kind of machine learning
algorithm designed to solve generative modeling problems.
The goal of generative models is to learn the probability
distribution of the training data and then generate new
samples that agree with the distribution. GAN is one of the
most successful approaches to generative modeling prob-
lems. A typical GAN consists of two neural networks
trained simultaneously, a generator and a discriminator. The
generator is trained to generate new data that mimics the
target distribution. The discriminator is trained to distin-
guish between the generator’s output and the real data. The
discriminator acts as an adversary to the generator, provid-
ing feedback to improve the quality of the generated data.

[

FIG. 1.

To generate high-fidelity data of the space-charge
Hamiltonian, a U-Net architecture with skip connections
is used as the generator (see Fig. 1). The U-Net is a type of
deep CNN originally designed for biomedical image
segmentation, which quickly gained widespread applica-
tions in nearly all major imaging modalities. The U-Net has
a symmetric autoencoder structure comprising two main
components, an encoder and a decoder. The encoder
consists of multiple downsampling layers that progres-
sively reduce the spatial resolution of the input data. Each
downsampling block includes a 2D convolutional layer
followed by instance normalization [34], which stabilizes
training and enhances convergence. The decoder mirrors
the encoder, using upsampling layers to progressively
restore the spatial resolution. To prevent overfitting, drop-
out layers with a dropout rate of 0.5 are applied within the
decoder.

A key feature of the U-Net architecture is the use of skip
connections [35], which connect layers from the encoder to
the corresponding layers in the decoder. For instance,
features from the first downsampling layer are connected
to the sixth upsampling layer in Fig. 1. Rather than simply
connecting layers in sequence, these skip connections
transmit feature maps from earlier layers to deeper layers,
allowing the network to better retain essential features and
details throughout its depth. This architecture is particularly
well suited for tasks that require precise spatial information,
such as image segmentation and denoising.

Figure 2 shows the structure of the discriminator, which
is a deep CNN with several downsampling layers. Unlike a
traditional GAN discriminator that outputs a single prob-
ability score for the entire image, we use a PatchGAN
design [36] in the discriminator. This patch-based discrimi-
nator evaluates small patches in the image instead of the
entire image. Each patch is classified as real or fake,
allowing the model to focus on local patterns.

B. Data preparation and model training

To capture the behaviors of the space-charge effects
under different conditions, we synthesize 10,000 different

s

Schematic diagram of the generator. The generator is a U-Net that consists of seven downsampling layers and seven

upsampling layers. The spatial resolution of the image is reduced in the downsampling layers and restored in the upsampling layers.
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FIG. 2. Schematic diagram of the discriminator. The input
images are divided into 16 x 16 small patches. Each patch is
evaluated by the convolutional neural network as real or fake.

beam distributions in x —y space, including Gaussian
beams, multi-Gaussian beams, rotated Gaussian beams,
core-halo beams, and irregular beams. For Gaussian beams,
the standard deviations ¢ are sampled uniformly up to
2 mm, with centroid offsets in both x and y up to 5 mm. The
multi-Gaussian beams are weighted combinations of multi-
ple single Gaussian beams with the relative weights for
each of them sampled uniformly. The core-halo beams are

mixtures of a narrow core Gaussian with a broad halo
Gaussian, with the core-halo ratio chosen randomly and the
core always dominating. The irregular beams are generated
from a standard Gaussian perturbed by random spatial
distortions and skewness. Each beam contains 1 million
particles, which is a challenging number for traditional
collective effect simulations. A total of 90% of the datasets
are randomly selected as training data, while 10% of them
are used for testing.

For the convenience of data processing, the transverse
coordinates of all particles are confined to the range of —10
to 10 mm, which is sufficiently large for most high-
intensity accelerators. Within the 10 x 10 mm rectangular
range, the space is divided into 128 x 128 grids for the
calculation of the 2D histogram of the beam distribution.
The 128 x 128 histogram is taken as the input image of the
machine learning model. The number of grids is chosen to
balance model accuracy and efficiency. While increasing
the number of grids may enhance accuracy, it also leads to a
significant decrease in efficiency.

For the purpose of model prediction, we also generate
128 x 128 virtual particles positioned at the center of each
grid. While these virtual particles do not contribute to the
actual space charge, we can calculate the space-charge
Hamiltonian they experience due to the real beam by the
physical model introduced in Sec. II. The space-charge
Hamiltonian of the virtual particles is converted to an image
with 128 x 128 pixels, which is the target image of the
generator. The space-charge Hamiltonian values of the real
particles can be derived by interpolating to the image.

The generator and the discriminator are trained simulta-
neously with the training data. Two loss functions, L
and L, are defined for the generator and discriminator,
respectively,

N N
Lo =~ > (v loglD(x, Glx))] + (1 = y,)logll — Dx,. G} + 45, > I6(x) ~ ¥ ®
i=1 i=1
Lp= —%Z[y,- log(D(x;,y;))] — 12{(1 —yi) log[1 — D(x;, G(x;))]} (10)

where x; is the input data of the ith training sample, y;
represents its label (1 for real samples and O for fake
samples), G(x) represents the fake data generated by the
generator based on the input x, D(x,y) represents the
discriminator’s output, and Y represents the real target
image.

The first term in L is the adversarial loss that encour-
ages the generator to produce images as realistic as possible
to fool the discriminator, and the second term in L is the
L loss measuring the pixelwise similarity between the

P—

target and generated images. Based on a systematic
parameter search, the coefficient of the L; loss 4 is set
to be 1. The first and second terms in £ represent the loss
function for evaluating the real and fake samples, respec-
tively, which encourage the discriminator to output 1 for
real images and O for fake images.

The training of a GAN is known to be challenging due to
the unique adversarial dynamics between the generator and
the discriminator. When one of the two neural networks
progresses faster than the other, the competition between
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FIG. 3. The coefficient of determination R? calculated for all

the test data. The x axis is the value of R? and y axis is the number
of samples.

them becomes imbalanced, leading to one-sided outcomes.
For instance, if the generator gains an advantage, it might
start producing a limited set of similar images that can
reliably fool the discriminator. Conversely, if the discrimi-
nator becomes too strong, it may perfectly identify all
generated images as fake, leaving the generator with
minimal gradient information to learn from. In this work,
it is empirically found that it is easier to train the
discriminator than the generator. To maintain a balanced
training dynamic, we set the discriminator’s learning rate to
be one-tenth of the generator’s learning rate. Additionally,
rather than training the discriminator at every iteration, we
update it only once for every five generator updates. This
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approach helps to prevent the discriminator from over-
powering the generator, fostering a more stable adversarial
process. All neural networks used in this work are con-
structed and trained with PyTorch [37], a powerful open-
source machine learning platform in Python. The training
takes nearly 20 h on a NVIDIA A100 Tensor Core GPU.

IV. RESULTS

A. Model evaluation

To evaluate the predictive performance of the machine
learning model, we apply the model to the testing data to
predict the space-charge Hamiltonian. Figure 3 shows the
coefficient of determination, R, for all the test data, which
evaluates how well the observed outcomes are predicted by
the model. An R? of 1 indicates that the model’s predictions
perfectly fit the data, while an R? close to 0 suggests a poor
fit. The results indicate that, for most of the test data, the
model achieves high accuracy, with an R? over 0.9. This
high accuracy demonstrates that the model reliably captures
the underlying relationships within the data, providing
robust predictions across a variety of test cases.

Despite the overall high accuracy achieved on the test
data, a few cases exhibit low R? values. These worst-
performing cases are typically core-halo distributions hav-
ing unusually large halos, which make it challenging for the
model to extract meaningful information from the input.
Nevertheless, such cases represent only a small fraction of
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FIG. 4. Beam distribution that is the combination of two different Gaussian beams and the corresponding predicted space-charge
Hamiltonian. (a) 2D histogram of beam distribution in x — y plane. (b) Predicted space-charge Hamiltonian values on all virtual particles
in the 10 x 10 mm space. (¢c) Smoothed prediction. (d) Space-charge Hamiltonian calculated by the physical model, i.e., the ground
truth in the training of the generative model. (e) Difference between the prediction and the truth. (f) Difference between the smoothed

prediction and the truth.
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FIG. 5. Derivatives of the predicted space-charge Hamiltonian and derivatives of the smoothed prediction. (a),(b) Derivatives of the
prediction with respect to x and y, respectively. (c),(d) Derivatives of the smoothed prediction with respect to x and y, respectively.

the data, and the model’s predictive performance remains
reliable across the majority of beam distributions.

To validate the performance of the generative model, a new
validation sample is created as shown in Fig. 4(a), which is
the combination of two Gaussian beams whose centers are
each offset by 6 mm, just beyond the 5 mm maximum used
during training. This beam distribution is generated solely for
testing purposes and may be unrealistic. Figure 4(b) presents
the predicted space-charge Hamiltonian values for all virtual
particles located at the center of each grid, with the
generalized perveance K normalized to 1. When compared
to the real space-charge Hamiltonian calculated using the
symplectic physical model [see Fig. 4(d)], the predicted
Hamiltonian demonstrates reasonable accuracy in the beam
region. While larger errors are observed in the area where no
particles are present, the prediction remains accurate within
the beam region, with errors staying below 5%.

To ensure the symplectic condition, it is essential to build
a differentiable function of the Hamiltonian, instead of the
discrete predictions on the virtual particles given by the
generative model. In each integration step, the space-charge
force is approximated by an external field described by this
Hamiltonian and all particles experience the same field.
Here we fit a cubic spline function to the predicted space-
charge Hamiltonian values on the virtual particles. This
spline representation of the Hamiltonian is given by

N, Ny

Hy(x,y) = Z > cijBi(x)B;(y),

i=1 j=

=

(11

where N, and N, denote the number of basis functions B in
each dimension, and c; ; are the fitting coefficients.

The derivatives of the Hamiltonian, shown in Figs. 5(a)
and 5(b), are computed by differentiating the spline
expression in Eq. (11). However, this process shows
noticeable noise, primarily due to small discontinuous
fluctuations in the predicted Hamiltonian values at the grid
points, resulting in irregular and noisy derivatives. To
reduce this noise, Gaussian kernel smoothing [38] is
applied to the predicted space-charge Hamiltonian values.
The smoothed Hamiltonian is calculated by convolving
the original Hamiltonian with a 2D Gaussian kernel, as
expressed by

Y smoothed = Yoriginal *« kernelyp (12)
where kernel,p is the 2D Gaussian kernel and * denotes the
2D convolution operation.

The smoothed prediction is shown in Fig. 4(c). While the
differences between the smoothed and original predictions
are small, the effect of smoothing is clearly visible in the
derivatives. In Figs. 5(c) and 5(d), it is observed that the
smoothing process significantly improves the smoothness
of the derivatives, reducing the irregularities and noise
presented in the unsmoothed results. Although some
artifact errors are introduced at the boundaries of the 10 x
10 mm space due to the smoothing process, the beam
region itself is improved with greater consistency.

By differentiating the smoothed Hamiltonian, we calcu-
late the space-charge forces applied to each particle in the
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FIG. 6. The space-charge kicks applied on a million particles within the beam shown in Fig. 4(a). The upper row shows the horizontal
forces and the lower row is the vertical forces. The first column from left to right presents the results obtained from the generative model
with Gaussian kernel smoothing, the second column presents the results of the spectral approach calculated with JuTrack, and the third

column is the difference between the two approaches.

beam, which are essential for determining the one-step
symplectic kicks. Figure 6 illustrates the space-charge
forces acting on one million particles in the double-
Gaussian beam. The results obtained using the generative
model, after smoothing, align closely with those calculated
using the physical model in JuTrack [29], with a maximum
error of less than 10%. This agreement demonstrates the
model’s effectiveness in capturing the complicated space-
charge effects within the beam, suggesting the reliability of
the generative model in approximating space-charge kicks
for beam dynamics simulations.
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FIG. 7. Emittance growth caused by space-charge effects
calculated by the physical model and the generative model.
Np represents number of macroparticles implemented.

B. Space-charge-induced emittance growth

Emittance growth caused by space-charge effects can
degrade beam quality and even result in particle loss in
high-intensity accelerators. Accurately simulating this
growth over long-term tracking is challenging, as numerical
emittance growth can still occur, even in self-consistent
symplectic models. To investigate space-charge-induced
emittance growth, we simulate a 1 GeV Kkinetic energy
proton beam transported through periodic FODO cells using
JuTrack. The transverse beam distribution is Gaussian with a
normalized emittance of 1 mm mrad, and the beam current is
setto 100 A. The FODO cell structure consists of drift spaces
(D1, D2, and D3) and quadrupoles (Q1 and Q2). The lengths
of the drift spaces are 0.2 m for D1, 0.4 m for D2, and 0.2 m
for D3. Q1 and Q2 are quadrupoles with opposing focusing
strengths, each with a length of 0.1 m.

Figure 7 illustrates the emittance growth, (:—XO:—O— 1),
over 20,000 periods, as calculated by the generative model
using different numbers of macroparticles. For comparison,
the physical model is also used to compute space-charge-
induced emittance growth, with a spectral mode of 15 and
the same number of macroparticles.

The results in Fig. 7 reveal a strong dependence of
emittance growth on the number of macroparticles, with
more macroparticles leading to reduced emittance growth,
implying that both methods are subject to Monte Carlo
sampling errors. Initially, both models show a rapid
increase in emittance due to the redistribution of the
mismatched beam, while the generative model exhibits a
slightly lower rate of increase compared to the physical
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Comparison of trajectories of several particles in x — p, space within 20,000 periodic FODO cells. (a),(b) Trajectories

distorted by space-charge effects calculated by the physical model and the generative model, respectively. Av, represents tune shift

caused by space-charge effects.

model. This discrepancy is mainly due to the difference in
the space-charge Hamiltonian given by the two models.
Once the beam is matched, the rapid growth of emittance
stops, and the subsequent emittance growth rates are close
for both models, as evidenced by the nearly parallel slopes
of the curves for each macroparticle count. This alignment
demonstrates that the generative model and the physical
model agree well in predicting long-term behaviors.

Figure 8 shows several trajectories over 20,000 periodic
FODO cells in x — p, space. The tunes are calculated based
on the last 1000 periods of trajectories. Here the strength of
the second quadrupole is slightly reduced to avoid the
linear resonance. Compared to the baseline case without
space charge, the trajectories clearly reveal distortions
introduced by the space-charge forces. Although the gen-
erative model’s trajectories exhibit differences relative to
the physical model, both models predict close space-
charge-induced tune shifts, implying that the dominant
nonlinearities are accurately retained by the generative
model.

C. Efficiency of the model

To evaluate the efficiency of the generative model, we
simulate the space-charge effects for beams with varying

2

10”4 —$— ML model
—$— Physical model
10' 4
o
=] 0 J
& 10
1075

100,000 1,000,000 10,000,000

Number of macroparticles

10,000

FIG. 9. Computational time required by the generative model
and the spectral model for each space-charge kick calculation.

numbers of particles and measure the computational time
required by the generative model and the spectral model.
All the computations are conducted on a personal laptop
with a moderate CPU without using GPU capabilities. Note
that here we only consider the time required for the field
solver, and the time required for the particle pusher is not
considered, as this process is typically the same for
different methods. The computational time for calculating
a single space-charge kick using the generative method
includes the time for 2D histogram calculation, model
prediction, Gaussian kernel smoothing, and differentiation
of the smoothed Hamiltonian to calculate the space-charge
forces on all particles.

As shown in Fig. 9, the generative model takes slightly
more time than the spectral model when the number of
particles is only 10,000. This is due to the overhead
associated with generating the predicted Hamiltonian and
performing the interpolation, which dominates the com-
putational cost at lower particle counts. When the number
of particles exceeds 100,000, the overhead in the gen-
erative model becomes negligible, and both the spectral
model and generative model exhibit a linear increase in
the computational time as the number of particles grows.
Compared to the spectral model, the generative model
remains consistently faster by more than an order of
magnitude.

This performance is attributed to the generative model’s
ability to compute the Hamiltonian over the entire grid in a
single forward pass, avoiding the computationally intensive
particle-to-particle interactions typically required for space-
charge calculations. In contrast, the spectral method’s
computational cost grows linearly with the number of
particles, making it less efficient for large-scale simula-
tions. In addition, the efficiency of the generative model can
be further enhanced with advanced GPU devices, as the
model built on PyTorch is naturally designed for GPU
acceleration. The results highlight the scalability and
practicality of the generative model for high-intensity beam
simulations, where large particle numbers are necessary for
accurate representation of space-charge effects.
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V. CONCLUSION

In this work, we introduced a symplectic generative
machine learning model to efficiently simulate transverse
space-charge effects. By using a U-Net architecture within
a GAN framework, our model predicts the transverse
space-charge Hamiltonian based on the particle distribution
and derives the corresponding symplectic transfer map via
differentiation. The proposed model preserves the sym-
plectic nature of beam dynamics, reducing nonphysical
errors for long-term simulations.

The results demonstrate that the model achieves high
accuracy in predicting the space-charge Hamiltonian, with
an R? exceeding 0.9 across most test cases. By applying
Gaussian kernel smoothing to the predicted Hamiltonian,
the gradient noise in space-charge forces is significantly
reduced, ensuring consistent results for space-charge kicks.
Furthermore, the generative model provides an order-of-
magnitude improvement in computational efficiency com-
pared to the spectral method, particularly for simulations
involving a large number of particles.

We demonstrate a practical application of the generative
model by integrating it into JuTrack, a Julia-based autodiffer-
entiable accelerator modeling code. This model effectively
preserves symplecticity in the simulation, resulting in
similar growth rates of transverse emittance compared to
the physical model in long-term tracking.

The symplectic machine learning model represents an
efficient alternative in the simulation of collective effects
such as space-charge effects. Its high accuracy, computa-
tional efficiency, and ability to preserve phase-space
structure make it a valuable tool for the simulation of
high-intensity accelerators. Future work could explore
extending the model to three-dimensional space-charge
simulations and incorporating additional physical effects,
such as beam-beam interactions and wakefield forces.
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