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Key Advantages over Thresheld-Based Methods
+ Model-agnostic: Works across different MHD instability scenarios
v Handles finite Larmor radius effects and non-conserved invariants
v Attention mechanism identifies critical transition moments
+ Enables quantitative analysis of large particle populations efficiently

Public summary

m Developing a bidirectional LSTM neural network with self-attention mechanism for automatic classification of alpha
particle orbit transitions in tokamak fusion plasmas. The system processes 11-dimensional time-series data to distin-
guish between four particle states, overcoming limitations of traditional threshold-based methods when finite Larmor ra-
dius effects become significant.

m Creating a machine learning framework that analyzes high-energy alpha particle behavior during magnetohydrodynamic
instabilities by learning temporal patterns from multidimensional trajectory data. This approach enables efficient classi-
fication of billions of particles from small labeled datasets, providing new tools for understanding particle confinement
and redistribution patterns.

m Implementing self-attention mechanism that automatically identifies critical moments in particle trajectories, offering in-
terpretable insights into potential physical mechanisms driving particle state changes. The attention weights highlight
key temporal regions that may correspond to important transitions between trapped and passing states in tokamak plas-
mas.
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Abstract: In tokamak plasmas, particles undergo transitions between trapped and passing states under magnetohydro-
dynamic instabilities. We developed a four-class bidirectional LSTM neural network with self-attention that categorizes
particles as consistently passing, consistently trapped, passing-to-trapped, or trapped-to-passing. Using 11-dimensional
time-series data (position, momentum, magnetic field, pitch angle parameter, and toroidal angle), the model generates at-
tention weights that highlight critical moments in particle trajectories. Trained on a small labeled subset, our classifier effi-
ciently scales to large-scale simulations, supporting detailed analysis of transition dynamics. We demonstrate this ap-
proach using alpha particles with significant finite Larmor radius effects, and the methodology can be adapted to different
instability scenarios through retraining.

Keywords: burning plasma; trapped-passing transitions; magnetohydrodynamic instabilities; LSTM; attention mechanism
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1 Introduction

Transitional particles, which undergo changes between
trapped and passing states, play a crucial role in particle trans-
port and spatial redistribution in tokamak plasmas. These
transitions directly influence the overall particle distribution
patterns, as trapped (banana) orbits and passing orbits have
fundamentally different spatial characteristics, particularly in
their high-field side (HFS) and low-field side (LFS) distribu-
tions. Previous studies! have established the importance of
these transitional particles, with research by'*” demonstrating
that passing and trapped energetic ions influence magnetic
hydrodynamic instabilities differently. Accurate classifica-
tion of these particle states and transitions is therefore crucial
for understanding their collective behavior and impact on
plasma dynamics, requiring quantitative analysis of transition
statistics to determine how many particles undergo each type
of transition and how these transitions contribute to particle
redistribution between HFS and LES regions.
Threshold-based classification methods face fundamental
limitations when finite Larmor radius effects and steep elec-
tromagnetic field gradients from MHD instabilities become
significant. In static magnetic fields, where particle motion is
constrained by invariants (magnetic moment x and kenetic
energy E,), the pitch angle parameter
mv: /2 B,

= 5B (1

E;

A

serves as an effective criterion™” to distinguish trapped

particles!""”! from passing particles, where v, are the velocity
components perpendicular to the magnetic field direction, the
constant B, is the reference magnetic field strength (in toka-
maks typically taken as the magnetic field at the axis).
Trapped particles are characterized by:

1

> BB 2

where B,, is the maximum magnetic field strength along the
guiding center magnetic field line. For example, numerical
simulations reveal that alpha particles!*"*! with significant fi-
nite Larmor radius effects during Double Tearing Mode
(DTM) instabilities"” exhibit complex transitional dynamics
between trapped (banana) and passing states that cannot be
accurately captured by simple threshold criteria. The com-
plex dynamics invalidate the underlying assumptions: mag-
netic moment u is no longer conserved, kinetic energy E;
varies, and the reference magnetic field line for determining
B, becomes ill-defined due to large gyroradius excursions
comparable to the characteristic scales of magnetic perturba-
tions.

Machine learning techniques are increasingly being integ-
rated into plasma physics research”", offering powerful
tools for pattern recognition in complex systems. To address
the fundamental limitations of threshold-based methods, we
develop a universal, data-driven approach that circumvents
threshold ambiguity entirely. Our methodology learns to
identify transition patterns directly from well-defined physic-
al quantities without relying on assumption-based criteria. By
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incorporating these fundamental physical quantities into a bi-
directional Long Short-Term Memory (LSTM) neural net-
work with self-attention mechanism™", we successfully
trained a four-class classifier capable of distinguishing
between different particle state types: consistently passing,
consistently trapped, passing-to-trapped, and trapped-to-
passing. This automated pipeline enables quantitative analys-
is of transition statistics in large-scale simulations: automatic-
ally determining how many particles undergo each type of
transition (passing-to-trapped vs trapped-to-passing), and sys-
tematically evaluating how these transitions contribute to
particle redistribution between HFS and LFS regions. This
data-driven approach provides a robust tool for understand-
ing the collective impact on plasma confinement.

The remainder of this manuscript is structured as follows:
Section 2 details our simulation framework and the architec-
ture of our LSTM-attention neural network, including simula-
tion parameters and machine learning methodology. Section 3
presents our analysis of alpha particle transition dynamics,
featuring detailed case studies of both passing-to-trapped and
trapped-to-passing transitions, and demonstrates the correla-
tion between attention weights and critical events. Section 4
concludes with a discussion of our neural network methodo-
logy and outlines directions for future large-scale simulations
of alpha particle dynamics in tokamak plasmas.

2  Methodology

2.1 Simulation setup and particle tracking

Our study employs a test particle approach to investigate al-
pha particle dynamics in electromagnetic fields obtained from
MHD simulations. Since 3.5 MeV alpha particles have much
higher energy than the background plasma and operate on
much shorter characteristic timescales, they cannot be effect-
ively modeled within the MHD framework. Additionally, as
alpha particles are far fewer in number compared to the back-
ground plasma, the test particle approach is appropriate.

The temporal evolution of magnetic and electric fields is
calculated using the M3D code, which solves the resistive
MHD equations. For simplicity, the simulation is performed
with low beta and uniform background plasma density, using
a g-profile with weak negative shear as illustrated in Fig. 1.
While tearing modes themselves originate from resistivity, the
evolution of tearing modes spans 0-4000 Alfvén times. With-
in the brief 200 Alfvén time window, the collision effects
between background plasma and o particles remain negli-
gible, with electromagnetic forces dominating. We exclus-
ively simulate a particle dynamics during the saturation
phase of tearing modes between 2000-2200 Alfvén times. As
shown in Figs. 2 and 3, the Poincaré plots of magnetic field
lines at the ¢ =0 poloidal cross-section at 2000 and 2200
Alfvén times provide a visualization of the magnetic island
structures during this phase. The interaction between the two
islands can contribute to their mutual growth and energy re-
lease.

The simulations are performed using ITER-like parameters:
major radius R, = 6.2 m, minor radius a = 2.0 m, elongation
« = 2.0, and triangularity ¢ = 0.5. The magnetic field strength
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Fig. 1. Safety factor profile with weak negative shear. r is the normal-

ized poloidal magnetic flux.
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Fig. 2. Poincaré plot of DTM magnetic field lines at ¢ =0 cross-section,
t=20007,4.

at the axis is B, =5.18 T, resulting in an Alfvén velocity of
vy =9.76 x 10° m/s and Alfvén time 7, =6.35x 107 s. For
3.5 MeV alpha particles, the cyclotron frequency is
w,=25%x10* s,

The electromagnetic field evolution is simulated over 4000
Alfvén times. For our analysis, we select a representative time
window: 2000-2200 Alfvén times corresponding to the satur-
ated perturbation phase, as the tearing mode reaches satura-
tion around 2000 Alfvén times. The Double Tearing Mode in-
stabilities are characterized by a perturbation magnetic field
amplitude of ~10~° T and operate in the low-frequency re-
gime (w = 0 in the plasma frame). These parameters are typ-
ical for resistive MHD instabilities in ITER-like conditions,
where the perturbation remains small compared to the equilib-
rium field (6B/B, ~107°) while still significantly affecting
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Fig. 3. Poincaré plot of DTM magnetic field lines at ¢ =0 cross-section,
t=220074.

particle trajectories. Initially, the electric field perturbation is
zero, with its evolution tied to the development of the tearing
mode (see Eq. (A2)).

The initial alpha particle distribution is designed to reflect
realistic fusion plasma conditions. Spatially, particles are dis-
tributed following a parabolic profile with respect to the nor-
malized poloidal magnetic flux y, defined by the density
function p(¥) o< (1 —y)*. This profile accounts for the higher
alpha particle production rate in denser plasma regions near
the magnetic axis. The distribution spans the entire tokamak
volume, with uniform sampling across all toroidal angles
¢ €[0,2m). All alpha particles are initialized with an energy
of 3.5 MeV, typical of fusion-born alpha particles. While the
energy is uniform, the momentum directions are randomly
distributed, ensuring isotropic coverage of velocity space.

Particle trajectories are computed using the Accurate
Particle Tracker (APT)™ with a time step of 0.1 gyroperiod,
ensuring accurate resolution of particle motion even in re-
gions of steep field gradients. The electromagnetic field data
is updated every 10 Alfvén times during particle pushing. We
employ full-orbit particle tracking rather than guiding-center
approximations because the latter assumes p, < Lem, Where
p. is the Larmor radius and L., represents characteristic
system length scales. For 3.5 MeV alpha particles in ITER-
like parameters, p, # 5 cm, which becomes comparable to the
width of magnetic islands and steep gradient regions, violat-
ing the guiding-center assumption. The simulation results
have been cross-verified . using an independent  full-orbit
particle tracer, ParticleTracker.jl®”, confirming consistent
magnetic moment variations. This level of w variation is ex-
pected in full-orbit simulations of energetic particles with sig-
nificant finite Larmor radius effects, as previously observed
in runaway electron studies™”.

2.2 Neural network architecture: BiLSTM with self-at-
tention

For the neural network analysis, we sample 200 equally
spaced points from each trajectory, providing sufficient tem-
poral resolution to capture the transition dynamics while
maintaining computational efficiency. Each sampled state is
characterized by an 11-dimensional vector consisting of: posi-
tion coordinates (X), momentum (P), local magnetic field

-3

(B), pitch angle parameter (A), and toroidal angle (¢). The
collection of these 200 samples forms what we call a particle
trajectory, resulting in a data structure with shape (200,11).
This representation approach borrows from the concept of
word embeddings”"**, aiming to capture the contextual clues
of causally-related time series for particles.

Although the pitch angle parameter can be derived from
other inputs, we deliberately include it as a separate feature in
our input vector for several important reasons. In static mag-
netic fields, A serves as an invariant that directly reflects
particle motion characteristics, making it a physically -signi-
ficant feature. By explicitly including this input, we provide
the network with a feature that has clear physical interpreta-
tion under equilibrium conditions. This approach is particu-
larly beneficial for the unsupervised learning of attention
weights, which helps identify critical transition moments in
particle trajectories.

In electromagnetic perturbation environments, the physical
behavior becomes significantly more complex and can't be
described by simple mathematical formulas. The pitch angle
parameter undergoes substantial oscillations. Our research
aims to capture these complex relationships that are difficult
to express using analytical methods. By including A along-
side its constituent variables, we help the neural network bet-
ter understand particle dynamics under perturbation. One pur-
pose of using interdependent data is to encourage the neural
network to learn non-linear feature dependencies in its hid-
den layers. LSTM networks can learn these temporal relation-
ships, while cross-entropy loss®"! helps identify complex pat-
terns across multiple time series simultaneously. This enables
the model to detect subtle correlations between different in-
puts that collectively determine transition outcomes.

From a deep learning practice perspective, providing re-
dundant information to neural networks can be beneficial for
classification tasks. Different representations of related in-
formation can help the network build more robust internal
representations.

2.2.1 LSTM Core Design

The choice of bidirectional LSTM™! with self-attention mech-
anism is motivated by the nature of our trajectory classifica-
tion task. Unlike sequential prediction tasks where models
generate outputs step-by-step, our goal is to classify each
complete 200-timestep trajectory into one of four categories
based on the particle's behavior across the entire sequence. In
addition, the bidirectional architecture is particularly advant-
ageous for scalability to larger datasets, allowing future ex-
pansion of the training set to further improve network accur-
acy. Convolutional Neural Networks (CNNs), while effective
for spatial pattern recognition, are fundamentally limited for
this application due to several factors: (1) CNNs primarily
capture local temporal patterns within fixed receptive fields,
struggling with long-term dependencies across 200-timestep
sequences spanning multiple orbit periods; (2) CNNs are in-
herently order-agnostic, whereas temporal sequence is critic-
al for distinguishing passing-to-trapped from trapped-to-
passing transitions; (3) For trajectory classification tasks re-
quiring global temporal context, CNNs cannot effectively in-
tegrate information across the entire sequence.
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Our architecture detailed in Fig. 4 enables comprehensive
analysis of trajectories from both chronological perspectives,
crucial for elucidating the causal mechanisms underlying state
transitions. The network processes time-series data compris-
ing 200 temporal steps, with each step encoding the complete
11-dimensional state vector.

2.2.2  Self-Attention Mechanism

In addressing the classification of alpha particle orbits, we
utilize the entire trajectory's time-series information but re-
cognize that not all temporal moments contribute equally to
transition dynamics. Rather than treating each time step with
equal importance, we incorporate a self-attention
mechanism”"*, that learns to identify and weight the critical
moments determining particle state transitions.

The self-attention mechanism allows the model to identify
and weight the relative importance of different time segments
in determining transition outcomes. The additive attention
module computes weights «, for each time step ¢ according
to:

a, = softmax(W, tanh(W,h, + b,) + b,) 3)

where h, represents the hidden state at time ¢, and W,, W,, b,,
b, are learnable parameters. This mechanism proves particu-
larly valuable in identifying critical moments in particle tra-
jectories that determine transition outcomes, assigning higher
weights to physically significant temporal features.

This mechanism dynamically weights different temporal
segments of particle trajectories based on their relevance to
the classification task, creating a more flexible and inter-
pretable representation. Unlike standard LSTMs that rely
solely on sequential processing, this additive attention ap-

proach enables the model to directly learn correlations
between arbitrary time steps, regardless of their temporal dis-
tance.

The attention weights revealed in our analysis are not dir-
ectly optimized through supervised learning, but rather
emerge as an indirect consequence of the classification task.
While training the neural network to distinguish between four
distinct classes (consistently passing, consistently trapped,
passing-to-trapped, and trapped-to-passing states), the model
implicitly learns to identify the most informative temporal re-
gions for making these classifications. This unsupervised
emergence of attention distributions provides valuable physic-
al insights, as the network independently discovers temporal
correlations without being explicitly instructed to do so. The
attention mechanism thus serves as an interpretable window
into the model's decision-making process, revealing which as-
pects of particle trajectories are most relevant for determin-
ing their eventual fate.

2.3 Training Methodology

The dataset comprises trajectories of 5 million particles simu-
lated using APT"", from which a subset was carefully selec-
ted for manual labeling through phase space visualization.
This labeled subset, consisting of several hundred trajectories,
was partitioned into training (70%), validation (15%), and test
(15%) sets. Each trajectory was/ classified as passing particle
(label 3), trapped particle (label 2), passing-to-trapped particle
(label 1) or trapped-to-banana particle (label 0). The neural
network model was optimized using cross-entropy loss with
an Adam optimizer"™ initialized at a learning rate of 5x 10™
and weight decay of 107°. To enhance convergence character-
istics and prevent overfitting, we implemented: (1) early stop-
ping with a patience threshold of 20 epochs based on valida-

Four-Class LSTM-Attention Neural Network for o Particle Classification

Input Sequence Bidirectional LSTM

X: Position (3D)

P: Momentum (3D)
B: Magnetic Field (3D)
A: Pitch Angle Param

@: Toroidal Angle

Forward LSTM

Backward LSTM

Hidden Size: 64
Num Layers: 2
Dropout: 0.5

(seq_len, batch_size, 11) (seq_len, batch_size, 128)

lz‘ Trapped->Passing

Passing->Trapped

Self-Attention FC Layers
FC - Tanh - FC FC(128-64)
N2 N
I Softmax (dim=1) L ReLU + Dropout
N2 N
Weighted Sum FC(64-32)
N
Hidden Sjze: 128 ReLU + Dropout
* ¢y
FC(32->4)
(batch_size, 128)*« _ (batch_size, 4)

~
S e

Consistently Trapp;.-& “--p

Attention Weights Output

Consistently Passing

The model processes multidimensional time-series data of particle trajectories through several components: (1) Input layer accepting position (X), mo-
mentum (P), magnetic field (B), pitch angle parameter (A), and toroidal angle (¢); (2) Bidirectional LSTM with 2 layers and 32 hidden units per direc-

tion to capture temporal dependencies; (3) Self-attention mechanism that identifies critical time steps for transition determination; (4) Fully connected

layers with ReLU activations and dropout.
Fig. 4. Neural network architecture for « particle transition classification.
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tion accuracy; (2) gradient norm clipping®” with a maximum
norm of 1.0 to mitigate gradient explosion; (3) dropout regu-
larization with a rate of 0.5 applied between LSTM layers and
within fully connected layers.

Post-training analysis focuses on two key aspects: First, the
classification accuracy, and second, the interpretability of at-
tention mechanisms.

3 Results

3.1 Particle Dynamics Analysis

The pitch angle parameter A is defined in Eq. (1) under static

magnetic field conditions, where A is an invariant. Passing
particles (A < B,/B,,) are characterized by connected traject-
ories on the left side with near-elliptical poloidal orbits, as
shown in Fig. 5(c) before 35 Alfvén times. Trapped particles
(A > By/B,), conversely, undergo "reflection" as
strated in Fig. 6(c) before 170 Alfvén times.

If a particle experiences a strong time-varying electric field
before reaching the tip of a banana orbit (reflection point) and
gains sufficient parallel acceleration before reaching the re-
flection point, then this particle will no longer reflect at its
previous position. Readers can understand this using ‘a mag-
netic mirror as an example: if a particle suddenly gains paral-
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(a) Parallel electric field E; (light blue), particle kinetic energy Ex (tan), and magnetic moment u (green). (b) Pitch angle parameter A = uBy/E; (blue), an-
gular coordinates 6 and ¢ (purple and red), and attention weights (light blue shading). Attention peaks coincide with orbit transitions: initial passing state,
first reflection at approximately 3574, and second reflection at ~62.574. A small spike occurs when A exceeds the threshold at ~207,. (c) R—Z trajectory
showing counterclockwise motion until first reflection at 3574. (d) After the first reflection, the particle completes the outer side of the banana orbit in a

clockwise direction. At ~62.574, it undergoes a second reflection at the lower "tip" of the banana orbit.

Fig. 5. Dynamics analysis of passing-to-trapped state transition for a 3.5 MeV alpha particle under electromagnetic perturbations.
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The representation of physical quantities is similar to thatin Fig. 5. Initially, the pitch angle parameter A > By/B,,, indicating a trapped particle. The atten-
tion weights (blue shading) accurately mark the particle's transition points (¢ = 17074 ), rather than when the poloidal angle (purple) temporarily stays at =
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Fig. 6. Dynamics analysis of trapped-to-passing particle transition for a 3.5 MeV « particle under electromagnetic perturbations.

lel velocity upon reaching the reflection point, it can pass
through the original reflection point-

DTM accompany magnetic reconnection to form magnetic
islands. According to Faraday's law of electromagnetic induc-
tion, the "breaking" and reconnection of magnetic field lines
generate a strong electric field, with the electric field strength
proportional to the magnetic reconnection rate. The peak elec-
tric field near magnetic islands is very large and will signific-
antly affect particle motion. For a typical trapped particle with
a banana orbit period of approximately 50 Alfvén times, if its
reflection point is near a magnetic island, the electromagnetic
field at the original reflection point position will be very dif-
ferent from what it experienced previously at the same loca-
tion.

The simulations in this paper demonstrate that particles un-
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dergoing transitions all have initial pitch angle parameters A
near the threshold. For particles with A already close to the
threshold, under the influence of electric fields, trapped
particles may be accelerated to sufficient parallel velocity to
pass through reflection points and enter passing orbits. This is
called de-trapping. Similarly, passing particles can also trans-
form into trapped particles under electromagnetic field ef-
fects, meaning that kinetic energy E; is not an invariant in
these conditions, as shown in Fig. 5(a). Over 200 Alfvén
times, particles complete approximately 5000 gyration cycles.
On average, the magnetic moment u changes only by 0.001%
per gyration cycle. However, as alpha particles exhibit signi-
ficant finite Larmor radius effects, the total magnetic moment
fluctuation (green line) reaches 8% over the entire 200 Alfvén
times as shown in Fig. 5(a) and Fig. 6(a). Since both u and E;
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are not invariants, this leads to continuous oscillation in A.

Under perturbations, when the average value of A oscilla-
tions crosses the threshold value, particles have a high prob-
ability of undergoing state transitions if finite Larmor radius
effects are negligible. Threshold-based classification relies on
finding B, along the magnetic field line passing through the
particle's guiding center. However, when finite Larmor radi-
us effects become significant (o, comparable to DTM scale),
the guiding center approximation breaks down, leading to non-
conservation of magnetic moment y. Meanwhile, this break-
down undermines the very foundation of threshold-based
classification, as the reference magnetic field line becomes ill-
defined, rendering the B,/B,, criterion fundamentally ambigu-
ous.

The magnitude of this effect is clearly demonstrated in our
simulations: in Fig. 6(c), at ¢ = 1157,, the particle is located at
O~mn (or —n), Z=~0.0m, and exhibits a large gyroradius
(evident from the width of the blue trajectory segments). This
gyroradius is significantly larger than the typical assumption
of small Larmor radius (p, < characteristic length of DTM).
Such large gyroradius excursions make it physically meaning-
less to define a single "guiding center magnetic field line" for
threshold determination, as the particle samples vastly differ-
ent magnetic field regions during its gyromotion.

It should be noted that regardless of the validity of the
guiding center approximation, the magnetic moment y can al-
ways be unambiguously defined for particles in full-orbit sim-
ulations, and therefore the pitch angle parameter A remains
well-defined, albeit continuously oscillating. The challenge
lies not in calculating A, but in determining the appropriate
threshold B,/B,, for classification when the reference magnet-
ic field line becomes ambiguous. In contrast, the neural net-
work learns to identify transition patterns through supervised
learning from the temporal evolution of these fundamental
quantities via data-driven pattern recognition, without relying
on any assumption-based threshold criteria.

To ensure accurate classification, our neural network in-
puts include position coordinates (X), momentum (P), mag-
netic field (B), and toroidal angle (¢). We also excluded pol-
oidal angle (8) because DTM makes the magnetic axis posi-
tion ambiguous, no longer precisely at ITER's nominal
R = 6.2 m, creating calculation difficulties. However, we still
used R = 6.2 m as the center when plotting the poloidal angle
(purple) in Fig. 5(b) and Fig. 6(b), solely to help readers visu-
alize the direction of particle motion in the R-Z plane.

Notably, particles like Fig. 5(c).and Fig. 6(c) with similar
initial conditions may not experience transitions, indicating
chaotic behavior due to DTM influence. This chaotic sensitiv-
ity fundamentally undermines simple threshold-based criteria,
as transition outcomes cannot be determined by any single
threshold crossing. Therefore, representing particles with 11-
dimensional vectors is necessary to capture the full complex-
ity of transitions in such a chaotic system.

It should be emphasized that our data-driven machine
learning approach is designed to be model-agnostic — the
neural network learns to identify transition patterns from tem-
poral evolution of well-defined physical quantities, independ-
ent of the specific underlying wave-particle interaction mech-
anisms. This methodology can be broadly applied to different
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MHD instability scenarios without requiring detailed know-
ledge of perturbation characteristics, making it particularly
valuable for large-scale simulation analysis where multiple
instability modes may coexist.

3.2 Convenient Classification of Particle Transitions us-
ing the Neural Network

Having established the limitations of threshold-based meth-
ods in the presence of significant finite Larmor radius effects,
we now demonstrate the effectiveness of our neural network
approach for particle transition classification. Particle state
transitions in perturbed fields are fundamentally pathway-de-
pendent rather than state-dependent, requiring analysis of the
complete temporal evolution rather than instantaneous state
evaluation. Our bidirectional Long Short-Term Memory
(LSTM) layers with a self-attention mechanism effectively
process multidimensional time-series data of particle traject-
ories, learning to recognize complex patterns that indicate
state transitions through the temporal dynamics of fundament-
al physical quantities. Training this neural network is compu-
tationally efficient (only minutes on a PC with no GPU),
achieving a final loss of 0.1 after 40 epochs.

In terms of accuracy, our model achieved 99% classifica-
tion accuracy on an expanded test set of 200 particle trajector-
ies (50 per class), with only 2 misclassifications. Both errors
involved trapped-to-passing transition particles that were in-
correctly classified as consistently trapped particles, occur-
ring when the transition happened near the end of the 200
Alfvén time observation window, making it difficult for the
classifier to distinguish between particles that underwent late-
stage transitions versus those that were consistently in passing
states throughout the entire period. Despite these minor er-
rors, our 99% accuracy represents a dramatic improvement
over threshold-based classification methods, which perform
poorly in the presence of strong electromagnetic perturba-
tions. The accuracy achieved here is sufficient for our primary
objective: reliable statistical analysis of particle redistribution
through accurate classification of transition proportions in
large-scale simulations. This enables systematic quantifica-
tion of how different transition types contribute to particle re-
distribution between high-field side and low-field side re-
gions.

Although comprehensive evaluation of neural network gen-
eralization is not the central focus of this work, our classifier
demonstrates robust capabilities across varied conditions. The
classification architecture presented herein exhibits signific-
ant transferability — when trained on data from the 2000-
2200 Alfvén time window, it effectively classifies particle
transitions during the 3800-4000 Alfvén time window in
ITER simulations, despite the substantial evolution of tearing
modes between these periods. This suggests the network has
captured fundamental physical distinctions between trans-
ition types rather than memorizing specific perturbation pat-
terns. The strong generalization capabilities likely stem from
our approach of processing discretely sampled trajectories
that are generated by high-precision particle pusher simula-
tions, rather than relying on an instantaneous state. Our classi-
fier facilitates efficient analysis of large-scale simulations by
enabling comprehensive classification of millions of particles
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after training on only a modest labeled subset.
3.3 Interpretability and Utility of Attention Weights

Beyond the accuracy, our LSTM-attention neural network
provides valuable insights into the physical mechanisms driv-
ing particle transitions. The light blue shading in Figs. 5 and 6
illustrates the attention weight distributions, revealing which
temporal regions most significantly influence transition out-
comes.

Fig. 5 illustrates a passing-to-trapped transition for a 3.5
MeV alpha particle. The particle initially exists in a passing
state with clockwise motion before experiencing its first re-
flection at approximately 35 Alfvén times with a big atten-
tion weight peak. Before 35 Alfvén times, magnetic moment
increases with a dramatic reduction in total kinetic energy, so
A has a climb and exceeds B,/B,,. This may be the reason
why the small attention weight spike occurs at this time. The
subsequent bigger attention peak coincides with the particle's
second reflection point at approximately 62.5 Alfvén times.
After that, the neural network can make sure that the particle
is trapped, so there are no more attention peaks. These tem-
poral correlations between attention weights and critical phys-
ical events demonstrate that the neural network learns to
identify the most relevant features for classification unsuper-
vised.

Fig. 6 presents the trapped-to-passing transition for a 3.5
MeV « particle. Transition occurs late in the simulation and
the biggest attention weight peak appears at approximately
170 Alfvén times when the particle passing the position 6 =&
in the R-Z plane. The poloidal angle 8 temporarily stays at 7
and —m at t = 1157, but attention weight is low before 170
Alfvén times.

By analyzing the temporal distribution of attention weights,
we can identify which time periods in a particle's trajectory
most strongly influence its classification outcome automatic-
ally. The interpretability provided by the attention mechan-
ism further enhances the value of this approach, allowing us
to focus on physical meaning of key events in the long evolu-
tion of particle trajectories.

Beyond providing physical insights, the attention weights
offer practical value for large-scale simulation optimization.
In billion-particle simulations, I/O operations represent the
primary computational bottleneck, making it impractical to
save particle data at every timestep. The attention mechanism
can identify critical time periods in particle trajectories, en-
abling targeted high-resolution re-simulation of these specific
time windows rather than uniformly detailed simulation
across entire trajectories. This approach is particularly valu-
able given that APT simulations can handle billions of
particles, but the associated I/O overhead necessitates stra-
tegic data saving strategies.

4 Conclusion and Future Work

Our straightforward, data-driven method analyzes millions of
particles after training on only a small labeled subset through
two key steps:

(1) Dataset curation: Manually label a minimal set of rep-
resentative particle trajectories.
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(2) Feature extraction: Selected transition-relevant phys-
ical quantities as inputs.

The trained model provides two primary capabilities:

(1) Efficient classification: Rapidly identifies particle
types across numerous trajectories.

(2) Physical insights: Generates attention weights that
highlight critical moments in transition dynamic.

Future work will focus on applying our trained classifier to
large-scale simulations to quantify transition statistics: how
many particles undergo different types of transitions, and how
these transitions alter particle distribution between high-field
side and low-field side regions. By conducting larger-scale
simulations with increased particle counts, we will obtain pre-
cise measurements of transition-induced density redistribu-
tion patterns, ultimately enhancing our understanding of ener-
getic particle dynamics in fusion plasmas.
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A Appendix: Particle Dynamics and MHD Equations

A.1 Particle Dynamics Equations

The equations of motion for high-energy charged particles in electromagnetic fields are governed by the Lorentz force:

dx
dr
dp
= —JlE
dr q( "

P
myy

¥ (Ala)
pr)’ (A1b)
myy

where m, and g represent the particle's rest mass and charge, respectively, B and E represent the magnetic and electric fields, x
and p represent the position and momentum vectors, and y = v/1/(1 —v?/c?) is the Lorentz factor with ¢ being the speed of light
in vacuum. For numerical integration of these equations, we employed a relativistic volume-preserving algorithm"*.

A.2 MHD Equations for M3D Code

Generalized Ohm's Law In resistive MHD, we retain only the resistive term:

E+uxB=n], (A3)

where 7 is plasma resistivity.

Complete MHD Equation Set The MHD equations implemented in the M3D code are:

[7)

a—€+V~(pv)=V-(DVp), (A3)
dv )

pg =IXB=Vp+yViy, (A4)

d—p=—)/pV'V+pV-K'V£ (A5)

dr o’
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B Normalized Perturbed Field in Simulations

In the M3D simulation code, the variables represented with a hat, E, refer to normalized quantities. The velocity normalization is
expressed as:

V=€V (B8)

where € = a/R, = 0.32 is the aspect ratio, and the Alfvén velocity is v, = 9.76 X 10°m/s.
Similarly, the magnetic field is normalized as:

B=B,B (BY)

where B, = 5.18T serves as the reference magnetic field.
The electric field is normalized as:

A A

E=EE=ev,BE (B10)

C Deep Learning Architecture for Alpha Particle Transition Classification

This appendix details the implementation of our deep learning model for classifying alpha particle orbit transitions. The architec-
ture combines bidirectional Long Short-Term Memory (LSTM) networks with a self-attention mechanism, enabling effective
analysis of complex multidimensional time-series data from particle trajectories.

C.1 Data Preprocessing and Feature Engineering

Each particle trajectory is represented by a multidimensional time series spanning 200 time steps. The feature vector at each time
step consists of:

* Position components (X): Three-dimensional Cartesian coordinates (x,y,z)

* Momentum components (P): Three-dimensional momentum vector (p,, p,, p.)

» Magnetic field components (B): Three-dimensional magnetic field vector (B, B,, B.)

* Pitch angle parameter (A): The ratio uB,/E;, where u is the magnetic moment, B, is the reference magnetic field strength,
and E, is the kinetic energy

* Toroidal angle (¢): Calculated as arctan (y/x) to capture the particle's angular position in the tokamak

C.2 Neural Network Architecture

Our model architecture consists of three main components: a bidirectional LSTM encoder, a self-attention mechanism, and a
fully connected classification network.

C.2.1 Bidirectional LSTM Layer

The bidirectional LSTM processes the input sequence in both forward and backward directions:
h, = BILSTM(x,,h,_,) (C1D)

where X, represents the input feature vector at time step ¢, and h, is the hidden state. We used a two-layer BILSTM with 32 hid-
den units and dropout (p = 0.5) between layers to prevent overfitting. The bidirectional nature allows the model to capture both
past and future contextual information for each time step.

C.2.2 Self-Attention Mechanism

The self-attention mechanism identifies the most relevant time steps for classification:

e, = v' tanh(Wh, +b) (C12)
@, = M (C13)
2. exp(e;)
i=1
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T
= am, (C14)
=1

where W, b, and v are learnable parameters. The attention weights «, represent the importance of each time step, and ¢ is the
context vector that aggregates information across the entire sequence. This mechanism allows the model to focus on specific re-
gions of the trajectory that are most informative for determining the particle classification outcome.
The implementation of the self-attention mechanism is shown below:
class SelfAttention(nn.Module):
def _init  (self, hidden_size):
super(SelfAttention, self). _init_ ()
self.hidden_size = hidden_size
self.attention = nn.Sequential(
nn.Linear(hidden_size, hidden_size),
nn.Tanh(),
nn.Linear(hidden_size, 1)
)
def forward(self, encoder_outputs):
# encoder_outputs: (batch_size, seq_len, hidden_size)
batch_size, seq _len, =encoder outputs.size()
# (batch_size, seq_len, 1)
attention = self.attention(encoder_outputs)
# (batch_size, seq_len, 1)
attention_weights = torch.softmax(attention, dim=1)
# (batch_size, 1, seq_len) * (batch_size, seq_len, hidden_size)
# -> (batch_size, 1, hidden_size)
context = torch.bmm(
attention_weights.transpose(1, 2),
encoder_outputs
)
# (batch_size, hidden_size)
return context.squeeze(1), attention_weights

C.2.3 Four-Class Classification Network

The classification network processes the context vector to produce predictions for four distinct classes:
* Class 0: Trapped— Passing transitions
* Class 1: Passing— Trapped transitions
* Class 2: Consistently trapped particles
* Class 3: Consistently passing particles
The network outputs class logits that are transformed into probabilities:

¥ = softmax(MLP(c)) (C15)

where MLP represents a multi-layer perceptron with ReLU activations and dropout between layers, and softmax produces a prob-
ability distribution over the four classes. The complete model implementation is provided below:
class FourClassTransitionClassifier(nn.Module):
def init (self, input size, hidden_size, num_layers, dropout=0.5):
super(FourClassTransitionClassifier, self)._ init ()
# Bidirectional LSTM layers
self.lstm = nn.LSTM(
input_size=input_size,
hidden_size=hidden_size,
num_layers=num_layers,
batch_first=True,
bidirectional=True,
dropout=dropout if num_layers > 1 else 0
)
# Attention layer
self.attention = SelfAttention(hidden_size * 2)
# Fully connected layers for classification
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self.fc = nn.Sequential(

)

nn.Linear(hidden_size * 2, hidden_size),
nn.ReLU(),

nn.Dropout(dropout),

nn.Linear(hidden_size, hidden_size // 2),
nn.ReLU(),

nn.Dropout(dropout),

nn.Linear(hidden_size // 2, 4) # 4 classes output

def forward(self, x):

# x: (batch_size, seq_len, input_size)

# Pass through LSTM layers

outputs, = self.lstm(x)

# Apply attention mechanism

context, attn_weights = self.attention(outputs)

# Generate class logits through fully connected layers
logits = self.fc(context)

return logits, attn_weights

C.3 Training Procedure

The model was trained using the cross-entropy loss function for multi-class classification:

l N C
L==5 2, D vilogBu)

=l c=1

(C16)

where y,,. is the true label for sample i and class ¢ (using one-hot encoding), ic is the predicted probability for that class, N is
the number of samples, and C = 4 is the number of classes.
We employed the Adam optimizer with an initial learning rate of 5x 10™* and weight decay of 10~ for regularization. To pre-

vent gradient explosion, gradient clipping was applied with a maximum norm of 1.0.

A learning rate scheduler was implemented to reduce the learning rate by a factor of 0.5 when validation accuracy plateaued
for 10 consecutive epochs. Early stopping was employed with a patience of 20 epochs to prevent overfitting.
def train_model(model, train_loader, val loader, criterion,

optimizer, scheduler=None, num_epochs=100,

patience=15, device='cuda'):

model = model.to(device)

history = {'train_loss": [], 'val_loss": [], 'val_acc": []}
best val acc=0

no_improve_epochs = 0

for epoch in range(num_epochs):

# Training phase

model.train()

train_loss =0

for inputs, labels in train_loader:

inputs, labels = inputs.to(device), labels.to(device)

# Forward pass

logits, = model(inputs)

loss ='criterion(logits, labels)

# Backward pass and optimization

optimizer.zero_grad()

loss.backward()

# Gradient clipping

torch.nn.utils.clip_grad norm_(
model.parameters(),
max_norm=1.0

)

optimizer.step()

train_loss += loss.item()

# Validation phase
model.eval()
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val_loss =0
correct =0
total = 0
with torch.no_grad():
for inputs, labels in val_loader:
inputs, labels = inputs.to(device), labels.to(device)
logits, = model(inputs)
loss = criterion(logits, labels)
val loss += loss.item()
_, predicted = torch.max(logits, 1)
total += labels.size(0)
correct += (predicted == labels).sum().item()
# Calculate average loss and accuracy
train_loss = train_loss / len(train_loader)
val_loss = val_loss / len(val _loader)
val_acc =100 * correct / total
# Update learning rate
if scheduler is not None:
scheduler.step(val acc)
# Update history records
history['train_loss'].append(train_loss)
history['val loss'].append(val_loss)
history['val_acc'].append(val_acc)
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