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Deep Learning of Hydrogen Trapping Sites in Tungsten
for Atomistic Plasma-Wall Simulations
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Understanding hydrogen trapping in tungsten is crucial for accurate modeling of plasma-wall interactions in
fusion devices. In this study, we developed a deep learning model to predict hydrogen trapping sites, which serve as
essential input parameters for kinetic Monte Carlo (kMC) simulations. The model employs a U-Net-based convolu-
tional neural network that directly maps three-dimensional potential energy distributions to trapping site positions.
Training data were generated from atomistic calculations using the embedded atom method (EAM) potential, and
ground-truth trapping sites were systematically identified by force relaxation. The trained model achieved an F1 score
of approximately 0.76, with most predicted sites coinciding with the true minima within = 1 voxels (1 voxel = 0.1 A
per side). Visual comparisons confirmed the ability of the model to capture both global and local features of the potential
energy landscape. In terms of efficiency, the proposed approach reduced prediction time by more than three orders of
magnitude compared with conventional force-relaxation searches, enabling predictions in less than one second on a
GPU. These results demonstrate that deep learning provides an accurate and computationally efficient method for
identifying trapping sites. Future extensions include incorporating more complex defect structures and integrating the
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model into molecular dynamics-kMC hybrid frameworks for large-scale plasma-wall interaction simulations.
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1. Introduction

Fusion power generation is one of the most promising
solutions to the global energy problem. In magnetic confine-
ment fusion devices, the plasma-facing wall is continuously
bombarded by high-energy plasma particles, leading to sig-
nificant changes in its physical and chemical properties.
Since these modifications strongly affect both plasma behav-
ior and fuel recycling, elucidating plasma-wall interactions is
a key issue [1-6] for realizing steady-state operation of
future reactors.

*Corresponding authors e-mail: saitos@yz.yamagata-u.ac.jp

This article is based on the presentation at the Joint Conference of the 22nd
International Conference on Atomic Processes in Plasmas (APiP 2025) and
1st NIFS Conference on Atomic and Molecular Processes in Plasmas.

2403017-1

To investigate such complex interactions, we are develop-
ing a hybrid computational approach that combines molecular
dynamics (MD) and kinetic Monte Carlo (kMC) simulations.
MD is suitable for describing the short-timescale injection pro-
cess of incident plasma particles into the wall, whereas kMC
can efficiently simulate long-timescale diffusion processes
within the wall. However, the application of the hybrid
method has been hindered by the extremely high computational
cost required to identify trapping sites and migration barriers,
which are indispensable inputs for kMC calculations.

To overcome this difficulty, we are trying to develop a
deep learning technique to accelerate plasma-material inter-
action simulations [7—13]. In our previous work, we devel-
oped a deep learning model based on the pix2pix framework
to predict the three-dimensional spatial distribution of binding
energy from atomic configurations [14]. The previous study
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demonstrated that the model can reproduce binding energy
landscapes at a significantly reduced computational cost, estab-
lishing a basis for the rapid identification of both potential
minima and migration barriers. Nevertheless, additional steps
are still necessary to directly connect the predicted energy
distribution to the determination of trapping sites used in
kMC simulations.

In the present study, we extend this line of research by
constructing a deep learning model that directly predicts the
positions of hydrogen trapping sites in tungsten lattices. By
employing a U-Net architecture and training it on potential
energy distributions obtained from atomistic calculations, the
proposed model achieves both high prediction accuracy and
remarkable computational efficiency. The ultimate goal is to
integrate this model into MD-kMC hybrid frameworks to real-
ize realistic plasma-wall interaction simulations under fusion-
relevant conditions.

2. Deep-Learning Model

In this study, a deep learning framework was developed
to predict the locations of hydrogen trapping sites in tungsten.
The prediction task was formulated as a voxel-to-voxel map-
ping problem, where the three-dimensional potential energy
distribution of the tungsten-hydrogen system is provided as
input, and the output is a binary map indicating the spatial
positions of trapping sites (Fig. 1).

2.1 Network architecture

We employed a U-Net—based convolutional neural net-
work architecture (Fig. 2), which has proven effective in
pixel-wise prediction tasks [15, 16]. The model consists of two
main parts: an encoder and a decoder. The encoder extracts
hierarchical features from the input 3D potential energy dis-
tribution through repeated convolution and down-sampling
operations, thereby compressing the spatial information into
a latent representation. The decoder restores the original spa-
tial resolution by successive up-sampling operations, while
skip connections from the encoder to the decoder are incor-
porated to preserve fine-scale spatial features. This design
allows the model to learn both global and local structures of
the potential energy landscape that are relevant for determin-

Input layer
128x128x128

ing trapping sites.

Each convolutional layer was followed by a Leaky Rec-
tified Linear Unit (Leaky ReLU) activation, and dropout lay-
ers were inserted in the deeper encoder blocks to prevent
overfitting. The final output layer applies a sigmoid activa-
tion function to provide voxel-wise probabilities, which were
thresholded to generate the binary trapping site map.

2.2 Loss function

Since the dataset was highly imbalanced, with the num-
ber of non-trapping voxels greatly exceeding that of trapping
voxels, a weighted loss function was adopted to improve pre-
diction stability. The total loss L is defined as a linear combi-
nation of binary cross-entropy (BCE) loss and Dice loss [17]:

L = aLpcg + (1 — @) Lpjce, (D

where the weight parameter a controls the trade-off between
voxel-wise accuracy and overall shape similarity of predicted
trapping sites. Several values of a were tested to evaluate the
sensitivity of the model to this parameter. As shown in Fig. 3,
the balance between precision and recall varied with a, and
the F1 score was maximized for intermediate values, indicat-
ing the importance of appropriate weighting in the loss func-
tion. In this study, we used a = 0.3.

2.3 Implementation details

The model was implemented in Keras (TensorFlow
backend). Training was performed with the Adam optimizer,
with an initial learning rate of 1.0 x 107, and the batch size
was set to 1 due to GPU memory constraints. Early stopping
was applied based on the validation loss to avoid overfitting.
All training processes were carried out on an NVIDIA V100
GPU. The model training required 23.48 hours in the compu-
tational environment.

3. Preparation of Training Data

To develop the deep learning model, we prepared train-
ing data consisting of input-output pairs, where the input is the
three-dimensional potential energy distribution of a tungsten-
hydrogen system and the output is the spatial positions of
trapping sites.
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Fig. 1. Voxel-to-voxel mapping from 3D potential energy distribution to hydrogen trapping site positions.
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Fig. 2. U-Net architecture of the deep learning model used in this study.
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Fig. 3. Effect of weighting parameter a on precision, recall, F1 score,

and IoU.

3.1 Calculation of potential energy distributions
We constructed a cubic cell of 12.8 A on each side.
Tungsten atoms were initially arranged in a body-centered
cubic (bec) lattice, but random tungsten atoms were removed
to introduce defects (i.e., vacancy-type defects). No self-
interstitial atoms (SIAs), dislocations, grain boundaries, or free
surfaces were intentionally introduced in the present dataset.

To account for thermal vibrations, the positions of tungsten
atoms were displaced from their ideal lattice points according
to the Boltzmann distribution. In addition, hydrogen atoms
were randomly placed within the cell to reflect realistic
atomic environments; specifically, 0—4 hydrogen atoms were
placed in/near the vacancy defects, and additional hydrogen
atoms were also randomly distributed in the bcc lattice.
Accordingly, the scope of the present training/test systems is
bulk bee tungsten containing vacancy-type defects and ther-
mal displacements.

The potential energy distributions were calculated using
the embedded atom method (EAM) potential proposed by
Wang et al. [18], which has been widely used for tungsten-
hydrogen systems. The total energy of the system is
expressed as

U=2Fi ij("ij) +Z¢i,j(”ij), )

i i#j i,j>i

where F;(p) and p; are the embedding energy and effective
electron density of ith atom, respectively. ¢; ;(r) and r;; are
the pairwise interatomic potential and interatomic distance
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between ith and jth atom, respectively. This formulation allows
the many-body effects of metallic bonding to be incorporated
efficiently into atomistic simulations.

For each prepared structure, the interaction energy
between the configuration and a test hydrogen atom was eval-
uated. The binding energy of the test hydrogen atom located
at position ry; was calculated using the following expression,

U (r) = Unipns (r) — (Uy — Uy, (3)

where Uy, is the potential energy of the material, Uy, p is the
potential energy of the material together with the test hydro-
gen atom, and Uy is the potential energy of the isolated hydro-
gen atom. The test hydrogen atom was systematically moved
on a three-dimensional grid with 0.1 A spacing, and the bind-
ing energy was computed at each grid point. To improve the
predictive performance of the neural network, the binding
energy values were normalized as follows:

1 if Un;(ry) > 10 eV,
~bind
Untyn (rs) = U (ry) " “)
— 1

M+H bind

3.2 Identification of trapping sites

To generate the ground-truth labels, the positions of
local minima in the potential distribution were determined. A
test hydrogen atom was initially placed at a random position,
and only the position of this atom (while keeping all other
atoms fixed) was displaced step-wise along the direction of the
acting force. When the force magnitude fell below a thresh-
old of 10 eV/A, a local minimum was identified. By repeat-
ing this procedure with different random initial positions of
the test hydrogen atom, trapping sites were comprehensively
explored. To remove redundancy, minima within 0.001 A of
each other were merged into a single representative trapping
site by averaging their coordinates.

Figure 4 shows the dependence of the number of distinct
trapping sites on the number of sampled test hydrogen atoms.
The curve indicates that the number of unique trapping sites
saturates as the sampling density increases, confirming the
reliability of the method in capturing all relevant minima.
From this figure, it can be seen that a sampling size of 10,000
points is sufficient; therefore, in this study, 10,000 test posi-
tions were used to identify local minima and to generate the
training dataset.

3.3 Construction of training pairs

Finally, input—output pairs were constructed by voxeliz-
ing both the calculated potential distribution (input) and the
trapping site positions (output). The output data were repre-
sented as binary 3D maps, in which voxels corresponding to
trapping sites were assigned a value of 1 and all other voxels
were set to 0. These pairs provide the essential data for train-
ing the U-Net model described in Sec. 2.

Although the present 3D input is constructed for a 4 x 4 x
4 bee supercell, this does not restrict the method to that size.

500 467 471 473 473 473 473 473 473

5 400 371

0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
Number of Test Particles

Fig. 4. Number of distinct trapping sites as a function of sampled test
hydrogen atoms.

The trained model can be applied to a larger simulation cell
by a sliding-window (tiling) strategy, where overlapping 4 x
4 x 4 subcells are extracted while shifting the window across
the system. Predictions from all subcells are then aggregated
to identify trapping-site candidates in the entire domain. The
total computational cost scales approximately linearly with
the number of evaluated subcells.

4. Prediction Results

4.1 Visual comparison of predictions

The performance of the proposed deep learning model
was first evaluated by comparing the predicted trapping site
distributions with the ground truth obtained from atomistic cal-
culations. Figure 5 shows two-dimensional slices taken along
the z-axis from randomly selected three-dimensional voxelized
training data. The slicing coordinate was chosen so that the
slice contained a large number of trapping sites. The normal-
ized interaction energy is displayed as a grayscale contour plot,
while the ground-truth trapping sites are shown as red filled
circles and the predicted positions are marked with green
crosses. For both the ground-truth and predicted sites, mark-
ers are plotted together with their surrounding ranges of + 1
voxel (£ 0.1 A). The predicted sites generally coincide with
the true minima, with most discrepancies limited to regions
within + 1 voxel of the true positions. These results demon-
strate that the model can effectively capture the spatial features
of the potential energy landscape that are essential for identi-
fying hydrogen trapping sites.

4.2 Quantitative evaluation metrics

To evaluate prediction accuracy, four metrics were cal-
culated: precision, recall, F1 score, and intersection-over-
union (IoU). Here, predictions within + 1 voxels in x-, y-,
z-directions of the ground-truth positions were considered cor-
rect to account for discretization errors in voxelization. The
results are summarized in Fig. 6. The model achieved a max-
imum F1 score of approximately 0.76, demonstrating balanced
performance between precision and recall. The IoU values
also confirmed that the overlap between predicted and true
sites was substantial.
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(a) Sample 1
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Fig. 5. Example 2D slice showing normalized interaction energy (gray-
scale), ground-truth sites (red circles), and predictions (green
Crosses).

4.3 Computational efficiency
Table 1 compares the computation times required for
conventional atomistic calculations and for the proposed deep

0.7
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0.5
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0

Precision Recall F1 Score ToU

Fig. 6. Prediction performance metrics: precision, recall, F1 score, and
ToU.

Table 1. Prediction time using the developed deep learning model.

1CPU 1CPU 1CPU+GPU
Lirue tpred 3 pred
Time [s] 690.0 8.15 0.21
Speed-up ratio 1 85 3,286
1CPU

learning model. The reference time t corresponds to the
direct force-relaxation calculation of trapping sites, equivalent
to Eq. (3), performed using a single core of an Intel Xeon
Gold 6130 processor. The prediction time tllarce%U represents
the inference of the trained deep learning model executed on
the same single CPU core, while té%%UJrGPU represents the
inference time when the model is executed on an NVIDIA
Tesla V100 GPU (16 GB) in combination with the same CPU
processor. All times were measured for detecting trapping
sites in single spatial distribution of interaction energy, rep-
resented on a 128 x 128 x 128 voxels. The conventional
method requires several hundred seconds per configuration,
whereas the trained model predicts the trapping sites in less
than one second when accelerated by a GPU. This corre-
sponds to a speedup of more than three orders of magnitude,
clearly demonstrating that the proposed approach is compu-
tationally efficient and suitable for integration into MD-kMC
hybrid simulations.

5. Summary

In this study, we developed a deep learning model for pre-
dicting hydrogen trapping sites in tungsten, which are essen-
tial input parameters for kMC simulations of plasma-wall
interactions in fusion devices. By employing a U-Net-based
architecture, the model directly maps three-dimensional
potential energy distributions to trapping site positions.

The training dataset was constructed using potential dis-
tributions obtained with the EAM potential, and the correspond-
ing local minima were systematically identified as ground
truth. The trained model successfully reproduced the spatial dis-
tribution of trapping sites, achieving an F1 score of approxi-
mately 0.76. Visual inspections confirmed that most predicted
sites coincided with the true minima, with deviations limited
to within £ 1 voxels.

In terms of computational performance, the proposed
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approach reduced the prediction time by more than three orders
of magnitude compared with conventional force-relaxation
searches, demonstrating its applicability to large-scale plasma-
wall interaction simulations.

Future work will focus on extending the present frame-
work to incorporate more complex atomic configurations,
including defects and hydrogen accumulation, and on inte-
grating the model into MD-kMC hybrid simulations. Such
developments are expected to significantly accelerate realistic
modeling of plasma-facing materials under fusion-relevant
conditions.
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