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Current experimental techniques still face challenges in clarifying the structural and dynamic properties of helium
(He) in liquid lithium (Li). A critical example of this technical hurdle is the formation of He bubbles, which significantly
affects the transport of He within liquid Li — a vital aspect when considering liquid Li as a plasma-facing material in
nuclear fusion reactors. We develop a machine-learning-based deep potential (DP) with ab initio accuracy for the Li–He
system and perform molecular dynamics simulations at temperatures ranging from 470 K to 1270 K with a wide range
of He concentrations. We observe that He atoms exhibit a tendency to aggregate and form clusters and bubbles in liquid
Li. Notably, He clusters exhibit a significant increase in size at elevated temperatures and high concentrations of He,
accompanied by the phase separation of Li and He atoms. We also observe an anomalous non-linear relationship between
the diffusion coefficient of He and temperature, which is attributed to the larger cluster size at higher temperatures. Our
study provides a deeper understanding of the behavior of He in liquid Li and further supports the potential application of
liquid Li under extreme conditions.
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1. Introduction

Deuterium–tritium (D–T) nuclear fusion is increasingly
recognized as a promising future energy source. Since fusion
reactors undergo extreme conditions, extensive research on
plasma-facing components (PFCs) has been performed.[1–3]

Recent studies have identified liquid lithium (Li) as a feasi-
ble option for PFCs,[4,5] citing its potential to enhance fusion
power output,[6] improve discharge performance,[7] and bol-
ster plasma confinement and overall functionality.[6,8] An in-
depth analysis has been conducted on the application of liq-
uid Li in fusion reactors, encompassing both engineering and
technological perspectives. This has led to the identification of
several challenges that need resolution,[5,9] notably the man-
agement of helium (He) retention and recycling within liquid
Li environments.[5]

He emerges as the primary by-product in the tritium-
breeding process, where neutrons interact with Li atoms,
yielding He and tritium.[10–12] Previous simulations have
demonstrated that He atoms tend to cluster and form bubbles
in liquid Li, thereby impacting tritium mass transfer rates.[13]

Furthermore, understanding He behavior in Li is crucial, par-
ticularly for the He-cooled Li–Pb fusion blanket,[13,14] be-
cause He bubble nucleation can influence the transport of He
and hydrogen isotopes,[15] thereby affecting key characteris-
tics in fusion plant applications. Fluid-mechanics-based mod-
els have been developed to study the nucleation, growth, and
transport of He bubbles in liquid Li.[16,17] However, these stud-
ies depend on specific parameters, such as solubility and the
diffusion coefficient, derived mainly from experiments[16] and
molecular dynamics (MD) simulations.[17] Despite existing
experimental efforts to understand He diffusion and trapping
in liquid Li,[18,19] additional data are required to resolve re-
maining uncertainties in nucleation models.[15,16] Some exper-
imental findings are even contradictory, including reports[20]

of anomalously low effective diffusion coefficients possibly
linked to He bubble nucleation, which require further valida-
tion. Moreover, recent studies have indicated that He plasma
irradiation significantly alters the corrosion behavior of liquid
Li and solid metal surfaces.[20,21] Consequently, investigating
the Li–He system through MD simulations is vital to begin
unraveling these phenomena and resolving existing contradic-
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tions.
Extensive properties of Li have been computed using

MD, mainly based on empirical potentials or derived from ab
initio simulations.[22–28] For instance, various empirical po-
tentials have been developed and employed in MD simula-
tions to study different properties of Li, such as static and dy-
namic structure factors, yielding good reproduction of certain
properties.[22–24] Recently, ab initio MD (AIMD) simulations
have been utilized to determine the phase diagram of Li under
high pressures.[25,26] Additionally, the melting point[27] and
dynamic properties[28] of Li can be obtained using AIMD; this
approach is independent of empirical parameters but comes at
the cost of increased computational resources, especially for
larger systems.

The He bubble formation process in liquid Li has been
simulated.[29] These studies used the Li–He potential from
Soldan[30] and the He–He potential from Aziz.[31] In 2021,
nucleation of He in liquid Li under high pressure was ob-
served in MD simulations employing the He–He potential
from Aziz.[32,33] MD simulations of a liquid Li–Pb alloy con-
taining He bubbles were performed to extract the diffusion
coefficient[34–36] and the pressure–volume relationship[36,37]

of He bubbles. In detail, Batet et al.[36] analyzed the ther-
modynamics, structure, and dynamics of Li–He mixtures with
different He concentrations at 800 K and pressures ranging
from 1 bar to 100 bar using a microscopic model suitable for
describing interactions between He and Li at the atomic level.
Typically, He–He potentials consider only two-body pair inter-
actions, thereby potentially neglecting some influential many-
body effects.[38] However, the majority of these MD simula-
tions rely on classical potentials, whose accuracy and transfer-
ability are typically constrained by the analytical forms inher-
ent in such potentials. Consequently, a comprehensive series
of systematic tests is needed to ensure reliability; without such
validation, these simulations may yield spurious results.[39,40]

In this context, developing robust methodologies to optimize
potential functions would significantly enhance the accuracy
of simulations for the aforementioned systems.[29,37]

With the rapid development of machine-learning (ML)
potentials in recent years, several effective methods have been
developed to facilitate MD calculations. A typical approach
is to derive an atomic interaction potential by fitting a neu-
ral network to AIMD data. Such ML-based potentials offer
quantum-mechanics-level precision, enabling the quantitative
study of various material properties. Additionally, these ML-
based potentials are much more efficient than direct AIMD
simulations. A variety of ML models have been developed; for
example, representative machine-learning interatomic poten-
tials such as the Gaussian approximation potential (GAP)[41]

and the deep potential (DP)[42,43] have been systematically
and extensively applied in various fields of materials simula-

tion, including irradiation damage, structural phase transitions,
and reactions in solution environments, demonstrating excel-
lent applicability and reliability.[44–52] These methods enable
large-scale molecular dynamics simulations with near first-
principles accuracy, providing valuable tools for understand-
ing complex material behaviors.

In this study, we use the DP method to develop an
atomic interaction potential for the Li–He system and to study
the static-structure and dynamic properties of Li–He systems
with different He concentrations at temperatures ranging from
470 K to 1270 K. We introduce the training and simulation de-
tails in Section 2. We discuss the calculated properties in detail
in Section 3. Finally, we present the conclusions in Section 4.

2. Methods
2.1. Density functional theory

DFT calculations were performed with the Quan-
tum ESPRESSO package,[53] using the SCAN exchange-
correlation density functional[54] and optimized norm-
conserving Vanderbilt (ONCV) pseudopotentials.[55] The
single-point energies and forces were calculated for the train-
ing set with an energy cutoff of 60 Ry. The Γ -point (0, 0, 0)
of the Brillouin zone was used to sample the supercell Bril-
louin zone. All AIMD simulations in this work are based on
the above DFT settings.

2.2. Deep potential generation

We use an iterative method to train a DP model. This pro-
cess is carried out automatically through DP-GEN.[56] Every
iteration consists of three stages: exploration, labeling, and
training. In the exploration stage, four DP models are used
to carry out MD simulations in the chosen systems to explore
the potential energy surface (PES) and calculate the energy
of every frame. In the labeling process, energy deviation is
evaluated, and frames with deviations falling between mini-
mum and maximum thresholds are selected.[57] The energies
of these structures are then calculated through DFT. In the
training step, the structural information and accurate energy
values of the selected frames are incorporated into the training
dataset to refine the DP model. Typically, several iterations
are required until the deviation becomes sufficiently small. In
addition, prior to the first iteration, an initial dataset must be
prepared using data obtained from AIMD simulations. The
data collection process follows established principles aimed
at ensuring a sufficient quantity of data suitable for machine
learning in materials science.[58–60] Since the data are sourced
directly from DFT and MD calculations, a substantial volume
of data can be acquired. To ensure data quality, the princi-
ples of completeness and balance[59] are followed through a
comprehensive sampling of the PES across varied pressures,
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temperatures, and helium concentrations, with a nearly equal
amount of data collected for each condition. Next, the princi-
ple of consistency[59] is also maintained, as identical param-
eters are used for DFT calculations both in the initial dataset
and during the iterative stage. Additionally, the principle of
accuracy[59] is followed, wherein all DFT calculation param-
eters are tested to ensure convergence. Through this iterative
approach, the quantity and quality of the dataset are effectively
guaranteed.

In the training part, we describe the concentration of He
atoms with β , which is defined as β = nLi/nHe, where nLi is
the number of Li atoms and nHe is the number of He atoms
(β = 0, 0.03, 0.07, 0.10, 0.14, 0.23, 0.33, 0.60, and 1.00). We
use an initial dataset containing 50000 frames from AIMD of
Quantum ESPRESSO (QE)[61] to train an initial DP model.
For the AIMD, we adopt the NVT ensemble (T = 470 K, lat-
tice constant = 14.80 Å) to simulate a cubic system containing
128 atoms with β = 0.33. The time interval is 0.1 fs. The en-
ergy cutoff is set to 60 Ry, which has been tested to ensure en-
ergy convergence. We adopt the ONCV pseudopotentials[62]

and the SCAN exchange–correlation functional.[54]

In the following iterative process, we train the model for
35 iterations. The detailed exploration process is shown in
Table 1. We interpret the three stages as follows. In the ex-
ploration stage, we use the LAMMPS package[63] to carry out
MD calculations with periodic boundary conditions. During
the first 10 iterations, temperatures are set to 470 K, 570 K,
670 K, 870 K, 1070 K, and 1270 K, and the temperature in-
creases gradually across successive iterations. In each itera-
tion, the system contains 128 atoms in total, with helium atom
concentrations set to β = 0, 0.03, 0.07, 0.10, 0.14, 0.23, 0.33,
0.60, and 1.00. The NVT ensemble is employed, and an ap-
propriate lattice constant is selected for each structure to main-
tain the pressure close to 0 GPa. To achieve this, the lattice
constant is adjusted for different helium concentrations and

temperatures, and the system is relaxed until the average pres-
sure falls below 0.1 GPa. A time step of 0.5 fs is used, and
each configuration is sampled over 5000 frames under the re-
spective conditions. For iterations 10–21, the lattice constant
is systematically reduced to maintain a pressure near 2 GPa.
Similarly, for iterations 22–34, the target pressure is set to ap-
proximately 4 GPa. At each temperature, multiple iterations
are carried out.

Table 1. Computational details of the 35 iterations (Iter) by using the
DP-GEN package. Conditions of the Li–He mixtures during the itera-
tions include the temperature T and the pressure P. The average P values
are 0 GP, 2 GP and 4 GPa. For a given P, T increases during the itera-
tions. Nine different concentrations (β , from 0 to 1) of He were explored
in every iteration.

Iter (0 GPa) Iter (2 GPa) Iter (4 GPa) T (K)

1, 2, 3 11, 12 23, 24, 25 470
4, 5 13, 14 26, 27 570
6, 7 15, 16 28, 29 670
8 17, 18 30, 31 870
9 19, 20 32, 33 1070

10 21, 22 34, 35 1270

In the labeling stage, we use the Quantum ESPRESSO
package to perform all DFT calculations. The energy cut-
off is set to 60 Ry, which ensures energy convergence. The
energy convergence threshold for the self-consistent calcula-
tions is set to 10−8, and only the Γ point is used. We uti-
lize the ONCV pseudopotential.[62] and the SCAN exchange–
correlation functional,[54] consistent with the settings in the
initial dataset. The minimum threshold for the energy devia-
tion in DP-GEN is set to 10 Ry, and the maximum is 30 Ry.
Detailed deviation data are shown in Fig. 1. The ratio of accu-
rate frames remains high throughout most iterations, while the
ratio of failed frames is small and close to zero. In this case,
approximately 200 additional frames are added to the training
dataset during each iteration. Overall, these results indicate
that the exploration process is effective.
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Fig. 1. Ratio of accurate, candidate, and failed frames throughout all iterations. Accurate frames are those with sufficiently high accuracy
(deviation lower than 0.10 Ry), whereas failed frames exhibit low accuracy (deviation higher than 0.30 Ry). Candidate frames have intermediate
accuracy and are used for training. Panel (a) corresponds to iterations 1–10 at pressures near zero; panel (b) corresponds to iterations 11–22 at
pressures around 2 GPa; and panel (c) corresponds to iterations 23–34 at pressures around 4 GPa.

013101-3



Chin. Phys. B 35, 013101 (2026)

In the training stage, we use the DeePMD-kit package[64]

to train the model. We set the cutoff radius to 7 Å and the
smooth cutoff to 2 Å. The descriptor network contains 25, 50,
and 100 neurons, and the fitting network consists of three lay-
ers with 240 neurons each. For every training iteration, the
model is optimized for 500000 steps. In our MD simulations,
structures with model deviation in the range of [0.1,0.3] eV/Å
are identified as candidate configurations. Up to 200 candidate
configurations are selected for each system. These configu-
rations are added to the training set for the next iteration af-
ter calculating the energy, forces, and virial tensor using DFT.
The dataset is updated iteratively until the proportion of candi-
date configurations becomes less than 5% and remains nearly
unchanged for several consecutive iterations. The validity of
these settings is confirmed by MD results obtained from this
DP potential, which agree well with previous AIMD simula-
tions and experimental data.

3. Results and discussion
3.1. Benchmarks of the Li–He DP model

First, we validate the accuracy of the DP model.
Figures 2(a)–2(f) compare the radial distribution functions
(RDFs) of Li–Li obtained from AIMD and DPMD for the
pure Li system at different temperatures. We also compare
the RDFs of Li–Li, Li–He, and He–He for the Li–He system
(β = 0.33) at 470 K, as shown in Figs. 2(g)–2(i). The RDFs
from DPMD simulations agree well with those from AIMD.

Furthermore, Fig. 3(a) shows that the diffusion coefficients of
liquid Li at zero pressure from DPMD are close to experimen-
tal values.[65] Figure 3(b) presents the viscosity of liquid Li
from 470 K to 1070 K and compares the results with previ-
ous experiments[66,67] and calculations.[28] The DPMD results
are consistent with these data across the temperature range.
Based on the diffusion coefficients and viscosity, we confirm
that DPMD yields accurate dynamic properties consistent with
AIMD. Therefore, we consider our DP model sufficiently ac-
curate for evaluating the properties of Li–He systems at 470–
1070 K with different He concentrations.

3.2. Density of Li–He mixtures

We perform 5-ps DPMD simulations in the NVT ensem-
ble (constant number of particles N, volume V , and tempera-
ture T ) for the pure Li system (1024 atoms) at 470 K, 670 K,
870 K, and 1070 K. The cell lengths are adjusted to ensure that
the pressure is close to zero for all systems, producing initial
simulation configurations.[68] After equilibration, He atoms
are randomly inserted into the pure Li system. The He con-
centration is set to β = 0.031, 0.062, 0.094, 0.125, and 0.250.
To avoid unphysical configurations, the minimum separation
between Li and He atoms is constrained to be at least 1.5 Å,
based on preliminary simulation results. The cell lengths are
further adjusted to maintain zero pressure. Subsequently, 200-
ps DPMD simulations are performed in the NVT ensemble for
these systems, covering temperatures from 470 K to 1070 K
and He concentrations from 0.031 to 0.250.
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Fig. 2. Properties of liquid Li and Li–He systems obtained from AIMD and DPMD simulations. Panels (a)–(f) show the Li–Li RDFs for pure
liquid Li at temperatures ranging from 470 K to 1143 K. Panels (g)–(i) show the RDFs of Li–Li, Li–He, and He–He for the Li–He system at
470 K with β = 0.33.
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DPMD and experiments,[65] respectively. (b) Viscosity of liquid Li at
different temperatures. DPMD results are compared with previous AIMD
simulations[28] and experimental data.[66,67]
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Fig. 4. Ionic density profiles of a Li system under zero pressure across a
range of temperatures and He concentrations. The cell contains 1024 Li
atoms, and the He concentration varies from β = 0 to 0.250. Tempera-
tures are set to 470 K, 670 K, 870 K, and 1070 K for different systems.
For comparison, experimental data for pure liquid Li are also included.[69]

Figure 4 illustrates the densities obtained from our DPMD
simulations together with experimental data[69] across various
temperatures and He concentrations. At low He concentra-
tions below β = 0.062, the density decreases linearly with in-
creasing temperature, which is typical for liquids. For He con-
centrations above β = 0.125, the density becomes inversely
proportional to temperature, a behavior characteristic of gases
that follow Boyle’s law. At β = 0.094 (the green line), the
density decrease remains linear up to 870 K, but then drops
sharply between 870 K and 1070 K, indicating a transition to

a gaseous state caused by He separation and volume expan-
sion, rather than by cluster formation.

However, small discrepancies exist between our DPMD-
predicted densities of liquid Li and experimental data.[69] For
instance, at 470 K our model underestimates the Li density by
1.2%, and this deviation increases to 11.1% at 1070 K. This
discrepancy is mainly attributed to a greater amount of train-
ing data around 470 K, which results in better model accuracy
within this temperature range. Nevertheless, we consider these
differences to be acceptable.

3.3. He clusters under different conditions

Figure 5 shows representative snapshots of liquid Li–
He mixtures at various He concentrations (β = 0.031, 0.062,
0.094, 0.125, and 0.250) and temperatures (T = 470 K, 670 K,
870 K, and 1070 K). At β = 0.031, clusters containing roughly
10 He atoms are observed, and the clustering tendency in-
creases with temperature. Notably, no clusters are found at
the highest temperature of 1070 K. A plausible explanation
is that the high kinetic energy of He atoms at this tempera-
ture prevents them from aggregating into helium bubbles. In
contrast, at higher He concentrations, clusters tend to grow in
size, while their numbers decrease as temperature increases.
For example, at β = 0.062 and T = 470 K, the largest clus-
ter contains fewer than 20 He atoms and coexists with many
small clusters. At such low temperatures, the limited mobility
of clusters hinders their coalescence. As the temperature in-
creases to 670 K and above, cluster formation becomes more
dynamic: multiple clusters containing 10–20 He atoms form,
and these clusters merge more easily due to enhanced atomic
mobility.

T=470 K

T=670 K

T=870 K

T=1070 K

β=0.031 β=0.062 β=0.094 β=0.125 β=0.250

Fig. 5. Snapshots of liquid Li–He mixtures at various He concentrations
(β = 0.031, 0.062, 0.094, 0.125, and 0.250) and temperatures (T = 470 K,
670 K, 870 K, and 1070 K). The simulations contain 1024 Li atoms
(pink), while He atoms are shown in blue.

As depicted in the snapshots, clusters increase in size with
rising temperature. At a He concentration of β = 0.094, this
upward trend in cluster size with temperature is similar to that
at β = 0.062, but the clusters are noticeably larger at the same
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temperatures. The number of He atoms in clusters within liq-
uid Li at β = 0.094 was evaluated at four temperatures: 470 K,
670 K, 870 K, and 1070 K, as shown in Fig. 6. At 470 K,
two major clusters containing approximately 25 and 32 He
atoms dominate the system. These clusters include nearly all
He atoms, with fewer than ten atoms remaining unclustered
in the liquid Li. At higher temperatures of 670 K and 870 K,
large bubbles with lower atomic density than the surrounding
liquid Li emerge, consistent with typical gas-like behavior. At
1070 K, a large bubble containing more than 50 atoms ap-
pears, while fewer than 10 atoms are dispersed in the liquid
Li. A clear separation between liquid Li and He gas is ob-
served, with He atoms forming an extended, connected region
indicative of phase separation.
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to a gaseous state, whereas “non-separation” indicates that He remains
dissolved in liquid Li.

Heavy segregation of He gas dominates the space, with
atoms diffusing rapidly and exhibiting minimal interaction.
At He concentrations above β = 0.125, phase separation is
observed at all studied temperatures except for 470 K. At
the highest examined concentration, β = 0.250, phase sepa-
ration is evident across the entire temperature range. Clus-
ters also tend to grow larger at elevated temperatures and He

concentrations, consistent with earlier reports[34] showing that
Henry’s law constant for He in Li increases with temperature,
leading to decreased solubility and larger cluster sizes.[34] In
general, phase separation is more likely to occur at high He
concentrations and high temperatures, and the onset temper-
ature of phase separation decreases as He concentration in-
creases. Figure 7 illustrates the occurrence of phase sepa-
ration across various He concentrations (β = 0.031, 0.062,
0.094, 0.125, and 0.250) and temperatures (T = 470 K, 670 K,
870 K, and 1070 K). By performing additional measurements
at three intermediate concentrations near the critical region
(β = 0.076, 0.110, 0.150), we can more precisely delineate the
phase-separated boundaries. As shown in Fig. 7, when the He
concentration β is below approximately 0.076–0.150, phase
separation does not occur even at high temperatures. How-
ever, when β exceeds this range, phase separation emerges
even at relatively low temperatures. Within this critical range
(β ≈ 0.076–0.150), the influence of temperature on phase sep-
aration becomes significant.

Figure 8 shows the RDFs of Li–Li, Li–He, and He–He
at low He concentration (β = 0.031) and high He concentra-
tion (β = 0.250) at 470 K, 670 K, 870 K, and 1070 K. While
the presence of He exerts little influence on the RDFs of Li–
Li (Figs. 8(a) and 8(b)) and Li–He (Figs. 8(c) and 8(d)), sub-
stantial differences appear in the He–He RDFs (Figs. 8(e) and
8(f)). At β = 0.031 (Fig. 8(e)), a pronounced peak at about
2.5 Å indicates the clustering tendency of He atoms, with
a rapid decay at larger radii. As temperature increases, the
peak becomes broader and flatter, suggesting the formation of
larger He clusters due to (i) expanded interatomic spacing and
(ii) enhanced atomic mobility, which facilitates the growth of
larger bubbles. In contrast, at β = 0.250 (Fig. 8(f)), the flat-
ter RDF profile reflects a more uniform, gas-like distribution
of He atoms, corresponding to a clear phase separation into a
pure Li liquid phase and a He gas phase.

3.4. Dynamic properties

Self-diffusion coefficients generally follow D =

D0 e−E/kT for normal gases and liquids in the absence of phase
separation.[70] Figure 8 presents the logarithmic diffusion co-
efficients (log(D)) of Li and He at different He concentrations
and inverse temperatures (1000/T ). For Li (Fig. 9(a)), the
linear relation between log(D) and inverse temperature indi-
cates that the presence of He has only a minor impact on Li
mobility. As He concentration increases from β = 0.031 to
0.250, Li diffusion decreases slightly but remains close to that
of pure liquid Li. Conversely, He diffusion (Fig. 9(b)) exhibits
a non-linear dependence on temperature, deviating from the
expected Arrhenius-like trend due to structural complexity. At
β = 0.250, where phase separation occurs and He behaves as
a gas, the relation becomes linear. Sharp increases in the He
diffusion coefficient appear at β = 0.125 between 470 K and
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670 K and at β = 0.094 between 870 and 1070 K, marking the
onset of phase separation. After phase separation, He diffu-
sion becomes two orders of magnitude higher, consistent with
near-free motion in the gas phase. At lower temperatures and
concentrations, where phase separation does not occur, He

diffusion remains low. An anomaly is observed at β = 0.062,
where the log(D) versus 1000/T curve is non-linear, indicat-
ing a slower-than-expected increase in the diffusion coefficient
with temperature and suggesting a potential non-monotonic
temperature dependence.
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Fig. 9. Diffusion coefficients of (a) Li and (b) He at varying He con-
centrations and temperatures of 470 K, 670 K, 870 K, and 1070 K for a
system containing 1024 Li atoms.

This phenomenon arises from a structural transition in
which cluster sizes increase with temperature. For typical liq-

uids or gases, diffusion coefficients (logD) increase linearly
with 1/T . However, at β > 0.062, the cluster size exhibits
a pronounced temperature dependence (see Fig. 4). Larger
clusters experience greater resistance to motion within the liq-
uid. As a result, despite the increased kinetic energy provided
by heating, the rise in He’s diffusion coefficient becomes sup-
pressed. A similar but weaker trend also appears at β = 0.031,
due to the formation of smaller clusters, as discussed in Sec-
tion 3.3. This explanation extends to β = 0.094 and β = 0.125
at 470 K, where substantial cluster formation at even lower
temperatures leads to the smallest diffusion coefficients among
all systems examined.

Moreover, the diffusion coefficient of He is highly sensi-
tive to cluster size when clusters remain small, but this sen-
sitivity weakens once clusters become sufficiently large. For
instance, at β = 0.062 and T = 470 K and 670 K, the clus-
ter size increases from about 5 to approximately 20 atoms,
which significantly reduces the slope of the log(D)–1/T re-
lation. Above 670 K, after clusters reach a certain size, the
log(D)–1/T relation becomes approximately linear again, as
shown in Fig. 8. Further growth of clusters from 20 to over 50
atoms does not markedly alter the diffusion coefficient because
the clusters are already too large for additional size effects
to be notable. The same behavior appears at β = 0.031 and
β = 0.094. In particular, at β = 0.094, clusters remain large
across all temperatures, leading to relatively straight lines prior
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to phase separation. In summary, cluster growth inhibits mass
transport, while increasing temperature enhances atomic mo-
bility and bubble expansion. Once clusters exceed a certain
size, the diffusion coefficient increases more slowly, resulting
in flatter log(D)–1/T slopes. Additionally, He concentration
strongly influences cluster size and diffusion behavior. Fol-
lowing phase separation, diffusion coefficients increase by up
to two orders of magnitude, highlighting the complex dynam-
ics of He transport.

4. Conclusion
In this study, we developed a machine-learning-based DP

model trained on AIMD data to investigate the static and dy-
namic properties of He in liquid Li over temperatures ranging
from 470 K to 1070 K and He concentrations (β ) between
0.031 and 0.250. The model’s accuracy is demonstrated by its
close agreement with AIMD and experimental data, including
density predictions.

Our simulations yield several key findings. First, at low
He concentrations and low temperatures, He atoms predom-
inantly form clusters and bubbles within liquid Li. Second,
at higher temperatures and He concentrations, both the clus-
ter size and bubble size increase. Furthermore, when the He
concentration exceeds β ≈ 0.072–0.166, the system undergoes
temperature-independent phase separation into liquid Li and
gaseous He. Third, after phase separation, the diffusion coef-
ficient of He rises sharply — by up to two orders of magnitude.
Fourth, we identify a nonlinear relationship between the diffu-
sion coefficient and temperature, caused by increasing clus-
ter sizes at elevated temperatures, which moderates the rate of
diffusion enhancement. Overall, this study elucidates key fea-
tures of He behavior in liquid Li and provides insights relevant
to the design of liquid PFCs for fusion applications.
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