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SPECIAL TOPIC — Heat conduction and its related interdisciplinary areas
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GeTe has attracted extensive research interest for thermoelectric applications. In this paper, we first train a neuro-
evolution potential (NEP) based on a dataset constructed by ab initio molecular dynamics, with the Gaussian approxima-
tion potential (GAP) as a reference. The phonon density of states is then calculated by two machine learning potentials
and compared with density functional theory results, with the GAP potential having higher accuracy. Next, the thermal
conductivity of a GeTe crystal at 300 K is calculated by the equilibrium molecular dynamics method using both machine
learning potentials, and both of them are in good agreement with the experimental results; however, the calculation speed
when using the NEP potential is about 500 times faster than when using the GAP potential. Finally, the lattice thermal
conductivity in the range of 300 K–600 K is calculated using the NEP potential. The lattice thermal conductivity decreases
as the temperature increases due to the phonon anharmonic effect. This study provides a theoretical tool for the study of
the thermal conductivity of GeTe.

Keywords: machine learning potentials, thermal conductivity, molecular dynamics
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In recent years, as a result of increasingly prominent is-
sues such as the energy crisis and environmental pollution, re-
search on thermoelectric materials has garnered extensive at-
tention. Specifically, GeTe has been the focus of significant
research attention as an important thermoelectric and phase
change material. The efficiency of thermoelectric conversion
depends on the performance of the thermoelectric material,
which is quantified by the thermoelectric figure of merit (ZT).
ZT = S2σT

κE+κL
, where S2σ and T are the power factor and tem-

perature, respectively, and κ is the thermal conductivity, which
contains both electronic and lattice components. To enhance
the ZT value, it is necessary to increase the power factor while
reducing the thermal conductivity. Consequently, the study of
thermal conductivity is of great importance, and researchers
have dedicated significant efforts to this topic.[1–4]

The advancement of machine learning potential[5,6] has
enabled the calculation of lattice thermal conductivity through
molecular dynamics (MD) methods. Sosso et al.[7] trained
the neural network potential of GeTe and conducted cal-
culations of the lattice thermal conductivity of GeTe in its
amorphous phase using the equilibrium molecular dynamics
(EMD) method. Campi et al.[8,9] investigated the impact of
Ge vacancy defects on the lattice thermal conductivity of crys-
talline GeTe using the non-equilibrium molecular dynamics
(NEMD) approach. Their findings indicated that a 3% va-
cancy rate led to a reduction in the thermal conductivity from

3.2 W·m−1·K−1 to 1.38 W·m−1·K−1. Ghosh et al.[10] con-
ducted a study on the lattice thermal conductivity of GeTe
films across a temperature range from room temperature to
500 K. Their findings revealed a notable disparity in the contri-
bution of the film compared to the interface thermal resistance
between the film and the upper and lower layers.

Recently, Dorde et al.[11] trained a Gaussian approxima-
tion potential (GAP) and used it to study the temperature evo-
lution of GeTe lattices, demonstrating excellent performance.
However, the neuro-evolution potential (NEP), which is based
on a separable natural evolution strategy, may have a great
advantage in computational speed.[12–14] In order to conduct
a comparative study of the GAP and NEP potentials, in this
work, we first train a NEP based on the dataset constructed by
ab initio molecular dynamics (AIMD) calculations. Next, the
computational accuracy and computational speed of the two
potentials are compared by calculating the phonon density of
states and the thermal conductivity of GeTe crystals at 300 K.
Finally, the thermal conductivity of GeTe crystals in the range
of 300 K–600 K is calculated by the NEP. This study provides
a theoretical tool for the study of the thermal conductivity of
GeTe.

The GeTe crystal exhibits both rhombohedral and cubic
phases, with the rhombohedral phase being dominant at room
temperature.[11] The primitive unit cell (UC) used in this pa-
per is shown in Fig. 1. Dorde et al.[15] have employed the
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AIMD method to construct a training set, which contains a
total of 148 structures in supercells of varying sizes (128–
512 atoms) and temperatures (primarily below 800 K, with
a few at 1500 K). Additionally, this training set has been used
by Dorde et al.[11] to train the GAP potential. In this paper, we
also train the NEP potential with this training set. The cutoff
value is the most crucial parameter in the training process of
NEP using GPUMD,[16,17] as it significantly affects the com-
putational speed. The cutoff value is comprised of two param-
eters: the radial cutoff and the angular cutoff. The radial cutoff
is set at 6.5 Å, consistent with the GAP potential, while the an-
gular cutoff is also established at 6.5 Å. The remaining param-
eters are selected as default settings. A total of 1500 gener-
ations are trained, with each generation containing 100 steps.
The training process loss function is shown in Fig. 2(a). As the
number of fitting generations increases, the loss functions of
energy and force decrease and converge. Conversely, the mag-
nitude of the weight (L1) and deviation (L2) parameters in the
neural network first increases and then decreases, which can
effectively solve the overfitting phenomenon. Figures 2(b) and
2(c) show the energy and force calculated by the NEP poten-
tial versus density functional theory (DFT), respectively. The
distribution of both energy and force is diagonal, indicating
the precision of the NEP potential.

Ge

Te

Fig. 1. The primitive unit cell of the rhombohedral GeTe.
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Fig. 2. (a) The evolution of the loss functions (total, L1, L2, energy,
and force) during the training process. (b) The energy calculated by NEP
versus DFT. (c) The force calculated by NEP versus DFT.

We further use the phonopy tool[18,19] to calculate the
phonon density of states by the GAP and NEP potentials. The
result of DFT calculations[11] is selected as a reference. The
supercells used in our calculations are 8× 8× 8 UC, and the
calculation results are shown in Fig. 3. Compared with the
NEP potential, the GAP potential has higher accuracy.
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Fig. 3. The phonon density of states of GeTe with the GAP and NEP
potentials, and the results of DFT calculations as a reference.[11]

We calculate the lattice thermal conductivity of the rhom-
bohedral GeTe using the NEP potential trained in this work
and the GAP potential trained by Dorde et al.[11] for compari-
son. We use the LAMMPS packages[20] to calculate the lattice
thermal conductivity by the EMD method, which calculates
the lattice thermal conductivity by integrating the heat current
autocorrelation function (HCACF) based on the Green–Kubo
formula[21,22]

κ =
1

3kBT 2V

∞∫
0

dt 〈𝐽 (0) ·𝐽 (t)〉 , (1)

where kB is the Boltzmann constant, V is volume, T is tem-
perature, 𝐽 is the heat current, and the angular bracket is av-
eraged over the ensemble. In theory, when the integration
time approaches infinity, the method exhibits no computa-
tional error.[23] In practice, the computing time is always finite,
which inevitably introduces numerical errors;[24] therefore, a
reasonable cutoff is needed. Two methods can be used to de-
termine the cutoff time: first dip (FD)[25] and first avalanche
(FA).[24] The FD method sets the cutoff time at the moment
when the HCACF decays to zero for the first time, whereas
the FA method sets the cutoff time at the moment when there
is a sudden increase and a jump in F(t), which is defined as

F (t) =
∣∣∣∣σ (Cor(t))
E (Cor(t))

∣∣∣∣ , (2)

where σ and E are the standard deviation and mean of the
HCACF over a short time period. The FA method is effec-
tive when dealing with thermal conductivity without converg-
ing plateau values.[26] Therefore, in this paper, we use the FA
method.
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In order to use the GAP and NEP potentials in LAMMPS,
we compile the QUIP[27] and NEP-LAMMPS,[14] respec-
tively. During the simulation, a GeTe unit cell is used as
the basic unit, and the supercell contains (N ×N ×N) unit
cells. Periodic boundary conditions are enforced in all three
directions, and the timestep is 1 fs. Before the simulation
starts, energy minimization is first conducted. Subsequently,
all atoms are given an initial velocity corresponding to 300 K
with the Gaussian distribution. Next, the system is placed in
the canonical (NVT) ensemble for 50 ps to fully relax. Fi-
nally, the system is placed in the micro-canonical (NVE) en-
semble. We perform heat current autocorrelation every 40 ps,
for a total of 10 times, and the typical average heat current
autocorrelation in a 10× 10× 10 supercell (other simulations
are similar) is shown in Fig. 4(a). The HCACF decays first
rapidly and then slowly to 0. And with N = 10, the HCACF
can still decay to approximately 0 within 40 ps, which shows
that the total simulation time is enough in this study. More-
over, we further calculate the F(t), as shown in Fig. 4(b),
and select the moment when F(t) increased to 1 as the cut-
off time. To ensure the calculation accuracy, we calculate
the cutoff time of different supercells. Figure 4(c) shows the
results of the lattice thermal conductivity with different su-
percells by GAP and NEP. The ultimate result is an aver-
age of 10 realizations. When N is less than 6, there is a fi-
nite size effect on the thermal conductivity due to periodic
boundaries.[28,29] When N is more than 6, the calculated val-
ues converge to constants, which can be regarded as the lattice
thermal conductivity of the bulk system. The lattice thermal
conductivities calculated by the GAP and NEP potentials are
(2.45±0.30) W·m−1·K−1 and (2.84±0.30) W·m−1·K−1, re-
spectively, which is in good agreement with the experimental
data, (2.5–3.6) W·m−1·K−1.[30–32] This is due to the machine
learning potentials being trained using the dataset constructed
from AIMD calculations, which accurately describes the po-
tential energy surface (PES) and interpolates the results of the
DFT calculations. In addition, the MD simulations include all
orders of lattice anharmonicity and phonon scattering. The re-
sults in this paper are also applicable to other systems, such
as 2D Si and bulk PbTe,[12] demonstrating the applicability of
the NEP potential in heat transfer calculations.

We first calculate the thermal conductivity by the GAP
potential; however, when we further use the NEP potential,
the computing platforms are updated. Therefore, we have to
choose the computing platforms with the closest parameters
for comparison: GAP (Intel Xeon 8360H 48-core 3.0 GHz)
and NEP (Intel 8268 48-core 2.9 GHz). The computing time
of the different supercell sizes is shown in Fig. 5. As the super-
cell increases, the GAP potential’s computing time increases
significantly. When N = 10, the computing time reaches 1200
hours (with 96 cores). On the other hand, the calculation us-
ing NEP is much faster. For N = 10, the computing time using
NEP is only 1.85 hours (with 96 cores), which is less than

0.2% of that using GAP. Unlike the GAP potential based on
the Gaussian process regression method, the NEP potential
employs a feed-forward neural network model and a separa-
ble natural evolution strategy, which results in a significant
increase in the computational speed of the NEP potential, as
evidenced by the related study on PbTe.[12] Considering its
high accuracy in thermal conductivity prediction, as well as its
fast computing speed, NEP is preferred in the study of lattice
thermal conductivity. Next, we use the NEP potential to calcu-
late the lattice thermal conductivity of GeTe in the temperature
range of 300 K–600 K.
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Fig. 5. The computing time of the GAP and NEP potentials in thermal
conductivity calculation.

The temperature-dependent lattice thermal conductivity
calculated by the NEP potential is shown in Fig. 6. As the tem-
perature rises, the anharmonic effect also increases, leading to
a greater influence on lattice thermal conductivity.[33,34] The
decrease in thermal conductivity with increasing temperature
agrees well with the experimental report[30–32] and the results
of the Boltzmann transport approach.[11] It shows that the NEP
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potential can capture the anharmonic phonon characteristics of
GeTe crystal. This is due to the ability of the NEP potential to
accurately predict the PES, which further accurately describes
the harmonic and anharmonic force constants, ultimately mak-
ing its computational accuracy comparable to that of the DFT
calculations and enabling it to efficiently predict the thermal
conductivity of GeTe crystal.

250 300 350 400 450 500 550 600 650
0.5

1.0

1.5

2.0

2.5

3.0

3.5

4.0

Temperature (K)

 EMD

 Ref.[11]
 Ref.[30]
 Ref.[31]
 Ref.[32]

κ
 (

W
⋅m

-
1
⋅K

-
1
)

Fig. 6. The lattice thermal conductivity at 300 K–600 K calculated by
NEP. The data points reported in Ref. [11] are BTE calculated results,
and those in Refs. [30–32] are experimental measurement results.

In summary, we train a NEP using a dataset constructed
by AIMD calculations, and the GAP potential is used as a
reference. The phonon density of states of different machine
learning potentials is first calculated and compared to the DFT
calculations, with the GAP potential being more accurate.
Next, the thermal conductivity of GeTe crystals at 300 K is
calculated by the NEP and GAP potentials using the equilib-
rium molecular dynamics method, and the results are all in
agreement with the experimental results. However, the cal-
culations using the NEP potential are about 500 times faster
than those using GAP. Finally, the lattice thermal conductiv-
ity in the range of 300 K–600 K is calculated using the NEP
potential. The lattice thermal conductivity decreases as tem-
perature increases due to the phonon anharmonic effect. This
study provides a theoretical tool for the study of the thermal
conductivity of GeTe.
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