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As a representative of wide-bandgap semiconductors, wurtzite gallium nitride (GaN) has been widely utilized in high-
power devices due to its high breakdown voltage and low specific on-resistance. Accurate prediction of wurtzite GaN’s
thermal conductivity is a prerequisite for designing effective thermal management systems for electronic applications. Ma-
chine learning-driven molecular dynamics simulation offers a promising approach to predicting the thermal conductivity
of large-scale systems without requiring predefined parameters. However, these methods often underestimate the thermal
conductivity of materials with inherently high thermal conductivity due to the large predicted force error compared with
first-principles calculations, posing a critical challenge for their broader application. In this study, we successfully de-
veloped a neuroevolution potential for wurtzite GaN and accurately predicted its thermal conductivity, 259±6 W/(m·K)
at room temperature, achieving excellent agreement with reported experimental measurements. The hyperparameters of
the neuroevolution potential (NEP) were optimized based on a systematic analysis of reproduced energy and force, struc-
tural features, and computational efficiency. Furthermore, a force error correction method was implemented, effectively
reducing the error caused by the additional force noise in the Langevin thermostat by extrapolating to the zero-force error
limit. This study provides valuable insights and holds significant implications for advancing efficient thermal management
technologies in wide-bandgap semiconductor devices.

Keywords: machine learning potential, molecular dynamics, thermal conductivity, gallium nitride
PACS: 61.82.Fk, 31.15.–p, 52.65.Yy, 74.25.fc
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1. Introduction
The wide-bandgap semiconductors, exemplified by GaN

and SiC, have been widely utilized in high-power devices
due to their high breakdown voltage and low specific on-
resistance.[1] However, these high-power devices often oper-
ate under extreme conditions, such as high temperatures, high
voltages, and high-frequency environments.[2] These condi-
tions typically result in extremely high heat flux densities,
which can adversely impact the stability and operational lifes-
pan of devices.[3,4] Accurate prediction and characterization
of the thermal conductivity of wurtzite GaN are essential for
understanding its thermal transport mechanisms and designing
efficient thermal management systems.

Over the past decades, extensive studies have focused on
the prediction and characterization of the thermal conductivity
of wurtzite GaN using both theoretical methods[5–7] and exper-
imental measurements.[8–10] The measured thermal conductiv-
ity of wurtzite GaN has typically lacked a consistent conclu-

sion, generally ranging from 180 W/(m·K) to 220 W/(m·K).
This variability arises from differences in experimental sam-
ples, measurement methods, and the limited availability of
single-crystalline wurtzite GaN samples. Recently, the de-
velopment of high-purity wurtzite GaN samples has enabled
the measurement of thermal conductivity up to 246 W/(m·K)
through systematic experimental characterization.[11] How-
ever, first-principles calculation-based Boltzmann transport
equations tend to overestimate the thermal conductivity of
wurtzite GaN using the local-density approximation (LDA)
form of the exchange–correlation function, primarily due
to inconsistent lattice parameters with experimental samples
and simplified anharmonicity calculations.[5,12] In contrast,
our previous work[13] determined the thermal conductivity of
wurtzite GaN to be 264 W/(m·K), employing the PBE form
of the exchange-correlation function while maintaining con-
sistent lattice parameters (a = 3.184 Å and c = 5.187 Å).
This result aligns well with experimental measurements.[11]
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Similarly, molecular dynamics (MD) simulations using em-
pirical potentials predicted a thermal conductivity of approx-
imately 180 W/(m·K),[14,15] which is significantly lower than
the reported experimental value.[11] Machine learning-driven
molecular dynamics simulation offers a promising alternative
for predicting the thermal conductivity of large-scale systems
without the need for predefined parameters. However, these
methods often underestimate the thermal conductivity of ma-
terials with inherently high thermal conductivity,[16,17] such as
wurtzite GaN, posing a critical challenge for their broader ap-
plications.

In this work, we first developed the neuroevolution poten-
tial (NEP) for wurtzite GaN, a representative machine learning
potential (MLP), where the NEP model effectively balances
the trade-off between computational efficiency and accuracy
compared with other machine learning potential models.[18,19]

We systematically investigated the influence of NEP hyperpa-
rameters on the accuracy of thermal conductivity prediction
and computational efficiency. Furthermore, we implemented
a correction method to eliminate force prediction errors in
the Langevin thermostat,[20] achieving an accurate thermal
conductivity of 259±6 W/(m·K) at room temperature, which
aligns closely with the experimental value.[11]

2. Methods
2.1. Neuroevolution potential training

In the NEP model, the radial and angular components are
influenced by the cutoff radii rR

c and rA
c , respectively. In our

study, three cutoff radii values (4.5 Å, 5.0 Å, and 5.5 Å) were
evaluated to optimize the accuracy of the NEP model. We
performed tests to determine the optimal cutoff values; other
hyperparameters used to train the NEP model are listed in Ta-
ble S1. In total, we gathered 404 structures for the training
set and 180 structures for the testing set. The training set in-
cludes a unit cell, a supercell, 200 MD structures at tempera-
tures ranging from 100 K to 1900 K, and 202 structures with
small random atomic displacements and variations in lattice
constants. We employed a general-purpose machine learning
model, MACE-MP,[21] in conjunction with the atomic simu-
lation environment (ASE) package,[22] to perform MD simu-
lations using the canonical (NVT) ensemble. The testing set
was generated by performing MD simulations involving heat-
ing from 100 K to 1900 K using the NEP model trained on the
training set. Static calculations based on first-principles meth-
ods were performed to obtain the energy, atomic forces, and
virials of each structure.

2.2. DFT calculations for reference data generation

First-principles calculations were performed using den-
sity functional theory (DFT) as implemented in the Vienna
ab initio simulation package (VASP).[23] The unit cell of

wurtzite GaN, as shown in Figs. 1(a)–1(c), belongs to a
hexagonal system with the P63mc space group. The con-
verged lattice constants of wurtzite GaN were found to be
a = b = 3.219 Å and c = 5.243 Å, which are approximately
1% larger than the experimental values (a = 3.19 Å and c =

5.189 Å). This discrepancy is attributed to the use of the PBE
functional,[24] which tends to overestimate lattice constants.
In order to eliminate artificial factors, the original lattice con-
stants were not adjusted in this work. The hexagonal system
was converted to a cubic lattice (Fig. 1(d)) with dimensions
9.65 Å×11.153 Å×10.487 Å for MD simulations used to build
the datasets. Structural visualization was carried out using the
VESTA package.[25]

c

a b

z

x y

(a) (b)

(c) (d)

(e)

Ga
N

Fig. 1. Snapshots of (a)–(c) the unit cell of wurtzite GaN, (d) the su-
percell used in MACE-MP-based MD simulations, and (e) the supercell
used for thermal conductivity calculations.

2.3. MD simulations

All MD simulations for thermal conductivity calculations
were performed at 300 K using the GPUMD package[19] (ver-
sion 3.9.4) with the NEP models (version 4).[26] The simu-
lation process involved three distinct runs, each with a time
step of 1 fs. The first run, lasting 0.5 ns, employed a stochas-
tic cell rescaling (SCR) thermostat[27] within the isothermal-
isobaric (NPT) ensemble, with a target pressure of zero. The
second run, conducted for 0.2 ns, used a Bussi–Donadio–
Parrinello (BDP) thermostat[28] in the NVT ensemble. Fi-
nally, a 15 ns simulation was performed in the NVT ensemble,
during which the running thermal conductivity was recorded.
We only considered the thermal conductivity of wurtzite GaN
along the z-direction. The thermal conductivity was calcu-
lated using the homogeneous non-equilibrium molecular dy-
namics (HNEMD) method,[29] which is unique to GPUMD.
Compared with the EMD method, the HNEMD method is
more computationally efficient.[29] This performance differ-
ence stems from their fundamental methodological distinc-
tions: EMD relies on measuring the heat current autocorrela-
tion function (HCACF), whereas HNEMD directly evaluates
the heat current. In EMD simulations, the noise-to-signal ra-
tio in the decaying HCACF progressively increases with cor-
relation time, leading to substantial fluctuations in the inte-
grated running thermal conductivity, particularly at long cor-
relation times, where only the averaged thermal conductivity
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converges. Conversely, HNEMD simulations exhibit a con-
stant noise-to-signal ratio in the measured heat current (as it
does not decay over time), enabling rapid convergence of the
running average. In this method, the heat current is propor-
tional to the magnitude of the driving force parameter Fe, so
careful selection of Fe is essential to ensure a large signal-to-
noise ratio within the linear-response regime of the system.

To determine the parameter, we conducted extensive
tests; the results are presented in Fig. 2(a). The system devi-
ates from the linear-response regime when Fe ≥ 5×10−5 Å−1,
while a small value of Fe = 2× 10−6 Å−1 induces large fluc-
tuations in thermal conductivity. Based on these observa-
tions, a value of Fe = 2.5× 10−5 Å−1 was selected. Addi-
tionally, a sufficiently large simulation cell was used to elimi-
nate finite-size effects. As shown in Fig. 2(b), we only con-
sidered the thermal conductivity of wurtzite GaN in the z-
direction in this work, using a simulation cell with dimen-
sions Lx × Ly × Lz = 55.88 Å×54.83 Å×63.08 Å (depicted
in Fig. 1(e)), which contains 16320 atoms. MD simulations
in classical statistical mechanics inherently adhere to the en-
ergy equipartition theorem. This framework leads to excessive
excitation of high-frequency phonons, particularly below the
Debye temperature, where quantum effects dominate. Such
overpopulation of high-frequency phonons may induce signif-
icant overestimation of lattice thermal conductivity. In quan-
tum statistical mechanics, only the vibrational modes with fre-
quencies below the cutoff kBT ≤ h̄ω0, where ω0 is the vibra-
tional frequency, contribute to the heat capacity, as described
by Bose–Einstein statistics. To investigate the quantum effect,

we employed a feasible quantum correction method based on
spectral thermal conductivity, which is available within the
HNEMD formalism. The spectral thermal conductivity is cal-
culated as[30]

κ(ω,T ) =
2C(ω)

V T Fe
, (1)

where V is the volume, T is the temperature, and C(ω) is
the virial-velocity correlation function in the frequency do-
main. κ(ω,T ) can be quantum-corrected by multiplying it
with the ratio between quantum and classical modal heat
capacity[30–33]

κ
q(ω,T ) = κ(ω,T )

x2ex

(ex −1)2 , (2)

κ
q (T ) =

∫
∞

0

dω

2π
κ

q (ω,T ) , (3)

where x= h̄ω/kBT , h̄ is the reduced Planck constant, and kB is
the Boltzmann constant. The total quantum-corrected thermal
conductivity κq(T ) is obtained by integrating κq(ω,T ) over
the vibrational frequency.

The quantum-corrected spectral thermal conductivity at
300 K is presented in Fig. 2(c). We found that the thermal
conductivity decreased by only 5% after quantum correction.
This minimal change is attributed to the fact that the thermal
conductivity of wurtzite GaN is primarily governed by low-
frequency (< 10 THz) phonons, which exhibit weak quantum
effects. As a result, quantum corrections are not considered in
the subsequent calculations.
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Fig. 2. (a) Cumulative average of the thermal conductivity of wurtzite GaN at 300 K and zero pressure. The driving force parameter Fe (listed
in the legend) ranges from 2× 10−6 Å−1 to 5× 10−3 Å−1. (b) Cumulative average of the thermal conductivity of wurtzite GaN at 300 K
and zero pressure. The length in the z-direction increases from 5.3 nm to 7.34 nm, with three independent runs performed. (c) Classical and
quantum-corrected spectral thermal conductivity of wurtzite GaN at 300 K. The green arrow and number indicate the region where classical
MD overestimates the thermal conductivity.

3. Results and discussion
3.1. Hyperparameter optimization of neuroevolution po-

tential

The NEP model is an MLP, based on the feedforward neu-
ral network and employed to describe the interatomic interac-
tions. In a neural network potential, increasing the number of
neurons generally improves the accuracy until convergence.
Therefore, the hyperparameters, such as the number of radial
and angular descriptor components that are related to the num-

ber of neurons, often follow standard values. In MD simu-
lations, when calculating short-range interactions, it is typi-
cally sufficient to account only for the contributions of parti-
cles within a cutoff distance. The introduction of truncation
approximation greatly reduces the computational cost of in-
teratomic interactions. However, the relationship between the
accuracy and truncation of MLP is not monotonic, and there is
usually an optimal cutoff that achieves the optimized training
accuracy. Our calculations found that the NEP with the highest
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accuracy was associated with a significantly slower computa-
tional speed. Therefore, we question whether a greater cutoff
radius is necessary to achieve higher accuracy. In a previous
study, the cutoff value was determined only after the accuracy
test had been conducted.[34] In this work, we hope to do more
comprehensive testing to determine a more reasonable cutoff
value, which is very meaningful for the training process of
standardizing NEP.

Figure 3 presents the training results of three NEP mod-
els with different cutoffs, including the radial (rR

c ) and angular
(rA

c ) cutoffs. The diagonal plots show the errors between the
energy and force predicted by the NEP models and those ob-
tained from DFT calculations. Each point in the plots repre-
sents the energy and force predicted by NEP versus the corre-
sponding DFT value. The diagonal lines are included to help
identify any significant deviation, allowing for a visual assess-
ment of prediction accuracy. As depicted in Figs. 3(a), 3(d),
and 3(g), the loss curve plateaus as the number of training
steps increases. The diagonal plots show the errors between
the energy and force predicted by the NEP models and DFT
calculations. The RMSEs for energy in the training set reveal a
decreasing trend as the cutoff radius increases: 0.55 meV/atom

for rR
c = rA

c = 4.5 Å, 0.46 meV/atom for rR
c = rA

c = 5.0 Å,
and 0.40 meV/atom for rR

c = rA
c = 5.5 Å. Similarly, the force

RMSEs demonstrate a consistent improvement with increas-
ing cutoff radii, decreasing from 47.93 meV/Å for rR

c = rA
c =

4.5 Å, 40.77 meV/Å for rR
c = rA

c = 5.0 Å, and 34.47 meV/Å
for rR

c = rA
c = 5.5 Å. These results indicate that enlarging the

cutoff radius significantly enhances the accuracy of the NEP
model for capturing both energy and force of DFT calcula-
tion due to better representation of longer-range atomic inter-
actions. Upon the optimization of energy and force in NEP, we
then evaluated the predictive structure information of wurtzite
GaN using the NEPs. All atomic structures were relaxed for
0.5 ns at 300 K using a SCR thermostat in the NPT ensem-
ble, followed by 0.2 ns at 300 K using a BDP thermostat in
the NVT ensemble. The radial distribution function (RDF)
g(r) and the structural factor (SF) S(r) are shown in Fig. 4(a).
SF highlights the long-range order characteristic of crystalline
materials. Interestingly, the structural features remain consis-
tent across different cutoff radii, indicating that a cutoff radius
of 4.5 Å or larger is sufficient to accurately capture and con-
struct the crystalline structure of wurtzite GaN.
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Fig. 3. Evolution of various terms in the loss function, including L1 and L2 regularization, energy RMSE (eV/atom), force RMSE (eV/Å), and virial RMSE
(eV/atom) as a function of training generation for (a) 4.5 Å, (d) 5.0 Å, and (g) 5.5 Å. Energy from the NEP model compared with DFT reference data for (b)
4.5 Å, (e) 5.0 Å, and (h) 5.5 Å. Force from the NEP model compared with DFT reference data for (c) 4.5 Å, (f) 5.0 Å, and (i) 5.5 Å. The overall converged
training and testing RMSEs and R2 of energy and force are presented. Integrated cutoff values are indicated above each panel.
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In addition to evaluating the structural features using
the NEP models, the computational efficiency and accuracy
in predicting the thermal conductivity of wurtzite GaN are
equally critical. The thermal conductivity of wurtzite GaN
along the z-direction was calculated using NEPs with varied
cutoff radii, as shown in Fig. 4(b). Notably, the thermal con-
ductivity of wurtzite GaN remains consistent, with differences
of less than 2 W/(m·K) across the three cutoff radii. In con-
trast, the computational speed with a cutoff radius of 4.5 Å
reaches approximately 9.8× 106 atom-steps per second on a
single Tesla A800 GPU, which is 78.2% faster compared to
that with a cutoff radius of 5.5 Å. This significant improve-
ment in computational efficiency highlights the advantage of
adopting a smaller cutoff radius, which substantially reduces
computational cost and time while maintaining accuracy in
structural and thermal conductivity predictions.

Furthermore, the spectral thermal conductivity obtained
with varying cutoff radii shows consistent results across the
entire range of phonon frequencies, as illustrated in Fig. 4(c).
Based on the above systematic analysis of the reproduced en-
ergy and forces, structural features, thermal conductivity pre-

dictions, computational efficiency, and spectral thermal con-
ductivity from NEPs with varying cutoff radii, a cutoff radius
of 4.5 Å was selected for subsequent thermal conductivity
calculations, ensuring a balance between computational effi-
ciency and accuracy.

To better demonstrate the phonon transport properties of
wurtzite GaN, the phonon dispersions predicted by NEP and
DFT are shown in Fig. 4(d). For the DFT calculations, there
are four atoms in the primitive cell of GaN. The NEP model
uses a supercell with 1024 atoms. Correspondingly, there are
twelve phonon branches. The phonon frequencies predicted
by NEP agree well with the DFT results and experimental
data.[35]

Our work developed a NEP model and standardized the
hyperparameter optimization process, which effectively ad-
dresses the trade-off between computational efficiency and
predictive accuracy for thermal conductivity (Fig. 4). How-
ever, in previous studies,[30,36,37] the thermal conductivity was
predicted using MLPs, with a primary focus on optimizing the
hyperparameters to improve predictive accuracy.
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Fig. 4. (a) Radial distribution function g(r) of Ga–Ga and Ga–N predicted by NEPs with various cutoff radii and the structure factors S(r) of
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3.2. Correction of wurtzite GaN thermal conductivity

Despite extensive hyperparameter optimization of the
NEP models, the calculated thermal conductivity of wurtzite
GaN at 300 K was approximately 150 W/(m·K), which
is significantly lower than the experimentally measured
value of 246 W/(m·K)[11] and the DFT-predicted value of

260 W/(m·K).[7,38] This underestimation primarily arises from

additional perturbations introduced by MLPs in molecular

dynamics (MD) simulations, which enhance phonon–phonon

scattering and consequently reduce thermal conductivity.[39,40]

Furthermore, our simulations were based on a perfect

crystalline lattice of wurtzite GaN, whereas experimental sam-
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ples often contain structural defects, which also act as phonon-
scattering centers and can affect the observed thermal conduc-
tivity. Previous studies[16,17] have reported that MLPs gener-
ally tend to underestimate thermal conductivity, particularly in
materials with intrinsically high thermal conductivities.

In MLP-based thermal conductivity calculations, resid-
ual force errors can arise due to discrepancies between the
forces predicted by MLPs and the reference DFT-calculated
forces. These discrepancies introduce additional noise into the
energy and force landscape, which alters the heat flux distri-
bution in MD simulations, effectively acting as a source of
phonon-scattering. Studies[39,40] have shown that such resid-
ual force errors approximately follow a Gaussian distribution,

analogous to stochastic forces (white noise) in the Langevin
thermostat. This analogy permits the intentional introduction
of tunable force noise via the Langevin thermostat to study its
effect on phonon transport.

By systematically varying the magnitude of the applied
noise, one can evaluate the thermal conductivity at different
noise levels and extrapolate the results to estimate the intrin-
sic lattice thermal conductivity in the absence of force errors.
To address this limitation, correction methods have been pro-
posed to reconcile the discrepancy between MLP-predicted
and experimentally measured thermal conductivities.[39,40] In
this study, we adopted such a correction method to achieve a
more accurate prediction of the thermal conductivity of GaN.
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The core of the correction method lies in accounting for
an additional force error, which follows a Gaussian distribu-
tion in the Langevin thermostat. This approach is analogous
to the prediction error of forces observed in the NEP models,
providing a systematic way to address discrepancies and en-
hance the accuracy of thermal conductivity prediction based
on MLPs. This is because the Langevin thermostat does not
directly regulate the dynamic state of the entire system, as a
global thermostat such as the BDP thermostat does. Instead,
it introduces random white noise forces to influence the dy-
namics of the system, resulting in an additional force error

compared to a global thermostat. The magnitude of force er-
ror through the Langevin thermostat can be adjusted via the
coupling time[39]

σ
2
L =

2kBT mave

τ∆t
, (4)

where mave is the average atomic mass, kB is the Boltzmann
constant, T is the temperature in the system, τ is the coupling
time, and ∆t is the time step. The total force error σtotal can be

denoted as σtotal =
√

σ2
nep +σ2

L , where σnep is the RMSE of
force prediction for the NEP model at the target temperature.
The predicted thermal conductivity is inversely proportional to
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σtotal, decreasing as σtotal increases. Based on a first-order ap-
proximation and Matthiessen’s rule, the corrected thermal con-
ductivity κ can be calculated using the following formula:[39]

κ0 =
1

1/κ +λσtotal
. (5)

where κ is the wurtzite GaN thermal conductivity calculated
by NEP-HNEMD with the Langevin thermostat, and λ is a
fitting parameter.

We first evaluated the force prediction error of NEP in
the MD-simulated structures at 300 K by comparing it to
DFT reference data. These atomic configuration structures
were generated through NEP-MD simulations using an SCR
thermostat at 300 K, with 50 configurations uniformly sam-
pled from a 1 ns trajectory for DFT static calculations. Fig-
ure 5(a) shows the σnep at 300 K, which can be considered as
σtotal = σnep = 18.19 meV/Å when using the BDP thermostat.
Notably, the force prediction error of the NEP model at 300 K
in Fig. 5(a) is significantly lower than the overall force pre-
diction error in Fig. 3(c). This is because the training set also
includes high-temperature and perturbed structures, which are
typically more force-intensive and require the model to pre-
dict the temperature-specific error accurately. Subsequently,
we examined the force prediction error induced by the addi-
tional random force in the Langevin thermostat by varying the
coupling times to 240 ps, 160 ps, 80 ps, and 40 ps.

Figure 5(b) illustrates the dependence of σtotal on the
coupling times of the Langevin thermostat, while κ is deter-
mined in Fig. 5(c) by fitting the data with Eq. (5). Using the
fitted linear parameter, the thermal conductivity of wurtzite
GaN was obtained by extrapolating to σtotal = 0. The uncor-
rected and corrected thermal conductivity of wurtzite GaN,
obtained from NEP-MD simulations along with experimen-
tal data, DFT results, and SW-MD simulation results are pre-
sented in Fig. 5(d). The calculated thermal conductivities of
pure wurtzite GaN from Lindsay et al.[5] and Wu et al.[12]

are significantly higher than experimental values[11] due to
differences in lattice constants in wurtzite GaN. The uncor-
rected thermal conductivities are consistently lower than the
other results due to the presence of force prediction errors in
the NEP-MD calculations. Interestingly, the corrected ther-
mal conductivity of wurtzite GaN from NEP-MD simulations
is 259±6 W/(m·K), which aligns well with the experimental
value of 246 W/(m·K). The slight overestimation in our re-
sults may be attributed to the weak quantum effect at room
temperature. Based on the force error correction method, the
intrinsic thermal conductivity of wurtzite GaN along both the x
and y directions is calculated to be 272.9 W/(m·K). These val-
ues are consistent with those from first-principles calculations:
263 W/(m·K)[7] and 275 W/(m·K)[38] along the in-plane di-
rection. Both the thermal conductivities calculated from NEP
and DFT calculations are slightly higher than the experimental

value of 234 W/(m·K), which may be ascribed to factors such
as threading dislocation density and overall sample quality in
the experimental measurement.[11]

Overall, we have achieved an accurate prediction of the
pure wurtzite GaN thermal conductivity based on NEP-MD
simulations. This work broadens the applicability of the force
error correction method to a wider range of materials. Fur-
thermore, our findings confirm that wurtzite GaN does not ex-
hibit significant isotopic effects, in contrast to earlier theoreti-
cal works.

4. Conclusions
In conclusion, we successfully developed a neuroevolu-

tion potential for wurtzite GaN and accurately predicted its
thermal conductivity, achieving excellent agreement with re-
ported experimental measurements. This work effectively ad-
dresses the common underestimation issue associated with
predicting high thermal conductivity of materials using ma-
chine learning potentials. The influence of the hyperparame-
ters of two cutoff radii in NEP models on reproduced energy
and force, structural features, computational efficiency, and
spectral thermal conductivity was systematically analyzed,
and the optimized cutoff radius of 4.5 Å was found to achieve a
balance between computational efficiency and accuracy. Fur-
thermore, the force error correction method for NEP models
effectively reduces the error arising from the additional force
noise in the Langevin thermostat by extrapolating to the zero-
force-error limit. This study provides valuable insights and
holds significant implications for advancing efficient thermal
management technologies in wide-bandgap semiconductor de-
vices.
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