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Machine-learning potential for phonon transport in AlN with defects in multiple charge states
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Understanding phonon transport properties in defect-laden AlN is important for their device applications.
Here, we construct a machine-learning potential to describe phonon transport with ab initio accuracy in pristine
and defect-laden AlN, following the template of Behler-Parrinello-type neural network potentials (NNPs) but
extending them to consider multiple charge states of defects. The high accuracy of our NNP in predicting second-
and third-order interatomic force constants is demonstrated through calculations of phonon bands, three-phonon
anharmonic, phonon-isotope and phonon-defect scattering rates, and thermal conductivities. In particular, our
NNP accurately describes the difference in phonon-related properties among various native defects and among
different charge states of the defects. They reveal that the phonon-defect scattering rates induced by V3+

N are the
largest, followed by V3−

Al , and that V1+
N is the least effective scatterer. This is further confirmed by the magnitude

of the respective depressions of the thermal conductivity of AlN. Our findings reveal the significance of the
contribution from structural distortions induced by defects to the elastic scattering rates. The present work shows
the usefulness of our NNP scheme to cost-efficiently study phonon transport in partially disordered crystalline
phases containing charged defects.

DOI: 10.1103/PhysRevMaterials.9.034601

I. INTRODUCTION

Aluminum nitride (AlN) belongs to a rare class of ma-
terials having both a large electronic band gap (∼ 6.1 eV)
and a large thermal conductivity. Based on these properties,
AlN plays a key role in solid-state lighting and mod-
ern power electronics. Owing to a small lattice mismatch,
AlN is also widely used as a buffer during GaN growth
in devices such as power high-electron mobility transistors
(HEMTs). Semiconductor devices are sensitive to heat dis-
sipation, and AlN-related semiconductors are no exception:
especially under high-power and high-temperature operation
conditions, heat dissipation is extremely important for AlN-
related semiconductors to guarantee their performance and
reliability.

Phonon-defect scattering is one of the main factors reduc-
ing the thermal conductivity in semiconductor materials, as
defects with low formation energies are inevitably introduced
during crystalline growth. Computationally, the strength of
phonon scattering by defects is often underestimated by
only taking into account small perturbations of the dynam-
ical matrix coming from the defect mass difference [1,2].
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Specifically, in thermal conductivity calculations of AlN-
related alloys and thin films, the behavior of acoustic-phonon
scattering by defects has been mainly explained on the basis of
the mass-difference effect [3,4]. In studies using an analytical
model based on a simplified Boltzmann transport equation
(BTE) and the Debye approximation, Al vacancies were pre-
dicted as the strongest scatterers owing to their large mass
difference with the host [5,6]. Although vacancies, which
can be modeled as created by disconnecting atoms from the
lattice, do not introduce a mass perturbation by themselves,
their structural distortions tend to be larger than those of
substitutional defects, and this is sometimes modeled as an
effective mass perturbation, such as six times the mass of the
missing atom [7]. Those previous studies therefore relied on
drastic simplifications for calculating the thermal conductivity
of defect-laden crystalline systems by only considering a mass
perturbation or replacing the effect of structural distortion
with an effective mass perturbation.

In the recent decade, first-principles calculations of phonon
transport properties have become possible thanks to the cou-
pling of the BTE with density functional theory (DFT). In
such calculations, both the effects of defect mass difference
and structural distortion around the defect are included [7].
The effects of single substitutions, vacancies, coupled dopant-
vacancy and dopant-dopant complexes, assumed to be in their
most likely charged states, have been investigated in GaN [8].
The thermal conductivity of AlN laden with Al vacancies has
also been studied [5]. Those calculation results agree well
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with the experimental measurements. However, the effects
of defect charge states on phonon properties and thermal
conductivities have not been extensively discussed yet. Very
recently, some of us examined the phonon bands of AlN and
GaN for pristine crystals and crystals with +1 or +3 nitrogen
vacancies (V1+

N and V3+
N ) by DFT calculations, and revealed

that the +3 charge state causes larger disturbances in phonon
bands/density of states than the +1 version [9] (note that a +q
vacancy is the vacancy generated by removing a nitrogen ion
with charge −q). Based on this result, a difference in thermal
conductivity must be seen between the +1 and +3 charge
states due to the difference in interatomic force constants
(IFCs), in spite of the fact that N vacancies in +1 and +3
charge states have the same mass-difference effect. Further-
more, consideration of charge state effects may overturn the
previous speculations based on the defect mass difference. For
instance, it would be worth re-examining whether the effect of
the metal vacancy in III-nitrides is the greatest among native
point defects.

In this study, V1+
N , V3+

N and an aluminum vacancy with the
−3 charge state (V3−

Al ), the most stable defects under Fermi
level variance, are used to study the above issues. While
ab initio calculations provide the highest accuracy, they
usually incur high computational cost for large systems, par-
ticularly for phonon transport calculations of crystals with
low symmetry. To overcome this problem, machine-learning
potentials (MLPs) trained using ab initio calculation results
are emerging as a promising alternative. Previous studies
have verified that MLPs can describe phonon properties of
defect-laden material systems with an accuracy comparable
to ab initio calculations and much more reasonable cost
[10–12]. However, as far as we know, MLPs have never
been applied to examining thermal conductivities of defect-

laden crystalline systems including multiple charge states.
This challenge mainly stems from two difficulties:

1st, optimizing the fitting parameters of MLPs for multiple
charged systems is difficult because the same inputs of atomic
structure information are likely to give different output values
of energy and forces depending on the charge state of defect;

2nd, subtle phonon interactions in thermal conductivity cal-
culations of charged-defect-laden crystalline systems require
even higher prediction accuracy [11].

To overcome the first difficulty, some of us developed a
modified high-dimensional neural network potential (NNP),
an extended Behler-Parrinello-type MLP [13], in a previous
work [11]. In the present study, we demonstrate that this
approach works well for predictions of phonon transport for
defect-laden systems with multiple charges. Our approach
achieves DFT-level accuracy in describing phonon transport
for both pristine and defect-laden AlN including defects in
multiple charge states. We find that V3+

N reduces the thermal
conductivity more than V1+

N . Moreover, our study overturns
previous speculations based only on mass differences.

II. METHODOLOGY

A. Neural network potential architecture

The construction of the MLP in this study was based on
the Behler-Parrinello-type NNP [13], but modified to add a
system charge node (Qsys) to the input layer [11]. It comprises
a feed-forward neural network with two hidden layers. The
local atomic features are described in the input nodes by
means of radial and angular symmetry functions (SFs). Qsys

is defined as constant value c times a charge state of the target
supercell qsys divided by its volume V : Qsys = c qsys

V . Here,
c = 100 was used based on our previous experience [11]. The
output node gives the atomic energy (Ei), which is expressed
as

Ei = f out
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where the Gμ
i are the SFs of atom i (with an input node for

each μ) and an
l,m denotes a weight parameter connecting the

nth and precedent layers of the lth and mth nodes, respec-
tively. f n corresponds to the activation function of the nth
layer. The hyperbolic tangent was used for the first and second
hidden layers and a linear function for the output layer. The
total energy E is the sum of Ei over all atoms, E = ∑

i Ei. The
forces are obtained as Fαi = − ∂E

∂αi
= − ∑

μ
∂E
∂Gμ

∂Gμ

∂αi
, where

α = x, y, z atomic coordinates. Note that Qsys has no explicit
contribution to the atomic forces.

B. Training dataset generation

To prepare training data for the NNP, we first conducted
first-principles calculations based on DFT using the Quan-
tum Espresso software [14]. Calculations were performed
using the plane-wave (PW) pseudopotential (PP) method
and the generalized-gradient approximation (GGA) with the

Perdew-Burke-Ernzerhof functional [15]. Ultrasoft PPs were
taken from the GBRV library [16]. The Kohn-Sham wave
functions and the charge density were expanded in PWs up
to kinetic-energy cutoffs of 85 Ry and 850 Ry, respectively.
We considered pristine AlN and AlN supercells containing
one single point defect, which was V1+

N , V3+
N , V3−

Al , the Al
interstitial in +3 charge state (Al3+

i ) and the antisite defect
with +3 charge state where an Al atom replaces an N atom
(Al3+

N ). The supercell sizes vary from 31 atoms to 129 atoms.
For the purposes of this study, we concentrate on V1+

N , V3+
N ,

and V3−
Al and do not discuss Al3+

i and Al3+
N . The number of

electrons was varied by hand for defects in q charge states. In
doing so, a jellium background charge of value −q was also
added to neutralize the systems. We used the lattice constants
optimized for the pristine system, as well as those varied by
±1% to ±2% from the optimized ones for both pristine and
defect-laden systems.
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FIG. 1. Comparison between DFT and NNP with respect to (a)
total energies and (b) atomic forces. The red triangles and blue circles
represent the training and test data, respectively.

Besides the data directly obtained from first-principles cal-
culations, data obtained by the following procedures were
included: NNPs were roughly trained with the DFT out-
puts; then molecular dynamics (MD) were performed using
Large-scale Atomic/Molecular Massively Parallel Simulator
(LAMMPS) software [17,18] with the roughly trained NNPs;
Snapshot structures were extracted at certain intervals (5 to 30
steps) from the MD trajectories; these MD snapshot structures
were used as inputs for DFT calculations and their outputs
were added into training dataset.

To include structures having various structural features
while restricting the total numbers of structures in the datasets

used for training and validation, we performed principal com-
ponents analysis (PCA) based on the SFs of each structure
as performed in Ref. [19–21]. Local atomic features with
dimension = number of SFs × N (number of atoms) were
reduced to two-dimensional values, i.e., first and second prin-
cipal components (PC1 and PC2). Structures having similar
PC values are considered to possess similar atomic features.
Conversely, we can expect to include structures with a wide
variety of local atomic environments by selecting structures so
that their PC values are well scattered. We extracted structures
according to this strategy (in practice, by using the procedure
adopted in Ref. [19]) and, in total, 18 558 structures consisting
of 1 446 447 atoms were collected to train our final NNP.
Among them, a randomly selected 10% were kept as the
test dataset to monitor overfitting symptoms and evaluate the
prediction performance.

C. NNP training

To optimize the weight parameters {an
l,m}, the following

loss function was adopted:

�
({

an
l,m

}) = (1 − β )
Ntrain∑
i=1

(
ENNP

i − EDFT
i

)2

+ β

Ntrain∑
i=1

⎧⎨
⎩

3ni∑
j=1

(
F i, NNP

j − F i,DFT
j

)2

⎫⎬
⎭, (2)

FIG. 2. Atomic configurations of optimized defect-laden structures obtained by [(a)–(c)] DFT and [(d)–(f)] NNP: [(a),(d)] V1+
N , [(b),(e)]

V3+
N and [(c),(f)] V3−

Al .
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TABLE I. Distances between defect and surrounding Al and N, V-Al and V-N. The atom IDs are explained in Fig. 2. The atomic distances
in pristine AlN are the same in the predictions of NNP and DFT, and denoted as Lp. The atomic distances predicted by DFT and NNP are
denoted as LD and LN , respectively.

DFT NNP Pristine

Defect Body type Distance (Å) LD (LD − Lp)/Lp LN (LN − Lp)/Lp Lp

V-Al V-1 1.951 2.45% 1.970 3.45% 1.904
V-2 3.119 0.35% 3.112 0.11% 3.108

V1+
N V-3 3.683 0.31% 3.682 0.28% 3.672

V-4 2.009 4.84% 2.027 5.82% 1.916
V-N V-a 3.079 −0.52% 3.079 −0.51% 3.095

V-b 3.122 −0.31% 3.126 −0.19% 3.132
V-c 3.084 −0.38% 3.086 −0.30% 3.095

V3+
N V-Al V-1 2.328 22.29% 2.281 19.79%

V-2 3.138 0.95% 3.140 1.03%
V-3 3.695 0.64% 3.699 0.75%
V-4 2.626 37.06% 2.554 33.31%

V-N V-a 3.098 0.11% 3.088 −0.23%
V-b 3.142 0.31% 3.132 −0.01%
V-c 3.131 1.16% 3.112 0.53%

V3−
Al V-Al V-1 3.097 −1.11% 3.102 −0.95% 3.132

V-2 3.075 −0.64% 3.063 −1.04% 3.095
V-3 3.032 −2.05% 3.037 −1.88% 3.095

V-N V-a 2.106 10.62% 2.117 11.17% 1.904
V-b 3.687 0.43% 3.692 0.56% 3.672
V-c 2.361 23.24% 2.308 20.49% 1.916
V-d 3.131 0.73% 3.130 0.72% 3.108

where β controls the contribution ratio of energies and
atomic forces. In the present study, β was set to 0.9. During
the training process, the weight parameters were optimized
to minimize the loss function using the limited-memory
Broyden-Fletcher-Goldfarb-Shanno (l-BFGS) algorithm [22].
We generated 50 sets of initial weights, in which each weight
parameter was set randomly within the range of [−1:1]. Then
the set that provided the smallest root-mean-square error
(RMSE) was adopted for the NNP training. The training was
stopped when the RMSE of the training dataset became almost
stationary while no symptom of overfitting was seen in the
RMSE of the test dataset.

D. Thermal conductivity calculations

The 2nd and 3rd-order IFCs were calculated using the
finite displacement method via the PHONOPY [23] and
thirdorder.py [24] codes, respectively, with the default atomic
displacement magnitudes. The thermal conductivities were
calculated using the AlmaBTE package [25] with the follow-
ing formula [24,25]:

κμν = 1

kBT 2�

∑
j

∫
dqn0 jq (n0 jq + 1)(h̄ω jq)2υ

μ
jqυ

ν
jqτ jq,

(3)

where j denotes the phonon branch and q represents the
wave vector, and μ and ν specify the Cartesian compo-
nents of the κ tensor. T is the temperature and � is the
unit cell volume. ω, υ, n0, and τ are phonon-mode depen-
dent quantities, corresponding to the phonon frequencies,

group velocities, equilibrium occupancy, and relaxation time,
respectively. Here, we considered the three-phonon anhar-
monic scattering (τ−1

anh), phonon-isotope scattering (τ−1
iso ) and

phonon-defect scattering (τ−1
def ) as the contributions to the

total mode-specific scattering rate. The τ−1
def is calculated as

[8,26,27]:

τ−1
jq, def = −Xdef

A

Vdef

1

ω jq
Im{〈 jq|t| jq〉}, (4)

where Xdef denotes the number fraction of defects, Vdef rep-
resents the volume of a defect, and A is the volume used
for normalizing | jq〉. The t matrix in Eq. (4) is defined
by t = (I − Vg+)−1V, where I is the identity matrix, g+ is
the Green’s function for the unperturbed crystal. V is the
ab initio calculated perturbation matrix, which consists of
both the mass variation contribution (VM) and the contribution
of changes in force constants (VK ) between the pristine and
defect-laden structures [7,8,26,27].

In this theory, τ−1
anh and τ−1

iso are calculated using 3rd and
2nd-order IFCs of the pristine host, respectively, while τ−1

def
requires 2nd-order IFCs of both the pristine host and the
corresponding defect-laden structure. A non-analytical term
correction (NAC) [28] was applied to the dynamical matrix of
the pristine host, and further included into thermal conductiv-
ities of both pristine and defect-laden AlN. In both DFT and
NNP predictions, NAC ingredients calculated using Quantum
Espresso were used. Unless otherwise specified, a q-point
mesh of 26 × 26 × 14 for all calculations of phonon mode
scattering rates, and a grid of 18 × 18 × 10 q points for the
Green’s functions used for calculating τ−1

def [8].
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FIG. 3. Comparisons of phonon bands between NNP and DFT calculations for (a) pristine AlN, and AlN supercells with one point defect:
(b) V1+

N , (c) V3+
N , and (d) V3−

Al . For pristine AlN, the phonon bands predicted by the NNP with experimental lattice constants are also shown.
The x-ray [35] and Raman [36,37] data were measured by experiments. The NAC was included for phonon bands of pristine AlN but not for
those of defect-laden AlN. Note that the phonon bands in the Brillouin zone of the supercell are unfolded onto the primitive cell using a band
unfolding package [38–41].

III. RESULTS AND DISCUSSION

A. NNP construction

In our NNP construction, we used 8 and 24 types of
radial and angular SFs, respectively, for each elemental
combination (8 × 2 + 24 × 3 = 88) within a 7-Å cutoff dis-
tance (see details of SFs and the cutoff function in S1 of
the Supplemental Material [29]). We used one system charge
node in the input layer, and 30 and 20 nodes in the first and
second hidden layers, respectively. Thus, the NN architecture
was [89 − 30 − 20 − 1]. Comparison between DFT calcula-
tions and the predictions using the constructed NNP regarding
total energies and atomic forces is depicted in Fig. 1. Both
the total energies and atomic forces closely aligned along the
diagonal lines, indicating that the constructed NNP accurately
predicted all the structures and charge states considered. The
RMSEs of the total energies and atomic forces of the pro-
posed model were 3.55 meV/atom and 69.16 meV/Å for the
training dataset, and 3.48 meV/atom and 68.99 meV/Å for
the test dataset, respectively. The RMSEs for each type of
systems also showed high prediction accuracy (see S2 of the
Supplemental Material [29]). The PCA on the SFs re-
vealed that the structural features of the relaxed defect-laden

structures were in the range spanned by those of the training
dataset, although those relaxed defect-laden structures were
not used for training (see S3 of the Supplemental Material
[29]). This confirmed that our training dataset has sufficient
variety, thereby avoiding the lower prediction accuracy due to
the lack of relaxed defect structural features seen in Ref. [11],
where structures of the training dataset were created by molec-
ular dynamics using the empirical potential.

B. Relaxation of defect-laden structures

To get a converged thermal conductivity, a large enough
supercell size is necessary. The lighter computational cost of
the NNP compared with DFT allowed us to run a stringent
convergence test of κ (see S4 of the Supplemental Material
[29]) versus the supercell size. Based on this test, we decided
to use a 4 × 4 × 3 supercell size consisting of 192 atoms
for pristine AlN, or 191 for AlN including one vacancy, in
the following study. We chose this supercell size consider-
ing the convergence on the cell size as well as the heavy
computational cost of DFT calculations used for verification.
Phonon transport properties were also confirmed to be con-
verged when adopting this size (see S4-1 of the Supplemental
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FIG. 4. Comparisons between NNP and DFT predictions for three-phonon anharmonic scattering rates at (a) 293 K and (b) 700 K,
(c) phonon-isotope scattering rates, and phonon-defect scattering rates for (d) V1+

N , (e) V3+
N and (f) V3−

Al . Note that the phonon-defect scattering
rates shown here were calculated using a defect concentration defined as one defect per unit cell.

Material [29] and Ref. [8]). It is noteworthy that this supercell
size is larger than those involved in the NNP training dataset,
and thus provides a particularly severe test for the predictive
power of the machine-learning potential.

In Fig. 2, we show the relaxed atomic configurations of
the defect-laden AlN supercells obtained by DFT and NNP.
The interatomic distances after relaxation, and their changes
compared with the corresponding pristine values are listed in
Table I. Our NNP prediction of structural relaxations around
defects agreed with DFT well. The structural distortions
around V1+

N were the smallest. As expected, the structural
distortions of atoms surrounding the defect were larger than
those of the other atoms. Although Al atoms are heavier than
N atoms, the structural distortions around V3+

N were larger
than V3−

Al .

C. Phonon properties

Figure 3 depicts the comparisons of phonon bands under
the harmonic approximation between DFT and NNP for pris-
tine AlN and AlN supercells including a point defect: V1+

N ,
V3+

N , and V3−
N . The phonon bands of pristine AlN predicted

by DFT agree well with those predicted by the NNP and the
LO-TO phonon splitting is correctly described, as shown in
Fig. 3(a). The optimal lattice constants of our AlN unit cell
obtained by DFT and NNP are the same, a = 3.132 Å and c =
5.024 Å. These values are different from the experimentally
measured ones, a = 3.11 Å and c = 4.98 Å [34], leading to
differences in phonon bands. We, therefore, also employed the
NNP to predict phonon bands using the experimental lattice
constants. Compared with the optimal lattice constants, the
experimental values of the lattice constants cause an upward
shift of the phonon bands, which results in good agreement
with x-ray and Raman data. These results highlight the high

accuracy of our NNP. Note that the temperature dependence of
the phonon frequencies due to anharmonicity was found to be
minor in AlN (see details in S5 of the Supplemental Material
[29]). Therefore, we will not discuss this effect.

The phonon bands of defect-laden AlN (including V1+
N ,

V3+
N and V3−

Al ) predicted by NNP show good agreement with
those extracted from DFT. Specifically, the features of band
discontinuity, band splitting and broadening of bands caused
by defects reported in Ref. [9] are well predicted by the NNP.
The highest-lying branch shows a slight deviation from DFT
predictions. However, this discrepancy was deemed accept-
able given its negligible impact on the vibrational density of
states [11] and on phonon transport.

D. Phonon scattering rate

As displayed in Fig. 4, the three-phonon anharmonic,
phonon-isotope and phonon-defect scattering rates predicted
by NNP agree well with those predicted by DFT (see de-
tails of the parameters used in calculations of VK in S6 of
the Supplemental Material [29]). Compared with τ−1

def (V3−
Al ),

the NNP prediction accuracies for τ−1
def (V1+

N ) and τ−1
def (V3+

N )
are a little worse but acceptable and reasonable, considering
the difficulty of handling multiple charge states for the same
defect species.

The overall importance of τ−1
iso is minor. However, the iso-

tope effect is more noticeable in the high-frequency region
than in the low-frequency region. This is because the isotope
effect of Al is smaller than that of N. Al contributes mostly
to the low-frequency region, whereas N predominantly con-
tributes to the high-frequency region.

The τ−1
def is a function of defect concentration D, which in

the present calculation is set to one defect per unit cell, just
for convenience of comparisons. A phonon-defect scattering
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FIG. 5. Comparisons of phonon scattering rates among τ−1
anh, τ−1

iso , and τ−1
def , predicted by the NNP at (a, c, e) 293 K and (b, d, f) 700 K. The

defect concentrations were [(a),(b)] 1018 cm−3, [(c),(d)] 1019 cm−3, and [(e),(f)] 1020 cm−3.

rate τ−1
def (real) of a realistic defect concentration Dreal can

be obtained using D
Dreal

= τ−1
def

τ−1
def (real)

, where D = 1
Vunit

. The Dreal

considered in this study covered a wide range of realistic
defect concentrations from 1018 cm−3 to 1020 cm−3. In Fig. 5,
by employing NNP predictions, we compare τ−1

anh, τ−1
iso and

τ−1
def with realistic defect concentrations at room temperature

(RT, 293 K) and 700 K. When the defect concentration is low,
the main contribution to the total mode-specific scattering rate
comes from τ−1

anh. When the defect concentration is as high as
1020 cm−3, the magnitude of τ−1

def (real) is comparable to τ−1
anh.

Among the three vacancy defects, the τ−1
def was the smallest for

V1+
N , which can be easily understood from the smallest defect

mass difference and negligible structural distortions around
V1+

N , as shown in Figs. 2(a) and 2(d). As for the comparisons
of τ−1

def between V3+
N and V3−

Al , τ−1
def (V3−

Al ) was considered larger
based on the previous theory using defect mass difference.
However, our results contradict this speculation, as τ−1

def (V3+
N )

is slightly larger. This can be explained by the greater struc-
tural relaxation around V3+

N compared to V3−
Al . This greater

relaxation leads to larger changes in force constants, and thus
creates a larger contribution to τ−1

def .

E. Thermal conductivity (κ)

In order to ensure the convergence of thermal conductivity,
the 3rd-order IFCs were considered up to the 10th nearest
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FIG. 6. Comparisons of thermal conductivities between predictions by NNP and DFT for (a) pristine AlN (τ−1
anh + τ−1

iso ), and defect-laden
AlN: (b) τ−1

anh + τ−1
iso + τ−1

def (V1+
N ), (c) τ−1

anh + τ−1
iso + τ−1

def (V3+
N ), and (d) τ−1

anh + τ−1
iso + τ−1

def (V3−
Al ). For pristine AlN, the thermal conductivities using

the optimal and experimental lattice constants are shown. For defect-laden AlN, the average thermal conductivities using defect concentrations
from 1 × 1018 cm−3 to 1 × 1020 cm−3 are presented.

neighboring atoms with the help of predictions from the
NNP and verification by DFT (see S4-2 of the Supplemental
Material [29]). The average thermal conductivities of pristine
and defect-laden AlN were predicted by NNP and DFT at
temperatures from RT to 700 K, as shown in Fig. 6. Defect
concentrations ranging from 1018 to 1020 cm−3 were con-
sidered for each defect-laden AlN system. The in-plane and
out-of-plane κ for pristine and defect-laden AlN are shown in
Fig. S7 of the Supplemental Material [29]. We found that the
relative magnitude of in-plane and out-of-plane κ depends on
the q-point mesh. When the q-point mesh was sufficient to
ensure a converged κ , the in-plane κ was slightly larger than
the out-of-plane κ (see S4-3 of the Supplemental Material
[29]). Theoretical evaluation of κ was found to be sensitive
to the cutoff radius of the 3rd-order IFC and the optimal lattice
constants. On the other hand, the experimentally measured
κ depends on the growth techniques because of the differ-
ence in defect concentration and species in resultant samples,
but precise assessment of defect concentration and species
for each sample is usually difficult. Considering the above
two points, instead of paying attention to the comparisons
between our results and previous studies, we focused on the
comparisons of phonon properties between DFT and NNP,
and between pristine and defect-laden AlN using the same
calculation settings in our study.

The good agreement with DFT calculations on isotropic
thermal conductivities for pristine AlN and defect-laden AlN
confirmed the accurate and promising prediction power of
our NNP. The average κ of pure AlN including three-phonon
anharmonic scattering was 256.93 (253.72) W m−1 K−1 using
NNP (DFT) at RT, while that of natural AlN additionally
including isotopic effects was 256.56 (253.34) W m−1 K−1

using NNP (DFT). Thus, the isotope effect in AlN is neg-
ligible. Since the phonon bands of pristine AlN displayed
clear differences when using the theoretically optimal and
experimental lattice constants, κ using the experimental lat-
tice constants was also predicted by NNP, yielding values of
308.60 W m−1 K−1 and 276.83 W m−1 K−1 along the in-plane
and out-of-plane directions at RT, respectively. The compres-
sion stress when using the experimental lattice constants thus
leads to the enhancement of κ .

In Fig. 7, we further compare the effect of native defects
(V1+

N , V3+
N and V3−

Al ) on the thermal conductivity of AlN.
When the defect concentration is as low as 1018 cm−3, the
magnitude of the effect of these three native defects is minor
and similar. When the defect concentration gets larger, the
difference between those defects becomes more obvious. The
effect of V3+

N on κ is largest, V3−
Al is intermediate and V1+

N has
the smallest effect, which is consistent with the comparisons
of their phonon-defect scattering rates. This goes against the
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FIG. 7. Comparisons of thermal conductivities between pristine AlN (τ−1
anh + τ−1

iso ) and defect-laden AlN: τ−1
anh + τ−1

iso + τ−1
def (V1+

N ), τ−1
anh +

τ−1
iso + τ−1

def (V3+
N ), and τ−1

anh + τ−1
iso + τ−1

def (V3−
Al ) predicted using the optimal lattice constants by (a) DFT, (b) NNP and using the experimental

lattice constants by (c) NNP. Defect concentrations of 1 × 1018, 1 × 1019, and 1 × 1020 cm−3 were considered.

previous knowledge that V3−
Al might cause the largest effect on

κ , and proves the significance of structural distortions induced
by defects on phonon transport. It is worth noting that when
using different calculation settings, such as a q-point mesh of
26 × 26 × 26 and cutoff radii of 5 Å and 5.4 Å (see S8 of the
Supplemental Material [29]), this conclusion still holds.

IV. CONCLUSION

In summary, we constructed a modified neural network po-
tential (NNP) which could successfully describe the pristine
and defect-laden AlN systems in various charge states. Its
high accuracy was demonstrated in the predictions of various
lattice dynamical properties, including phonon bands, phonon
scattering rates of τ−1

anh, τ−1
iso and τ−1

def , and thermal conduc-
tivity κ . We found that V3+

N reduces κ the most, followed
by V3−

Al , and V1+
N with the least impact. This was consis-

tent with the comparisons between values of τ−1
def and further

confirmed by predictions via NNP together with the exper-
imental lattice constants. Our study goes against previous
speculations that only considered the defect mass differ-
ence and reveals the importance for phonon scattering of

structural distortions caused by the defects. Since no poten-
tials had yet been developed to accurately depict the influence
of defects with multiple charge states on phonon transport, our
study additionally demonstrates that NNP can expand the high
predictive capability of ab initio methods for phonon trans-
port to large systems encompassing diverse charged defect
species.
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