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Multiscale investigation of thermal
transport in β-Ga2O3-based
heterointerfaces enabled by machine
learning potential: cross-scale parameter
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Zhanpeng Sun1,2,3,4,7, Zijun Qi1,2,3,4,7, Yunfei Song1,2,5, Lijie Li6, Sheng Liu1,2,3,5, Wei Shen1,2,3,4,5 &
Gai Wu1,2,3,4,5

The rising power density of advanced electronics demands improved thermal management, while
traditional single-scale methods are unable to fully reveal the complex heat transfer mechanisms in
heterostructures. This work establishes amultiscale simulation framework by constructing amachine
learning potential, enabling accurate cross-scale parameter transfer from atomic to mesoscopic and
then to macroscopic levels. Results show that the thermal boundary resistance (TBR) at the β-Ga2O3/
diamond interface is higher than that at the β-Ga2O3/Si and β-Ga2O3/SiC interfaces, and that the TBR
decreases with increasing temperature, which contradicts conventional understanding. Vibrational
density of states and interface conductance modal analysis elucidate the underlying mechanisms.
These mesoscale insights are incorporated into macroscopic simulations, showing the β-Ga2O3/
diamond heterostructure’s peak power capability reaches 226% of that of β-Ga2O3/Si. Further
analysis reveals that although the thermal conductivity of the heat-spreading substrate remains the
dominant factor in overall thermal performance, the thermal bottleneck gradually shifts toward the
interface as both substrate conductivity and operating temperature rise. Moreover, crystal orientation
significantly influences thermal performance and thermal stress distribution, necessitating careful
trade-offs. This study not only provides effective strategies for optimizing β-Ga2O3-based devices but
also establishes a generalizable paradigm for cross-scale thermal management research in
heterogeneous material systems.

The continuous trend toward miniaturization, higher performance, and
greater integration in electronic technologies has led to a rapid increase in the
power density of electronic components. Consequently, effective thermal
management within electronic systems and devices has become a critical
bottleneck limiting their performance enhancement and reliability1–4. Heat
transfer is a complex physical process that involves multiple spatial and
temporal scales, particularly in interfacial heat transfer within hetero-
structures. The thermal performance of electronic devices is ultimately
determined by a combination of factors across scales, including phonon
elastic and inelastic scattering at the atomic level5, interfacial thermal

transport anddiffusive-ballistic heat transfer at themesoscopic scale6, and the
coupling of heat distribution with thermal stresses at the macroscopic level7.
Early studies primarily focusedon individual scales, and achieving cross-scale
parameter transfer for multiscale thermal management research remains a
significant challenge. Therefore, developing multiscale thermal transport
simulation methods capable of bridging microscopic mechanisms, meso-
scopicphenomena, andmacroscopic responseshasbecomeanurgentneed in
thermalmanagement research for advanced electronicmaterials and devices.

In recent years, several studies have enabled cross-scale coupled
multiscale simulations by incorporating parameters, including thermal
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conductivity, coefficient of thermal expansion (CTE), and thermal
boundary resistance (TBR), derived from first-principles calculations at
the microscopic scale and molecular dynamics (MD) simulations at the
mesoscopic scale into macroscopic finite element (FE) analyses8–10.
However, these studies still face challenges in transferring parameters
from themicroscopic to the mesoscopic scale, limiting the integration of
mechanistic insights across scales. This limitation arises because the
parameters derived from the microscopic scale are independent of those
obtained from the mesoscopic scale. Furthermore, the accuracy of
mesoscopic-scale MD simulations heavily depends on the quality of the
interatomic potential used11. However, it is challenging for traditional
potentials to achieve the accuracy of first-principles calculations12. This
discrepancy results in a mismatch in accuracy between parameters
derived from themicroscopic scale and those from themesoscopic scale,
ultimately undermining the reliability of macroscopic FE simulations.
Fortunately, driven by advances in artificial intelligence, machine
learning potentials (MLPs) trained on datasets generated from density
functional theory (DFT) calculations are emerging as powerful tools in
materials science11. MLPs enable MD simulations to achieve accuracy
comparable to that of DFT while maintaining high computational effi-
ciency, particularly in the study of interfacial thermal transport13–17,
thereby offering a promising pathway to bridge the microscopic and
mesoscopic scales. MLPs are trained on atomic energies and forces
obtained from first-principles calculations at the microscopic scale.
Subsequently, MD simulations at themesoscopic scale, performed using
these MLPs, generate results with accuracy comparable to that of first-
principles computations. These results are then used as input parameters
for macroscopic FE analysis, enabling a multiscale transfer of informa-
tion from the microscopic to the mesoscopic and ultimately to the
macroscopic level. Among various MLPs, the neuroevolution potential
(NEP) stands out in atomic simulations for interface heat transfer
applications due to its higher accuracy and lower computational cost.
NEP can be implemented via GPUMD (Graphics Processing Unit
MD)18,19.

Gallium oxide (Ga2O3) is an ultrawide-bandgap semiconductor
that exhibits significant potential for high-power electronic devices due
to its large bandgap, high Baliga’s figure of merit, and exceptionally high
critical breakdown electric field20–22. However, the room-temperature
average thermal conductivity of Ga2O3 is only around 15W·m-1·K-1,
which significantly limits its applicability in high-power electronic
devices23,24. A promising approach to enhance heat dissipation is to
construct a heterostructure by integrating Ga2O3 with a high thermal
conductivity material serving as a heat-dissipating substrate25. However,
the thermal performance of heterostructures depends not only on the
thermal conductivity of the heat sink but also critically on the TBR.
Consequently, single-scale studies are insufficient to fully capture the
thermal management mechanisms in Ga2O3-based devices. This
underscores the necessity of a comprehensive multiscale study of ther-
mal transport in Ga2O3-based heterostructures.

In this work, an NEP has been developed based on a first-principles-
derived training dataset, enabling the simulation of interfacial heat transfer
in β-Ga2O3/substrate heterostructures with substrates including silicon (Si),
silicon carbide (SiC), and diamond. The MLP serves as an effective bridge,
transferring atomic-scale quantities, such as atomic energies and forces from
first-principles calculations to mesoscopic-scale MD simulations, thereby
enabling MD to achieve accuracy comparable to that of DFT methods.
Subsequently, mesoscopic parameters derived from MD, including TBR
and thermal conductivity, are used as input formacroscopic FE simulations.
This approach establishes a multiscale framework for thermal transport
simulation, spanning from the microscopic to the mesoscopic and ulti-
mately to the macroscopic scale, as shown in Fig. 1. The thermal manage-
ment of β-Ga2O3-based heterostructures has been systematically
investigated using this multiscale approach. Finally, a cross-scale analysis
andunderstanding of the performance differences among variousβ-Ga2O3-
based heterostructures are achieved through vibrational density of states

(VDOS), phonon participation ratio (PPR), and interface conductance
modal analysis (ICMA). This study not only provides valuable optimization
strategies for thermal management in β-Ga2O3-based systems, but also lays
the foundation for multiscale investigations of thermal management in
other materials.

Results
Atomic-scale dataset construction and machine learning per-
formance evaluation
The training dataset primarily consists of two components: bulk structures
and interface structures, as illustrated in Fig. 2a. The bulk crystal structures
include supercells of β-Ga2O3, Si, SiC, and diamond, while the interface
structures comprise β-Ga2O3/Si, β-Ga2O3/SiC, and β-Ga2O3/diamond. The
temperature range is set from 10 to 1000 K, with appropriate atomic dis-
placements and strains applied to some structures. The initial interfacial
distances for the interface structures in the training dataset are determined
through extensive testing, as shown in Fig. 2c–f. The interfacial energies of
different interface combinations at various interfacial distances are calcu-
lated, and the most stable interfacial distance for each system is used to
construct the corresponding interface structures in the training dataset.
Finally, 2400 structures are used as the training dataset and 1200 structures
are used as the test dataset. More detailed information on the training
dataset and training hyperparameters can be found in the methods section.
The loss functions for energy, forces, and virial are shown in Fig. 2b. After
1,000,000 iterations, the relevant parameters in both the training and test
datasets exhibit clear convergence. To provide a clearer assessment of the
NEP accuracy, Fig. 2g–i compares the energies, forces, and virial stresses
predicted by the NEP with the corresponding DFT calculations on the
training and test datasets; the error distributions for the predicted energy,
forces, and virial stresses are illustrated in Fig. 2j–l. In Fig. 2g, the energy
clustered into different groups corresponds to different bulk and interface
structures.The root-mean-square errors (RMSEs) for energyon the training
and test datasets are 4.9 meV/atom and 4.8meV/atom, respectively; for
forces, the RMSEs are 229.0 meV/Å and 212.2meV/Å, respectively; and for
virial stresses, the RMSEs are 37.2meV/atom and 34.4meV/atom, respec-
tively. In this work, the RMSE value of the test dataset is smaller than that of
the training dataset, which is a quite common phenomenon and has also
been reported inother studies26,27. TheRMSEvalues achieved are considered
satisfactory for anMLP18. The forceRMSE is typically lowwhen the training
set is simple28–30. However, it increases as the complexity of the training
dataset grows, for example, when interfacial structures are involved27,31,32.
This phenomenon is particularly evident in more general MLPs, as these
potential functions need to cover a diverse range of atomic environments33.
Therefore, the force RMSE obtained in this work remains within an
acceptable range, sufficient to ensure the reliability of subsequent thermal
transport property predictions. The predicted energies, forces, and virial
stresses show excellent agreement with DFT reference values, as they are
tightly clustered along the diagonal line. Moreover, the error distributions
show that the majority of energy, force, and virial stress predictions deviate
only slightly from DFT reference values. The distributions are sharply
peaked at zero and symmetric, with minimal outliers, indicating high pre-
cision and reliability. The combination of RMSEs and favorable error dis-
tributions demonstrates the high accuracy and robustness of the
trained NEP.

To evaluate the ability of NEP to describe crystal structures, the radial
distribution functions (RDFs) calculated fromDFT andNEPare compared,
as shown in Fig. 3i. The peak positions and relative intensities predicted by
NEP agree closely with the DFT results, indicating that the trained NEP
achieves accuracy comparable to DFT in describing crystal structures.
Beyond crystal structure, the accuracy of NEP in describing thermal
properties is also crucial for this study. Phonon dispersion, a key thermal
metric used to evaluate the quality of interatomic potentials, is frequently
employed to validate MLP reliability. Figure 3a–d compares the phonon
dispersion curves of β-Ga2O3, diamond, 4H-SiC, and Si computed using
both DFT and NEP, demonstrating excellent agreement between NEP
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predictions and DFT results. The primitive cell models used for calculating
the phonon dispersions of β-Ga2O3, diamond, 4H-SiC, and Si are shown in
Fig. 3e-h. Finally, the thermal conductivities of diamond, Si, 4H-SiC, and
β-Ga2O3 at 300 K predicted by the NEP method are compared with the
values reported in the literature, as shown in Fig. 3j. It can be observed that
the thermal conductivity predicted using NEP agrees well with the values
reported in the literature34–40. In summary, the excellent agreement of the
NEP-predicted RDFs and phonon dispersions with DFT reference calcu-
lations, together with the good match between NEP-predicted thermal
conductivities and reported values, demonstrates that the developed NEP
has great potential for atomistic simulations of interfacial thermal transport.

Mesoscopic-scale simulationof interfacial thermal transport and
mechanism analysis
The simulation of interfacial thermal transport often requires system sizes
on the order of tens to hundreds of nanometers, falling within the meso-
scopic regime, as depicted inFig. 4a.MDsimulations arewidely employedat
this scale, as they can resolve atomic-level mechanisms while accessing
length scales beyond those typical of DFT methods. In this study, non-
equilibrium MD (NEMD) is utilized to investigate interfacial thermal
transport. In this simulation, Si, SiC, and diamond layers are used as heat
dissipation layers; thus, their ends are designated as heat sinks. In contrast,
the end of the β-Ga2O3 layer is set as the heat source. To thoroughly
investigate heat flux transport, the intermediate region is uniformly divided
intomultiple regions, as shown inFig. 4a, b. Figure4c shows the temperature
distribution along the z-axis for 12 heterostructures with different interface
configurations under NEMD simulations. The heat sink and heat source

thermostats aremaintained at 275 K and 325 K, respectively. The interfacial
temperature jump is minimized when Si serves as the heat sink substrate,
intermediate for SiC, and largest for diamond, indicating progressively
higher interfacial thermal resistance in the latter cases. The interfacial TBR
of the 12 interface configurations at 300 K is shown in Fig. 4d, e. Under the
same heat sink material, interfaces formed with β-Ga2O3 (010) and (001)
orientations exhibit lower TBR, while those based on (100) and (�201)
orientations show higher TBR. This behavior is likely attributed to the
anisotropic intrinsic thermal conductivity of β-Ga2O3: the (010) and (001)
orientations possess higher thermal conductivity, enabling efficient heat
transport and reducing TBR; in contrast, the lower thermal conductivity
along the (100) and (�201) directions impedes heat flow, resulting in
increased TBR. However, for identical β-Ga2O3 crystal orientations, the
lowestTBR is observedwhen Si is used as the heat dissipation substrate,with
higher values for SiC, and the highest TBR occurs with diamond. This
observation contradicts conventional expectations, as diamondpossesses an
exceptionally high thermal conductivity, and SiC has a significantly higher
thermal conductivity than Si. A temperature dependence of the TBR is also
observed, with TBR decreasing as temperature increases for identical
interface structures. This observation is also inconsistent with the conven-
tional thermal transport behavior of bulk crystal materials. In bulk crystal
materials, thermal conductivity typically decreases with increasing tem-
perature, leading to degraded heat transfer performance. However, in het-
erostructure systems, the TBR decreases with rising temperature, which
facilitates cross-interface heat transport. This opposite trend suggests that
there may exist special phonon coupling mechanisms at the interface,
warranting further investigation, particularly regarding its implications for

Fig. 1 | A multiscale simulation framework with cross-scale parameter transfer,
spanning the microscopic, mesoscopic, and macroscopic scales, exemplified by
β-Ga2O3-based heterostructures. A dataset constructed from first-principles cal-
culations is used to train a high-accuracymachine learning interatomic potential via
machine learning methods. Molecular dynamics simulations employing this

potential can produce thermodynamic property parameters at the mesoscale with
accuracy comparable to that of first-principles calculations. These parameters are
then incorporated as inputs into a finite element model to perform macroscale
thermo-mechanical coupling analyses, enabling efficient and accurate prediction of
macroscopic thermodynamic properties of the material.
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thermal management in macroscopic FE simulations. Figure 4f–h presents
theTBRvalues of the 12 interface configurations over the temperature range
from200 K to 500 K.ToobtainTBRvalues over the temperature range from
200 to500 K, four setsofNEMDsimulationswere carriedout,withheat sink
and source thermostats set at (175K/225 K), (275 K/325 K), (375 K/425K),
and (475 K/525 K), respectively.

To gain deeper insight into the underlying mechanism of the TBR
variation trend, the VDOS of different single crystals at various tempera-
tures, the contribution of phonon modes at different frequencies to inter-
facial thermal conductance (ITC), and the trend of cumulative ITC with
phonon mode frequency are calculated, as shown in Fig. 5 and Fig. 6. As
shown in Fig. 5a–c, the VDOS of β-Ga2O3 and the three substrate materials
are compared. The highestVDOSoverlap ratio is observed for β-Ga2O3 and

Si (61.65%), followed by SiC (50.03%), with the lowest value corresponding
todiamond (21.58%).This is also confirmedby the vibrational spectra of the
heterostructures, as shown in Fig. 5e–g. There is a high degree of overlap in
the vibrational spectra betweenGa2O3 and Si, as well as betweenGa2O3 and
SiC, whereas a significant mismatch is observed between Ga2O3 and dia-
mond.Thismaybeoneof themainunderlying reasons for the lowestTBRat
the β-Ga2O3/Si interface and the highest TBR at the β-Ga2O3/diamond
interface, as a higher overlap of VDOS is more favorable for elastic phonon
scattering at the interface. The VDOS of the four major crystal orientations
of β-Ga2O3 is calculated to further analyze the influence of crystal orien-
tation on TBR, as shown in Fig. 5d. β-Ga2O3 exhibits pronounced aniso-
tropy, resulting in significant differences in theVDOSamong its four crystal
orientations. As can be seen from Fig. 5d, the (010) and (001) orientations

Fig. 2 | Schematic illustration of the NEP framework and machine learning
performance. a Composition of the training dataset and schematic of the NEP
model architecture. b Evolution of the loss function during the training iterations.
c–f Interfacial energy as a function of interfacial distance for different interface

structures. g–i Comparison between NEP-predicted and DFT-calculated energies,
forces, and virial stresses. j–l Probability density distributions of the prediction
errors for energy, forces, and virial stresses.
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have higher weight in the high-frequency range compared to the (100) and
(�201) orientations. Thismay be another fundamental reasonwhy interfaces
based on the β-Ga2O3 (010) and (001) orientations exhibit lowerTBR,while
those based on the (100) and (�201) orientations exhibit higher TBR, under
identical heat sink conditions.

The ICMA method facilitates a deeper understanding of the con-
tribution of phonon modes at different frequencies to ITC41,42. The
contribution of phonon modes at different frequencies to ITC for the 12
interface structures is shown in Fig. 6a–d. All phonon mode contribu-
tions to ITC have been normalized to facilitate comparison. It can be
seen that phonon modes in the 0–10 THz frequency range make the
dominant contribution to ITC, and the ITC of β-Ga2O3/Si interfaces is
primarily contributed by phonons within this frequency range.
Although the ITC of the β-Ga2O3/SiC interface is also contributed by
phonon modes in the 0–10 THz range, the peak positions within this
range are clearly shifted toward higher frequencies. Phonon modes in
the 10–20 THz frequency range also make a non-negligible contribution
to the β-Ga2O3/SiC interface. In addition to the contribution of medium
and low frequency phonon modes in the range of 0–20 THz, high fre-
quency phononmodes in the range of 25–40 THz also play an important
role in the ITC of β-Ga2O3/diamond interface. This frequency range
exceeds the intrinsic phonon frequency range of β-Ga2O3, indicating
that the phonon modes in this region are primarily derived from dia-
mond or may involve contributions from inelastic phonon scattering.
This may be another fundamental reason why the TBR of the β-Ga2O3/
diamond interface is significantly higher than that of the β-Ga2O3/Si and
β-Ga2O3/SiC interfaces. Figure 6e–h show the trend of cumulative ITC
as a function of phonon mode frequency for the 12 interface structures.
To enable direct comparison, all cumulative ITC curves have been
normalized. It can be observed that the ITC of the β-Ga2O3/Si and
β-Ga2O3/SiC interfaces reaches its maximum value before the phonon
mode frequency reaches 22.5 THz, within the intrinsic phonon mode
frequency range of β-Ga2O3. In contrast, the ITC of the β-Ga2O3/

diamond interface reaches its maximum after the phonon mode fre-
quency exceeds 25 THz, beyond the intrinsic phonon frequency range of
β-Ga2O3. This observation is consistent with the above analysis of
phonon mode contributions to ITC and may also be one of the key
factors influencing the TBR. Furthermore, to gain deeper insight into the
underlying mechanism of the temperature dependence of TBR, the
intrinsic VDOS of β-Ga2O3, Si, SiC, and diamond at different tem-
peratures is calculated, as shown in Fig. 7a–c. A further observation
reveals that the intrinsic VDOS of β-Ga2O3, Si, SiC, and diamond shifts
with rising temperature, as highlighted in themagnified views within the
red boxes. The overlap between theVDOS of β-Ga2O3 and that of Si, SiC,
and diamond gradually increases as temperature rises, as shown in the
insets of Fig. 7a–c. This may be one of the primary reasons for the
decrease in TBR with increasing temperature. The PPR at the interface
region at different temperatures is shown in Fig. 7d, e. It is evident that
with the increase of temperature, the phonon modes at the β-Ga2O3/Si
and β-Ga2O3/SiC interfaces in the 10–20 THz frequency range, as well as
the phonon modes at the β-Ga2O3/diamond interface in the 10–30 THz
range, show a significant enhancement in their PPR. This may be
another major reason why the TBR decreases as the temperature
increases.

In summary, this part employs mesoscale MD simulations to sys-
tematically predict the TBR of 12 interface structures across the
β-Ga2O3/Si, β-Ga2O3/SiC, and β-Ga2O3/diamond systems under vary-
ing temperatures. Furthermore, by combining VDOS and PPR analysis
with the ICMAmethod, the underlying mechanisms responsible for the
differences in TBR are elucidated from a combined micro- to mesoscale
perspective. The predicted results show that the TBR of the β-Ga2O3/
diamond interface is significantly higher than that of the β-Ga2O3/Si and
β-Ga2O3/SiC interfaces, which contradicts the conventional assumption
that high-thermal-conductivity materials are inherently favorable for
heat dissipation. This is because the thermal performance of hetero-
structures depends not only on the bulk thermal conductivity of the heat

Fig. 3 | Assessment of the accuracy of theNEP in describing crystal structures and
thermal properties. a–d Comparison of phonon dispersion curves for β-Ga2O3,
diamond, 4H-SiC, and Si obtained from NEP and DFT calculations. e–h Primitive
cell models used for calculating the phonon dispersions of β-Ga2O3, diamond, 4H-

SiC, and Si. iComparison of RDFs for β-Ga2O3, diamond, 4H-SiC, and Si computed
using NEP and DFT. j Comparison of thermal conductivities of diamond, Si, 4H-
SiC, and β-Ga2O3 predicted using the NEP with reference values.
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sink, but also critically on the TBR. It is also found that the TBR of the
same interface structure is not constant, but decreases with increasing
temperature, contrary to the assumption in previous studies that TBR
remains invariant43–45. This indicates that interfacial heat transfer
becomes more complex in practical device applications, where tem-
perature dependence must be taken into account. The coupling of these
complex processes to determine the final heat dissipation effect of the
device is difficult to achieve inmesoscopic simulation. Therefore, further
research at the macroscopic scale is needed.

Macroscopic-scale simulation of thermo-mechanical coupling
and performance prediction
FE simulations are conducted based on theTBRvalues obtained fromMD
simulations to investigate the macroscopic manifestation of mesoscale
coupled processes. Further information on theTBRfitting function can be
found in the methods section. A macroscale FE model is developed, as
shown in Fig. 8a. The β-Ga2O3-based heterostructure device consists of an
epitaxial β-Ga2O3 layer, a heat-dissipating substrate layer, and the inter-
facial region between them, with the heat source positioned on the top

Fig. 4 | Simulation results of β-Ga2O3/substrate heterostructures and TBR pre-
dictions under different conditions. a Schematic illustration of the β-Ga2O3-based
heterostructure model. b Schematic of the region composition in the NEMD
simulation. c Temperature distribution along the z-axis for the 12 interface

configurations. d,e TBR values of the 12 interface configurations at 300 K. f–h TBR
values of the 12 interface configurations over the temperature range from 200
to 500 K.
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surface of the β-Ga2O3 layer. As shown in Fig. 8b, a non-uniformmeshing
strategy is adopted, in which a minimum element size of 200 nm is
employed near each gate finger structure to accurately resolve the steep
temperature gradients in the vicinity of the heat source. Figure 8c presents
the steady-state temperature field of the device obtained from FE simu-
lations under power loading conditions. As shown in Fig. 8d–g, the
temperature distribution on the β-Ga2O3 surface is non-uniform, with the
maximum temperature rise occurring beneath the gate region.

Additionally, it can be observed that under the same load power and
β-Ga2O3 crystal orientation, the peak temperature is lowest when dia-
mond is used as the thermal substrate, followed by SiC, andhighest with Si
as the thermal substrate. The observed trend is primarily attributed to the
thermal conductivity of the substrate: higher substrate thermal con-
ductivity leads to lower peak temperatures and improved heat dissipation.
This indicates that, in macroscopic device applications, thermal con-
ductivity remains the dominant factor governing the cooling performance

Fig. 5 | Vibrational density of states and vibrational spectra of β-Ga2O3-based
heterostructures. a VDOS and overlap ratio between β-Ga2O3 and Si. bVDOS and
overlap ratio between β-Ga2O3 and SiC. cVDOS and overlap ratio between β-Ga2O3

and diamond. d VDOS of β-Ga2O3 along different crystal orientations. e Vibration
spectra of β-Ga2O3/Si heterostructures. f Vibration spectra of β-Ga2O3/SiC het-
erostructures. g Vibration spectra of β-Ga2O3/diamond heterostructures.

Fig. 6 | Interfacial thermal conductancemodal analyses. a–dContribution of phononmodes at different frequencies to ITC in 12 interface structures. e–hCumulative ITC
as a function of phonon mode frequency in 12 interface structures.
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of heterostructures. It is also observed that, with the same heat-dissipating
substrate, different crystal orientations of β-Ga2O3 result in distinct peak
temperatures. The lower peak temperature observed in devices with
β-Ga2O3 oriented along the (010) direction can be attributed to two fac-
tors: the higher thermal conductivity of β-Ga2O3 in (010) orientation and
the relatively low TBR at the interface with the substrate.

Furthermore, 500 K is defined as the limit temperature for device
damage, and the maximum allowable power is calculated for 12 different
heterostructures, as shown inFig. 8h.WhenSi is used as the heat-dissipating
substrate, themaximumpower density is approximately 10W/mm; for SiC,
it ranges from 16 to 20W/mm; and for diamond, it increases to 18–26W/
mm. Notably, the β-Ga2O3 (010)/diamond heterostructure achieves a
maximumpower density of 26W/mm, reaching approximately 226%of the
value achievedwith the Si-based device. It is also observed that the influence
of β-Ga2O3 crystal orientation on themaximum power density is negligible
when the substrate has low thermal conductivity. However, as the substrate
thermal conductivity increases, the orientation dependence becomes sig-
nificant. Particularly with diamond substrates, the difference in maximum
power density between orientations reaches up to 8W/mm, corresponding
to a ~ 44% increase. To elucidate the origin of this behavior, the temperature
rise across different regions of the heterostructure is decomposed. As shown
in Fig. 8i, the contribution of each layer to the total junction-to-sink tem-
peraturedifference is quantified at varyingpower levels. Taking theβ-Ga2O3

(100) orientation as an example, as the substrate thermal conductivity
increases, the contribution of the substrate region to the total temperature
rise decreases significantly, while the contribution of the β-Ga2O3 layer

increases notably, along with amoderate rise in the interfacial contribution.
Under higher power loads, the relative contributions from the substrate and
β-Ga2O3 layer in Si- and SiC-substrate heterostructures exhibit significant
changes, whereas the interfacial contribution remains nearly unchanged. In
contrast, for diamond-substrate devices, the variations in the substrate and
β-Ga2O3 layer contributions are much smaller, but the interfacial compo-
nent shows a significant change, indicating that interface optimization
becomes the key bottleneck for further improving thermal performance.
Therefore, reducing the interfacial TBR represents a critical challenge for
optimizing the thermal management of β-Ga2O3/diamond-based devices.

To further investigate the influence of interface structure on thermal-
mechanical performance, thermomechanical coupling simulations on het-
erostructure devices with 12 different interface designs are conducted. The
lateral vonMises stress distributions at the β-Ga2O3 layer and the substrate
layer are shown in Fig. 8j–m.Under identical β-Ga2O3 orientations, the von
Mises stress is highest for Si substrates, followed by SiC, and lowest for
diamond. This trend is primarily attributed to thermal stress. Because the Si
substrate has the lowest thermal conductivity, the surface of the β-Ga2O3

layer heats up the most during device operation, leading to higher thermal
stress. In contrast, the diamond substrate has very high thermal con-
ductivity, which helps dissipate heat quickly, lowering the operating tem-
perature and reducing thermal stress buildup. Under identical substrates,
the β-Ga2O3 (010) orientation exhibits the lowest surface temperature but
the highest von Mises stress. This is likely attributed to significant lattice
mismatch and CTEmismatch between the β-Ga2O3 (010) interface and the
substrate. Therefore, the crystal orientation of β-Ga2O3 is critical for

Fig. 7 | Vibrational density of states and phonon participation ratio of β-Ga2O3-
based heterostructures. a VDOS and overlap ratio between β-Ga2O3 and Si at
different temperatures. b VDOS and overlap ratio between β-Ga2O3 and SiC at
different temperatures. cVDOS and overlap ratio between β-Ga2O3 and diamond at

different temperatures. d PPR at β-Ga2O3/Si interface region at different tempera-
tures. e PPR at β-Ga2O3/SiC interface region at different temperatures. f PPR at
β-Ga2O3/diamond interface region at different temperatures.
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β-Ga2O3-based heterostructures, as it not only influences thermal dissipa-
tion but also significantly affects interfacial thermal stress. Achieving high
heat dissipation while minimizing interfacial stress is also a key challenge in
optimizing β-Ga2O3-based heterostructures.

In summary, this part conducts macroscopic FE simulations based on
the interfacialTBRvalues obtained frommesoscaleMDsimulations, aiming
to systematically investigate the macroscopic thermal response induced by
interfacial behaviors at the mesoscale. The analysis reveals that the intrinsic
thermal conductivity of the heat-dissipating substrate remains the domi-
nant factor governing the thermal performance of the heterostructure.
However, when the heat-dissipating substrate possesses high thermal con-
ductivity, the influence of interfacial TBR on the overall thermal perfor-
mance becomes significantly more pronounced with increasing operating
temperature. Under such conditions, the thermal bottleneck shifts from the
bulk substrate to the interface region, highlighting the growing importance
of interface engineering in advanced heterostructures. Furthermore, cou-
pled thermomechanical analysis demonstrates that the crystal orientation of
β-Ga2O3 plays a critical role in β-Ga2O3-based heterostructures, as it not
only substantially affects the system’s heat dissipation capability but also

profoundly influences the distribution of interfacial thermal stress. This
trade-off between thermal efficiency andmechanical reliability represents a
key challenge in the design of β-Ga2O3-based devices. Therefore, further
optimization of interfacial thermal transport and effective thermal stress
management are essential to fully unlock the potential of β-Ga2O3-based
high-power electronic devices.

Discussion
In this work, an NEP is developed based on a training dataset generated
from first-principles calculations at the atomic scale, aiming to simulate
interfacial heat transfer in β-Ga2O3/substrate heterostructures with sub-
strates including Si, SiC, and diamond. This NEP enables an efficient and
accurate mapping of atomic-scale physical quantities (such as atomic
energies and forces) for use inmesoscaleMDsimulations, thereby achieving
MD accuracy comparable to that of the DFT method. Subsequently, the
mesoscale thermal transport parameters obtained fromMDsimulations are
used as input formacroscopic FE simulations. These parameters include the
TBRat various interfaces and temperatures and the temperature-dependent
thermal conductivity ofβ-Ga2O3 alongdifferent crystal orientations, bothof

Fig. 8 | Schematic diagram and results of macroscale FE simulation. a Schematic
cross-sectional view of the β-Ga2O3 device stack and the location of the heat source.
bDetails of the representative FE mesh used in the simulations. c Simulated steady-
state temperature distribution of the device. d–g Surface lateral temperature profiles
of the 12 heterostructures under a power density of 2W/mm. h Maximum surface

temperature of the 12 heterostructures at varying input power levels. i Contribution
of the β-Ga2O3 layer, interfacial layer, and substrate layer to the total temperature
rise under different power densities. j–m Lateral vonMises stress distributions in the
β-Ga2O3 and substrate layers of the 12 heterostructures under a power density of
2W/mm.
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which are rarely reported in the literature. The MD method within this
multiscale framework effectively overcomes the problems of excessive
computational cost in first-principles calculations and insufficient accuracy
in traditional MD, enabling FE simulations conducted within this frame-
work to obtain simulation results that are relatively close to real physical
values, even in the absence of experimental data. This work establishes a
multiscale thermal transport framework spanning from the atomic and
mesoscale to the macroscale, enabling comprehensive cross-scale thermal
analysis.

First, the accuracy of the NEP is validated at the atomic scale by
comparing the predicted phonon dispersion relations and RDFs with those
obtained from the DFT method. Building upon this, interfacial TBR for 12
interface configurations is subsequently predicted across a range of tem-
peratures using the NEP withinmesoscale MD simulations. The prediction
results reveal that the TBR at the β-Ga2O3/diamond interface is significantly
higher than that at the β-Ga2O3/Si and β-Ga2O3/SiC interfaces, which
contradicts the conventional assumption that high-thermal-conductivity
materials inherently facilitate superior heat dissipation. Furthermore, the
study shows that the TBR for a specific interface structure is not constant,
but rather decreases with increasing temperature. This trend contradicts the
common assumption of a constant TBR in previous studies. By combining
VDOS, PPR analysis with the ICMA method, the underlying mechanisms
for the differences in TBR are elucidated from an integrated perspective
spanning the atomic to mesoscale. The heat dissipation performance of
heterostructures depends not only on the thermal conductivity of the heat
sink, but also on the TBR. Therefore, these findings reveal the complexity of
interfacial heat transfer under practical device operating conditions and
highlight the necessity of accounting for the temperature dependence of
TBR in high-fidelity thermal management design. Finally, macroscopic FE
simulations are performed using the interfacial TBR values obtained from
mesoscale MD simulations, aiming to systematically investigate the mac-
roscopic thermal response induced by interfacial phenomena at the
mesoscale. The analysis reveals that the thermal conductivity of the heat-
dissipating substrate remains the dominant factor governing the thermal
performance of the heterostructure. However, when the heat-dissipating
substrate exhibits high thermal conductivity, the influence of TBR on the
overall thermal performance becomes increasingly pronounced with rising
operating temperature.Under suchconditions, the thermal bottleneck shifts
from the bulk substrate to the interface region, highlighting the growing
importance of interface engineering in advanced heterostructures. Fur-
thermore, coupled thermomechanical analysis demonstrates that the crystal
orientation of β-Ga2O3 plays a critical role in β-Ga2O3-based hetero-
structures, as it not only significantly affects the system’s heat dissipation
capability but also profoundly influences the distribution of interfacial
thermal stress. This trade-off between heat dissipation efficiency and
mechanical reliability represents a key challenge in the design of β-Ga2O3-
based devices. Therefore, further optimization of interfacial thermal trans-
port and effectivemanagement of thermal stress are essential to fully unlock
the performance potential of β-Ga2O3-based high-power electronic devices.
This study not only provides valuable optimization strategies for thermal
management in β-Ga2O3-based systems, but also lays the foundation for
multiscale investigations of thermal management in other materials.

Methods
Details of training dataset and NEP
The 2400 structures used for the training dataset consist of bulk and
interface configurations. All of these structures were generated through ab
initio MD (AIMD) simulations performed with the Vienna Ab initio
Simulation Package (VASP). The simulations employed the projector
augmented wave method and the Perdew-Burke-Ernzerhof exchange-
correlation functional46–49. A cutoff of 700 eV was applied in all structures.
For the bulk configurations (β-Ga2O3, diamond, Si, and 4H-SiC), the initial
configurations included the pristine fully relaxed cells as well as config-
urations generatedby applying small atomic displacements and appropriate
strains to those relaxed geometries. All these initial structures, including the

unperturbed pristine cells, were subjected to AIMD simulations, producing
1500 trajectory frames per material (6000 frames in total). To avoid strong
temporal correlations, every 10th frame was subsampled, resulting in 150
frames per material (600 frames in total) for the training dataset. An
additional 75 frames per material (300 frames in total) were randomly
selected for the test dataset. For the interface configurations (β-Ga2O3/
diamond,β-Ga2O3/4H-SiC, andβ-Ga2O3/Si), interfaceswith various crystal
orientations were constructed. The fully relaxed pristine interfaces as well as
configurations subjected to small atomic displacements and appropriate
strains were included. Each interface configuration was subjected to an
AIMD simulation, generating 3600 trajectory frames per system (10,800
frames in total across all three systems). To reduce strong temporal corre-
lations, every 18th frame was subsampled, producing 600 frames per
interface configuration (1800 in total) for the training dataset, and 300
frames per system (900 in total) were randomly selected for the test dataset.
In total, the training dataset comprises 600 bulk and 1800 interface con-
figurations, amounting to 2400 configurations, while the test dataset com-
prises 300 bulk and 900 interface configurations, totaling 1200
configurations. All these structures were derived from physically mean-
ingful AIMD trajectories that span a broad range of atomic environments,
temperatures, andmechanical deformations.This strategy ensures sufficient
diversity and representativeness of the training data while maintaining high
fidelity through first-principles accuracy.

To more clearly illustrate the composition of the training and test
datasets and the temperature distribution of the training set, Fig. 9 is pro-
vided. As shown in Fig. 9, the training and test datasets are identical in terms
of structural composition and the proportion of each structure type. Both
datasets include four bulk configurations (β-Ga2O3, diamond, Si, and 4H-
SiC) and three interface configurations (β-Ga2O3/diamond, β-Ga2O3/4H-
SiC, and β-Ga2O3/Si). In each dataset, each bulk configuration accounts for
6.25% of the total, while each interface configuration accounts for 25%. The
temperature distribution of the 2400 configurations in the training dataset is
shown in Fig. 9b. The number of configurations within each 100 K tem-
perature interval was counted. During the AIMD simulations, the system
temperature was set to range from 10 K to 1000 K, and the number of
configurations sampled in each temperature interval was not strictly con-
trolled.Basedon the results, the configurations are approximatelyuniformly
distributed across the 10–1000 K range, with each interval containingmore
than 5% of the total configurations. Only a small number of configurations
fall in the range of 1000–1100 K due to thermal fluctuations. Figure 9c–i
shows the temperature distribution of each component in the training
dataset. The number of configurations is relatively higher in certain tem-
perature intervals. All temperature intervals within the 10–1000 K range
contain more than 5% of the total configurations, except for the
1000–1100K interval, which accounts for a significantly smaller fraction.

Structural models are constructed and processed using VASPKIT50.
Visualization of the atomic configurations is performed using VESTA,
OVITO and NepTrainKit51–53. Table 1 lists the hyperparameters employed
in the NEP training. The model is implemented using NEP4, and the
potential includes the elements Ga, O, C, and Si. The NEP is a neural
network (NN) potential consisting of an input layer, hidden layers, and an
output layer, as shown in Fig. 1a. It maps the descriptor vector qiv of the
central atom i to its site energy Ui. The formula can be expressed as:

Ui ¼
XNneu

μ¼1

ω 1ð Þ
μ tanh

XNdes

v¼1

ω 0ð Þ
μv q

i
v � b 0ð Þ

μ

 !
� b 1ð Þ ð1Þ

The detailed information about the above formula and detailed defi-
nitions of the hyperparameters can be found in related works18,54.

NEMD simulation
The NEMDmethod, derived from Fourier’s law, is used to explore the heat
transfer at the β-Ga2O3/ substrate interface in this work. The heat flux JQ in
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the β-Ga2O3/ substrate system is obtained as:

JQ ¼ dQ=dt
�� ��

A
ð2Þ

where dQ=dt
�� �� refers to the energy exchange rate, while A is the area of the

simulation box that is perpendicular to the heat flux. Based on Fourier’s law,

TBR is defined as55:

TBR ¼ ΔT
JQ

ð3Þ

where ΔT denotes the temperature difference across the interface region.
VDOS is calculated using the Fourier transform of the atomic velocity
autocorrelation function, as detailed below56:

VDOSðωÞ ¼
Z 1

0
e�2πiωt <

P
ivi t0
� � � vi t0 þ t

� �
>

<
P

ivi t0
� � � vi t0� �

>
dt ð4Þ

where ω denotes the frequency, t0 refers to the start time, t represents
correlation time, and vi represent the velocity vector of the i-th atom. The
VDOS for different crystal orientations is the projected vibrational density
of states along a specific crystal orientation. The PPR calculation can be
conducted as follows57:

PPRðωÞ ¼ 1
N
ðPiVDOS

2
i ωð ÞÞ2P

iVDOS
4
i ωð Þ ð5Þ

Fig. 9 | Composition of the training and test datasets and temperature distribution of the training dataset. aComposition of the training and test datasets. bTemperature
distribution of the training dataset. c-i Temperature distribution of each component in the training dataset.

Table 1 | Hyperparameters for the NEP training

Parameter Value Parameter Value

version NEP4 type 4 Ga O C Si

rRC 6 Å rAC 4 Å

nRmax 8 nAmax 8

NR
basis

10 NA
basis

10

l3bmax
4 l4bmax

2

l5bmax
0 Nneuron 60

Nbatch 2400 Ngeneration 1,000,000
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Prior to heat transfer analysis, the system underwent full structural
relaxation under the NPT ensemble. Temperature control was main-
tained using the NVT ensemble with thermostats. To induce a thermal
gradient, Langevin thermostats were applied to designated source and
sink regions at opposite ends of the structure for a duration of 0.5 ns,
initiating steady heat conduction. Following this, the temperature profile
along the heat transport direction was recorded over a 2 ns production
run.Datawere sampled every 50 ps, and every 50 consecutive data points
were averaged. This entire simulation protocol was repeated 80 times,
and the final temperature distribution was obtained by averaging the
results across all runs. To simulate realistic operating conditions, heat
was introduced on the β-Ga2O3 side and extracted from the heat-
dissipation substrate side, establishing a heat flux directed from β-Ga2O3

to the substrate. After initial relaxation, atoms in the terminal regions
along the z-axis were held fixed, while periodic boundary conditions
were applied in the lateral directions (x and y). All models used in this
study have dimensions exceeding 5 nm × 5 nm × 30 nm, with minor
variations depending on specific interface configurations.

FE simulation
The specific geometric parameters of the β-Ga2O3-based device struc-
ture in the FE simulations are shown in Fig. 8a and Table 2. Approxi-
mately 1.3 million hexahedral and prismatic mesh elements were used
in the FE simulations. A fine mesh with a minimum size of 200 nm was
applied near each gate finger to accurately resolve the steep temperature
gradients in the vicinity of the heat source, as illustrated in Fig. 8b. The
bottom surface of the heat sink was set to 300 K, while all other
boundaries were designated as adiabatic boundaries. The thermal
properties of the materials used in the FE simulations are listed in Table
3. The thermal conductivities of β-Ga2O3 along four crystal orientations
were derived from MD simulations and carefully validated against the
limited experimental data available38,39. All other parameters, such as
the thermal conductivities of diamond, Si, and SiC were directly taken
from previously reported literature, as these values have been

extensively validated by both experimental measurements and
simulations43,44,58. The TBR in the FE simulations was modeled as a
temperature-dependent function, obtained by fitting a curve to the TBR
values fromMD simulations for each of the 12 configurations, as shown
in Table 4.

Data availability
To ensure the reproducibility of the models developed in this study, all
datasetswill bemadepublicly available in anopen-access repository: https://
github.com/wugai-whu/NEP-Ga2O3-substrate-thermal-conductivity.git.
Themore specific explanation andhelpwill bemade available upon request.
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