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Table1 Common machine learning potentials and download links
Machine learning potential Download website
MTPE! https://gitlab.com/ashapeev/mlip-2
GAPU8 https://github.com/libAtoms/GAP
SNAPL https://github.com/FitSNAP/FitSNAP
Materials potential library (MatPL) https://github.com/LonxunQuantum/MatPL
Machine learning force filed based on VASP (VASP-MLFF)!2 https://www.vasp.at
DPL) https://github.com/deepmodeling/deepmd-kit
NEP?2 https://github.com/brucefan1983/GPUMD
High-dimensional neural network potential (HDNNP)!" https://github.com/CompPhysVienna/n2p2
NequlP https://github.com/mir-group/nequip
MACE https://github.com/ACEsuit/mace
Polarizable atom interaction neural network (PaiNN)®Z®! https://github.com/atomistic-machine-learning/schnetpack
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(a) Miscibility diagram at various helium abundarf€es
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Fig. 8 Examples of material phase diagram studies based on machine learning potentialst*"
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[001]
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141-42, 44-49, 52-79)] SS _
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Table2 A partial overview of studies on machine learning potentials in material phase transitions*-* 444527
MLP Materials Phase transition References
u SS/SL Kruglov, et al.? (2019)
TavVCrw SL Zhu, et al.?¥ (2024)
Ti-6Al-4V SS/SL Nitol, et al.®® (2025)
MTP
Ag-Pd alloy SL Rosenbrock, et al.®¥ (2021)
Ti, Zr, Hf SS Jung, et al.®¥1 (2023)
U-6%Nb SS Huang, et al.®® (2025)
2D Ga,0, SS Zhao, et al.®™ (2021)
Sio, SS Erhard, et al.®® (2022)
GAP
Ga,0, SS/SL Zhao, et al.®” (2023)
Zr SS/SL Zong, et al.**1 (2018, 2019)
Carbon SS/SL Willman, et al.'Y! (2022)
Ni-Mo SS Li, et al.™ (2018)
SNAP .
Au SS/SL Richard, et al.’®™™ (2023)
Co SS Bideault, et al.*¥ (2024)
Zro, SS Liu, et al.® (2022)
VASP-MLFF .
Zr SS Liu, et al.’® (2021)
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2
Table 2 (Continued)
MLP Materials Phase transition References
H,0 SS/SL Zhang, et al.*¥ (2021)
Hydrogen SS/SL Niu, et al.’*! (2023)
H-He LG Dai, et al.l*! (2024)
Sn SS/SL Chen, et al.l*®! (2023)
MgSiO, SS/SL Deng, et al." (2023)
DeepMD Ag-Pd alloy SS Guo, et al.®¥ (2023)
MgO SL Wisesa, et al.*! (2023)
SITiO, SS He, et al.’ (2022)
Ti SS/SL Wen, et al.™ (2021)
Ga SS/SL Niu, et al. (2020)
Coesite SS Feng, et al.™ (2025)
Bazrs, SS Kayastha, et al.l’”!! (2025)
Oxygen SS/SL Wang, et al.*! (2025)
NEP Sio, SS Pan, et al.™ (2024)
CsPbBr,;, MAPbI, SS Fransson, et al.l’® (2023)
Carbon SS/SL Shi, et al.“™ (2023)
MgO-H,0 SS Pan, et al." (2023)
NequlP Hydrogen LL Istas, et al.®! (2025)
MACE Hydrogen SL LY, et al. (2025)
4.2
K
MLP Boltzmann Boltzmann transport
equation BTE equilibrium molecular dynamics EMD Green-Kubo

non-equilibrium molecular dynamics NEMD
homogeneous non-equilibrium molecular dynamics HNEMD

Ql80-84] 3[81-83, 85-119]
Boltzmann (220]
anharmonic force constants 3 4
MLP
Mortazavi [ MTP ShengBTE
Yang %
MTP ReS, Zhang Y GAP

WS,
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Fig. 9 A study of the thermal transport properties of materials based on machine learning potential: (a) thermal conductivity of
2D-ReS, calculated by the MTP with Boltzmann transport equation®®; (b) thermal conductivity of 2D-WS, calculated using
the GAP with Boltzmann transport equation®; (c)-(d) thermal conductivity map of MgSiO, at high temperature
and pressure calculated by the DP+EMD method®*%; (e)—(f) density dependence of the thermal conductivity
of nanoporous and amorphous carbon calculated by the NEP+HNEMD method®”

3 [81-83, 85-119]
Table 3 Selected studies on machine learning potentials for materials thermal transport propertiest®-5%8-11]
MLP Materials Method References
BAs BTE Ouyang, et al.®® (2022)
CoSb, EMD-GK Korotaev, et al.®®! (2019)
SrTio, BTE Wang, et al.®” (2021)
2D materials BTE Mortazavi, et al.®® (2021)
MTP Pb,Bi,S; BTE Wang, et al.® (2025)
SnSe EMD-GK Liu, et al.® (2021)
Cs,Bi,Br, EMD-GK Li, et al.™ (2024)
2D ReS, BTE Yang, et al.® (2024)
2D h-BN BTE Zhang, et al.® (2021)
TiO, EMD-GK Ren, et al.®¥ (2025)
h-BN BTE Tang, et al.® (2023)
GAP 2D-WS, BTE Zhang, et al.® (2023)
(vacancies) Si BTE Babaei, et al.*® (2019)
c-BAs BTE Tang, et al.™ (2023)
SNAP MoSSe alloy EMD-GK Gu, et al.”" (2019)
ZrB, EMD-GK Zhang, et al.’® (2020)
CsPbBr, NEMD Lahnsteiner, et al.”! (2024)
VASP-MLFF .
meta-stable Si BTE Cui, et al.™™ (2023)
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3
Table 3 (Continued)
MLP Materials Method References
MgO EMD-GK Qiu, et al.®¥ (2025)
Ice EMD-GK Qiu, et al.!* (2023)
Ir EMD-GK Bhatt, et al.' (2024)
La,Hf,0, BTE Che, et al.l**1 (2024)
\Y, EMD-GK Malgope, et al.*! (2024)
MgSiO,-H,0 EMD-GK Peng, et al.l'*® (2024)
DeepMD
SnSe BTE Zhang, et al.!* (2024)
Ice EMD-GK Qiu, et al.t* (2023)
Wadsleyite NEMD Wang, et al.'*" (2022)
2D NiN, BTE Mirchi, et al.l% (2024)
Bi,Te, EMD-GK Zhang, et al.* (2022)
MgSiO, EMD-GK Yang, et al.®¥ (2022)
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4[98, 125-126, 129-158]

MLP

4 [98, 125-126, 129-158]

Table 4 Selected studies on machine learning potentials for mechanical properties of materials!® 12526 125-15]

MLP Materials Properties References
B-Ti Elastic Shapeev, et al.** (2020)
Nb Dislocation Zotov, et al.™ (2024)
u Elastic Wang, et al.'® (2022)
TiZrHfTa, Elastic Gubaev, et al.™* (2021)
Poly-carbon Elastic Jalolov, et al.l*4 (2024)
MTP a-Ag,S Plasticity Yang, et al.'* (2025)
CNTs Mechanical Choyal, et al.**¥ (2025)
h-BN sheet Strength Choyal, et al.**! (2025)
Ti-Nb-Zr Elastic Mukhamedov, et al.'*¢! (2025)
FeRh Elastic Ourdani, et al.™*" (2024)
GAP W/W-Mo Dislocation Koskenniemi, et al.'*® (2023)
Mo, Nb, Ta, W GSFE Wang, et al.l’®! (2021)
uo, GSFE Dubois, et al.™% (2024)
SNAP Ti,SiC, MAX Dislocation Hossain, et al.** (2023)
Mo-Re Elastic Yang, et al.™? (2024)
ZrB, Elastic Zhang, et al.’® (2020)
Si/MoS, Friction Wan, et al.**! (2025)
VASP-MLFF CaSiO, Elastic Zhang, et al.'*1 (2025)
w Mechanical Wang, et al.™* (2022)
MgSiO, Elastic Wan, et al.* (2024)
MOF CALF-20 Mechanical Fan, et al.™*® (2024)
Cu Dislocation Deng, et al.**" (2023)
CdTe Dislocation Li, et al.*¥ (2023)
DeepMD Zro, Plasticity Zhang, et al.*% (2024)
MgAISi Elastic Zhu, et al.™™ (2024)
Y, Mechanical Wang, et al."* (2022)
H,0 Plastic Matusalem, et al.**? (2022)
Ti Dislocation Wen, et al.'*¥ (2023)
Fe Elastic Li, et al.'*? (2022)
BeGeN, Elastic Li, et al.™* (2025)
Ti-Al-Nb GSFE Zhao, et al.™®¥ (2024)
NEP fullerene Strength Ying, et al.®*" (2023)
diamane Strength Zhang, et al.'*® (2024)
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