MXene-Specific Machine-Learned Potential — A DFT
Surrogate for Structure Relaxation and Surface Chemistry

Yung-Chi Tan, Cheng-Hen Yu
Institute of Physics, Academia Sinica
E-mail : nilnish@gmail.com

Abstract Results & Discussion
Thousands of MXene-like structures were curated from A total data of 55442272 in OMAT24
. . MXenes
Meta Open Materials 2024 (OMat24) Dataset, filtered into 1% P— : — . e
. . . . er materials i raining nergy (eV/atom
composition/termination-balanced subsets, and converted i —— Valkdation —— Forta (eviA)
to .extxyz with DFT energies, forces, and virials. An E(3)- @ Mo v i
. . . . o : L
equivariant graph neural network (MACE) i1s then trained as a g s |
MXene-specific machine-learned potential to perform W g \
. . . e << 1014
structure  relaxation and surface-chemistry predictions. =10 \ = N N
Uncertainty ensembling and an active-learning loop are used to 1\ | '
flag out-of-distribution cases and to prioritize new DFT labels. 5. %““M”“”‘f!\\%ww 0™,
Deployed as an ASE calculator, the model accelerates geometry M. o5 5o 75 160 135 150 075 5075 160 125 150
. . . . . . . oC OoC
optimization and screening while preserving DFT-level trends 1n A total data of 12166 structures in MXenes 5 P L 100 P
. . . . . Train Train
lattice parameters, interlayer spacing, work-function shifts, and Testing Data - Test Rk
adsorption energies across Ti/C/N-based MXenes. This MXene- 2% @ Training Data g o " < s0-
focused surrogate enables rapid, large-scale exploration of O TetingData o / O
. . ] ] (] g 7 q) :
composition—termination—adsorbate space for electrocatalysis & -5 S0 /
. . () p L
and sensing 1n the future. v 5
LLJ D
2 -10 s s =507 )
= /,x’/ﬁMSE Train = 32.8 meV/atom RMSE Train = 100.3 meV/A
- - " RMSE Test = 238.9 meV/atom P RMSE Test = 218.5 meV/A
MOtlvatlon "5 o s 0 5 %00 5o 0 50 100
DFT Energy (eV/atom) DFT Force (eV/A)
Training Data
80%
Structure relax T
(Minimum energy) Table 1, CPU time spent (hour > core) comparison between DFT calculation, Universal Model and our model
- AIO Methods ,
>4-6hrs 0 6 Numbers of atoms DFT Universal Model Our Model
NaCl.cif NaCl opt.cif Ti,C,Cl
-oP I3 3-5 ~8*10-4 ~8*10-4
(Unit cell)(29 atoms)
° ° Ti3C2C12 N8*10'4 N8*10_4
16-48
Machine Learnlng (Supercell: 4*4*1)(157 atoms)

(ML Potential Design)

Table 2, Formation Energy (E;) comparison between DFT calculation, Universal Model and our model

EXperimental & Simulati()n MEthOd Compounds DFT (eV) Universal Model (eV)  Our Model (eV)
Ti,S,Br, -58.60 -48.08 -47.83
y Ti,S,Cl, -59.83 -50.49 -50.33
y [Output Ti,Se,Br, -57.2 -45.09 -44.815
ML Potential relaxed TiZSe4Cl4 -58.42 -47.7 -4°7.36
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