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Figure 1 Systematic illustration of machine learning potential[36]
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Table 1. Datasets for MLP obtained through the automated workflow. The sizes of datasets training errors of MLPs are given for demonstration[31].

N, N, RMSE; RMSEOF
(meV/atom) (meV/A)
HCI - CI” 800, 800 0.553, 0.615 42.8,44.2
H,0"— H,0 6016, 5234 0.653, 0.809 47.5,50.8
H,S - HS” 835, 835 0.580, 0.700 44.0,45.7
H,O - OH" 11048, 10648 0.556, 0.579 440,434
HS — s~ 850, 827 0.544, 0.551 434,455
CI — CI* 875, 873 0.532, 0.586 44.7,48.1
OH — OH* 1996, 1996 0.797,0.706 51.6,49.5
HS — HS* 887, 887 0.722, 0.604 47.7,47.8
0,0, 5499, 5499 0.819, 0.753 53.5,52.1
CO, = CO, 5791, 5791 0.733, 0.603 57.1,47.7
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Figure 3 (a) Accuracy analysis of A 4,E for H,S — HS". (b) Evolution of the RMSE of each 1 predicted atomic force in the HCl — CI”
system with simulation time. (c) Comparison of the TI-path from AIMD, MLMD, and DFT validation for H,O" — H,O. (d) Acidity

constants from AIMD, MLMD and experimental values.

R 2 il T MLMD BUA521 A 152 B H 8K [31]
Table 2. Acidity constants obtained through MLMD simulations|[31]

AIMD MLMD MLMD* exp.
HCI -7.0 8.2 (-8.8) -6.7 (-7.3) 7.0
H,0" 32 -32(-32) -1.7 (-1.7) 17
H,S 7.8 5.2 (5.0) 6.7 (6.5) 7.0
H,0 13.5 11.9 (11.6) 13.4 (13.1) 15.6
H,S 16.2 14.2 (14.5) 15.7 (16.0) 17.0
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Fig. 5. (a) TI-path for redox free energy calculations. (b) Redox potentials obtained from MLMD calculations. (c-f) Comparisons of
MLP-predicted atomic forces and DFT validated calculations on the TI-path of with m =0.00, 0.75, 0.875 and 1.00[31].
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Table 3 Redox potentials obtained through MLMD simulations. The value used in the MLMD calculations is 15.512 eV from MLMD|31].
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Abstract

Redox potentials and acidity constants are key properties for evaluating the performance of energy materials.
To achieve computational design of new generation of energy materials with higher performances, computing redox
potentials and acidity constants with computational chemistry have attracted lots of attention. However, many works
are done by using implicit solvation models, which is difficult to be applied to complex solvation environments due to
hard parameterization. Recently, ab initio molecular dynamics (AIMD) has been applied to investigate real electrolytes
with complex solvation. Furthermore, AIMD based free energy calculation methods have been established to calculate
these physical chemical properties accurately. However, due to the low efficiency of ab initio calculations and the high
computational costs, AIMD based free energy calculations are limited to systems with less than 1000 atoms. To solve the
dilemma, machine learning molecular dynamics (MLMD) is introduced to accelerate the calculations. By using machine
learning method to construct one-to—one mapping from structures to computed potential energies and atomic forces,
molecular dynamics can be carried out with much low costs under ab initio accuracy. In order to achieve the MLMD
based free energy calculation, a new scheme for machine learning potential (MLP) should be introduced to collect
training datasets. By combining the free energy perturbation sampling method and concurrent learning scheme, the
training datasets can be collected along the reaction’s pathway (insertion of an electron or a proton) with high efficiency
and the free energy calculations based on MLMD show good accuracy in comparison with AIMD simulation. This paper
describes how to constructing machine learning potential for free energy calculation through the automated workflow,
and how to use MLMD to compute accurate free energy differences and corresponding physical chemical properties.
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