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Figure 1 Systematic illustration of machine learning
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Figure 2 Schematic diagram of the automated workflow. (a) Initialization. (b) Training machine learning potential. (c)

Free energy calculations.
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Table 1. Datasets for MLP obtained through the automated workflow. The size of datasets training errors of MLPs are

given for demonstration.

Nini, Nfin RMSEg RMSEg
(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,0 - OH™ 11048, 10648 0.556, 0.579 44.0,43.4
HS™ - S 850, 827 0.544, 0.551 43.4,45.5
Cl- - 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
05 - 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 Ag,E for H,S - HS™. (b) Evolution of the RMSE of each n predicted atomic force

in the HCl = CI™ system with simulation time. (¢) Comparison of the TI-path from AIMD, MLMD, and DFT
validation for H;0" — H,0. (d) Acidity constants from AIMD, MLMD and experimental values.
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2 Table 2. Acidity constants obtained through MLMD simulations.

AIMD MLMD MLMD * exp.
HCI 7.0 8.2 (-8.8) 6.7 (-7.3) 7.0
H,0* 3.2 32(-3.2) 1.7 (-1.7) 1.7
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
3
a b c
- = 3
HCI -~ RMSE:
5 1 RMSE: 4.05e-02 * 2.83e-03 5.41e-02 + 4.00e-03
0
75 4 12 -
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0 "”.1,‘.
-5 o—a® 1 7. H0* aH0
d RMSE:‘LIO4E—02 =+ 2.755"03 0 e i ('Y
-5 0 5 0 4
4 Fi,p (€V/A) AEwuLp (€V) ra—nl/A
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6  ZEMT. (¢) BT MK T EEUR TR AT R H. BY
7 Figure 4. Errors inn = 1.00. (a) Errors in atomic force. (b) Error in AE; _; o. (¢) Radial distribution functions of the
8  dummy atom and hydrogen atoms in water molecules.
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Figure 5. (a) TI-path for redox free energy calculations. (b) Redox potentials obtained from MLMD calculations. (c-f)

Comparison of MLP-predicted atomic forces and DFT validated calculations on the TI-path of OH'/OH™ with =0.00,
0.75, 0.875 and 1.00.
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SMERE, AIMD =AM IR E A MLMD =A™ s RIAUME S A RN, X85 1R 2% F 5
JE T AIMD X T8 4IE 5 R [ SR IE R . Wl Sa), CI'/Cl-FIOH /OH™ HI#4 )
SRR, FTLAE 0.75 1 1.00 Z [A14E N T &AM SRS A0 . ] S(c-f)
fion, BT OH-FR4r#84% Fn =0.00, 0.75, 0.875 A1 1.00 & 732 JIRZE AT 081, A1k
WL MLP % 0.875 (&5 AT ) J 152 Syl e . b T7E S BN SR I R p s B 5
0.875 IXANHh ) AR (454, Fir L AT DAIE B MLP S B B RS TR 2 B0 H AR 3 10 Py
FUEH 3 /> s B BUE AN 5 IR A BB Z A ZE B 200 0.1 eV, X AMRZE K T3 s 40l
2R iR 22 B EAGIE S AL BT SR B THRS EEROVE T . I 36 3 AT 5(b) X L ASHE R I,
A AIMD AHEL, MLMD 5 (8 IR LA R 72 R T4 03 Ve HHEIRTH R R E 22
MLMD %fA, A F1AgpApy, o+ BUBF /- HLEKIHR T #RifT, X THS' /HS™. OH'/OH-#ICI/Cl, %
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Table 3 Redox potentials obtained through MLMD simulations. The AgpApy, o+ used in the MLMD calculations is
15.512 eV from MLMD.

AIMD MLMD (3P)
cl/cl- 1.5 1.58
OH'/OH~ 1.3 1.49 (1.51)
HS /HS™ 0.5 0.69

0,/0; 0.5 -0.35
1.9

C0,/CO; 2.07

3.3 tHEE

i 6 s, ik xfE DFT
PR B THRRCR A X T DFT 4
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1S 1S
~ ~ 2-
5 5 10
H k7
@ o 1013
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g g
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5 5
O 102 O 1072
HCl H;0* H,S H,O HS~™ Cl OH HS O, CO,
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Figure 6. Comparison of DFT and MLP calculation efficiency in (a) deprotonation free energy and (b) in redox free

energy.
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Abstract: Redox potentials and acidity constants are key properties for evaluating
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prmance of energy materials.

investigate real electrolytes with complex solvation. ¥ calculation method

have been established to calculate these physica i i wever, due to the low

(MLMD) is introduced to accelerate 10nS? i ing method to construct one-to-one
mapping from structures to com i i atomic forces, molecular dynamics can be carried out
with much low costs under ab ' the MLMD based free energy calculation, a new

scheme for machine learning i i uced to collect training datasets. By combining the

how to use e energy differences and corresponding physical chemical properties.

Key words: machin ular dynamics, automated workflow, complex systems, free energy calculation
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