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I. SUPPLEMENTARY RESULTS

A. Benchmark test
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FIG. S1. The energy and force prediction error of DPA-SSE and other universal force fields on
near-equilibrium configurations of various sulfide electrolytes. The test sets are produced by running

DeePMD simulation at 50 K for 10 steps.



Ewmace (eV/atom)

-4.3

b) c)
e LGPS o 381 o Lcps P -3.8
o LPSBr el o LPSBr e
Lpsci e LPSCI e
LPsI 0 £7° LPsI e £7°
. - e ol
o LSiPS P S o LSiPS T o
e LSnPS 2 ® o LSNPS ©
o = —4.0 = —4.0
- S >
s ]
5 &
/‘- Y41 z 41
[c} Q
£ 2
o =
u uw
// -4.2 -4.2
&
-4.3 -43
-45 -44 -43 -42 -41 -40 -39 -38 -4.3 -4.2 —41 -4.0 -39 -3.8
Eper (eV/atom) Eper (€V/atom)
o LGPS L e)
o LPSBr L -39
Lpscl Lo
LPSI Ll =
-4.0
. LsiPs G S
o LSnPS p P g "
3
o
=
3 a2
g
o
W3
-4.4
—-4.4 -4.3 -4.2 -4.1 -4.0 -3.9 —-4.4 -4.3 —-4.2 -4.1 -4.0 -39

Eorr (eV/atom)

Eorr (eV/atom)

e LGPS
e LPSBr

s LSiPS
e LSnPS

LPSCI
LPSI

-4.3

-4.1 -4.0
Eper (€V/atom)

-39

FIG. S2. The energy prediction error of a) DPA-SSE, b) CHGNet, ¢) M3GNet, d) MACE and e)

DPA-2-MP on a heating DeePMD trajectory from 150 to 1150 K.
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FIG. S3. Potential energy drift in an NVE simulation of LGPS with ORB, MACE and DPA-SSE

models. The simulation systems are first heated to 500 K with NVT simulation. The ORB model is

not conservative, i.e., forces are not derivatives of potential energy. Consequently, significant energy

drift occurs after long NVE simulations, whereas the energy conservation should have been ensured.



B. Structural relaxation
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FIG. S4. Structural relaxation. The relaxed lattice constant of the 41 compounds covered in the

training set as predicted by DPA-SSE and DFT calculation.



C. Thermal stability
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FIG. S5. Formation energies benchmark. (a)The decomposition energy of 22 compounds as predicted
by DPA-SSE and DFT calculation. (b)The formation energy of LisS-P2Ss pseudo-binary system as

a function of composition.



D. Model fine-tuning

FIG. S6. The crystal structure of LBS mp-29410 compounds. The Li, B and S atoms are represented

by green, blue and yellow colors, respectively.
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FIG. S7. Energy and force learning rate of randomly initialized M3GNet model and pre-trained
M3GNet model fine-tuned with DPA-SSE dataset, on the continuous learning task of LBS system

shown in Figure [S6] Both models are trained for 133 epochs with identical training parameters.



E. Ionic transport simulation
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FIG. S8. The experimental and calculated diffusion coefficient of a) LijpSiP2S12 and b) LijpSnP2S1o

solid electrolyte.
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FIG. S9. The time evolution of room temperature mean square displacement (MSD) and potential

energy of LigPSsI solid electrolytes.
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FIG. S10. Calculated room temperature lithium-ion conductivity of LigPS5Cl solid electrolyte as a

function of excess (a) Cl[I] and (b) Br[2, 3] doping. For comparison, experiment results are also

listed.
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FIG. S11. Calculated room temperature lithium-ion conductivity of Lis5PS45-,0,Cl; 5 solid

electrolyte as a function of O doping, which help improve moisture stability critical to industrial

application. For comparison, experimental measurements are also presented[4].



F. Model distillation
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FIG. S12. Model distillation for efficient dynamic simulation.

Distilled MAE=0.048 eV/A P
DPA-SSE MAE=0.030 eV/A #~

Forr (eV/R)

a) The schematic of the

distillation process. The b) energy and c) force prediction for the pre-trained and distilled model on

an AIMD trajectory of LGPS at 900 K. The inset of b) compares the efficiency of two models.
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