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Fig. S1.  Coulomb energy distribution over 1000 randomly selected configurations for each of 10 
randomly selected Na-based argyrodite structures, exhibiting a typical Gaussian distribution. The 
Gaussian fit is shown as a red line.



Fig. S2.  Property (Ef and Eg) regression for inorganic crystals in the MP database, achieving state-
of-the-art (SOTA) performance in benchmark tests[1]. coGN and coNGN mark the first and second 
lowest MAEs in comparison to many other ML models. a Displays the MAE for 16 different DL 
models in predicting formation energy (Ef), encompassing coGN[2], coNGN[2], ALIGNN[3], 
SchNet[4], DimeNet++[5], GN-OA v1[6], MegNet[7], CGCNN[8], Finder_v1.2_s[9], 
MODNet_v0.1.12[10], MODNet_v0.1.10[10], Finder_v1.2_c[9], CrabNet[11], RF-SCM/Magpie[1], 
AMMExpress[1] and Lattice-XGBoost[12]. b Illustrates the MAE of 14 DL models for band gap 
(Eg) prediction, including coGN[2], coNGN[2], ALIGNN[3], MegNet[7], DimeNet++[5], 
Finder_v1.2_s[9], MODNet_v0.1.12[10], MODNet_v0.1.10[10], Finder_v1.2_c[9], SchNet[4], 
CrabNet[11], AMMExpress[1], CGCNN[8] and RF-SCM/Magpie[1]. The 'Dummy' model serves as a 
baseline, providing random property evaluations to standardize the comparison framework[1]. The 
depicted MAE values are recalculated from the MatBench[1] as discussed in the main text of the 
manuscript.



Fig. S3.  Mean Square Distance (MSD) plots at all temperatures for these 15 entries. (a) 
Conventional total MSD method and (b) segmented MSD method. The five entries that were 
finally pinpointed are marked with red boxes.



Fig. S3.  (Continued)



Fig. S3.  (Continued)



Fig. S3.  (Continued)



Fig. S3.  (Continued)



Fig. S3.  (Continued)



Fig. S3.  (Continued)



Fig. S3.  (Continued)



Fig. S4. (a)  The plot of σT
RT vs σS

RT, exhibiting a clear linear relationship between σT
RT and σS

RT. 
(b) Arrhenius plots of the selected five candidates, showing σT

RT and σS
RT. The five entries that 

were finally pinpointed are marked with red boxes.



Fig. S4 (b). σT
RT results.



 

Fig. S4 (b). σT
RT results.



Fig. S4 (b). σS
RT  results.



Fig. S4 (b). σS
RT  results.



Supplementary Figure 5. Grand potential phase diagrams elucidating the phase equilibria and 
chemical reaction during oxidation and reduction process with respect to the Na chemical 
potential. The voltage stability window highlighted in yellow colour. These diagrams are just a 
more detailed and clearer view of those in Figure 4 in the manuscript.



Supplementary Figure 6. Computed phonon dispersion curves for Na6PS5Cl, Na6SiS4Cl2, and 

Na6.75Ge0.75Si0.25S4.75Cl1.25 along high-symmetry directions in the Brillouin zone. While all 

structures exhibit imaginary frequencies indicating dynamical instabilities, the mixed-composition 

system Na6.75Ge0.75Si0.25S4.75Cl1.25 shows reduced instability as evidenced by smaller magnitudes 

of imaginary frequencies (refer to green lines). The zero-frequency reference is marked by a red 

line.



Table S1. Detailed architectures and hyperparameters of the coGN and coNGN models. The 
model hyperparameters are adjusted to the values specified in the Matbench[1] configuration file, 
while remaining within the default values[2].

Component Details Shape
offset (Batch, 3)
atomic_number (Batch, )
multiplicity (Batch, )Model Inputs

edge_indices (Batch, 2)

Model Block Model Hyperparameters Value
Node Size: 128
Edge Size: 128
Node embedding settings:
Atomic Mass Included
Atomic Radius Included
Electronegativity Included
Ionization Energy Included
Oxidation States Included
Edge Embedding Settings:
Number of Distance Bins 32
Maximum Distance 8

Input Block

Distance Log Base 1
Edge MLP:  
Units [128, 128, 128, 128, 128]
Activation ['swish', 'swish', 'swish', 'swish', 'swish']
Node MLP:
Units [128]
Activation ['swish']
Edge Attention MLP:
Units [32, 1]
Activation ['swish', 'swish']
Edge Attention MLP (Global):
Units [32, 1]
Activation ['swish', 'swish']
Node Attention MLP:
Units [32, 1]
Activation ['swish', 'swish']
Aggregation Methods:
Edges (Local) sum
Return Updated:
Nodes TRUE
Globals TRUE
Residual Connections:
Node Update TRUE
Update Inputs Configuration:
Edges [True, True, True, False]
Nodes [True, False, False]

Processing Blocks/Nested Blocks
(Repeated 5 times)

Globals [False, True, False]



Table S1. Continued.

Model Block Model Hyperparameters Value
Global MLP:  
Units [1]
Activation ['linear']
Attention MLP Settings:
Edge (Local) Units [32, 1]
Activation ['swish', 'swish']
Edge (Global) Units [32, 1]
Activation ['swish', 'swish']
Node Units [32, 1]
Activation ['swish', 'swish']
Aggregation Methods:
Edges (Local) sum
Nodes mean
Return Updated:
Node TRUE
Globals TRUE

Output Block

Multiplicity Readout: TRUE



Table S2. All the electrolyte decomposition reactions for the five nominated Na-based 
argyrodites electrolytes.

Na6SiS4Cl2
Potential ref to Na/Na+ (V) Phase equilibria at the potential

0.00 4 Na6SiS4Cl2 + 16 Na -> 16 Na2S + 4 Si + 8 NaCl
0.63 4 Na6SiS4Cl2 -> 4 Na4SiS4 + 8 NaCl
1.21 4 Na6SiS4Cl2 -> 2 Na6Si2S7 + 2 S + 8 NaCl + 4 Na
1.39 4 Na6SiS4Cl2 -> 2 Na2Si2S5 + 6 S + 8 NaCl + 12 Na
1.56 4 Na6SiS4Cl2 -> 4 SiS2 + 8 S + 8 NaCl + 16 Na
2.01 4 Na6SiS4Cl2 -> 2 SiS2 + 2 SiCl4 + 12 S + 24 Na

Na7.75SiS5.75Cl0.25

Potential ref to Na/Na+ (V) Phase equilibria at the potential

0.00 4 Na7.75SiS5.75Cl0.25 + 16 Na -> 23 Na2S + 4 Si + NaCl
0.63 4 Na7.75SiS5.75Cl0.25 -> 4 Na4SiS4 + 7 Na2S + NaCl
1.06 4 Na7.75SiS5.75Cl0.25 -> 4 Na4SiS4 + 7 S + NaCl + 14 Na
1.21 4 Na7.75SiS5.75Cl0.25 -> 2 Na6Si2S7 + 9 S + NaCl + 18 Na
1.39 4 Na7.75SiS5.75Cl0.25 -> 2 Na2Si2S5 + 13 S + NaCl + 26 Na
1.56 4 Na7.75SiS5.75Cl0.25 -> 4 SiS2 + 15 S + NaCl + 30 Na
2.01 4 Na7.75SiS5.75Cl0.25 -> 3.75 SiS2 + 0.25 SiCl4 + 15.5 S + 31 Na

Na7.5SiS5.5Cl0.5

Potential ref to Na/Na+ (V) Phase equilibria at the potential

0.00 4 Na7.5SiS5.5Cl0.5 + 16 Na -> 23 Na2S + 4 Si + NaCl
0.63 4 Na7.5SiS5.5Cl0.5 -> 4 Na4SiS4 + 7 Na2S + NaCl
1.06 4 Na7.5SiS5.5Cl0.5 -> 4 Na4SiS4 + 7 S + NaCl + 14 Na
1.21 4 Na7.5SiS5.5Cl0.5 -> 2 Na6Si2S7 + 9 S + NaCl + 18 Na
1.39 4 Na7.5S1S5.5Cl0.5 -> 2 Na2Si2S5 + 13 S + NaCl + 26 Na
1.56 4 Na7.5SiS5.5Cl0.5 -> 4 SiS2 + 15 S + NaCl + 30 Na
2.01 4 Na7.5SiS5.5Cl0.5 -> 3.75 SiS2 + 0.25 SiCl4 + 15.5 S + 31 Na



Na6.25Si0.25Ge0.75S4.25Cl1.75

Potential ref to Na/Na+ (V) Phase equilibria at the potential

0.00 4 Na6.25Si0.25Ge0.75S4.25Cl1.75 + 19 Na -> 3 NaGe + 17 Na2S + 7 NaCl + Si
0.20 4 Na6.25Si0.25Ge0.75S4.25Cl1.75 + 16 Na -> 17 Na2S + 7 NaCl + 3 Ge + Si
0.63 4 Na6.25Si0.25Ge0.75S4.25Cl1.75 + 12 Na -> Na4SiS4 + 13 Na2S + 7 NaCl + 3 Ge
0.90 4 Na6.25Si0.25Ge0.75S4.25Cl1.75 + 3 Na -> 3 Na3GeS3 + Na4SiS4 + 4 Na2S + 7 NaCl
0.92 4 Na6.25Si0.25Ge0.75S4.25Cl1.75 -> 3 Na4GeS4 + Na4SiS4 + Na2S + 7 NaCl
1.06 4 Na6.25Si0.25Ge0.75S4.25Cl1.75 -> 3 Na4GeS4 + Na4SiS4 + 7 NaCl + S + 2 Na
1.17 4 Na6.25Si0.25Ge0.75S4.25Cl1.75 -> Na4SiS4 + 1.5 Na4Ge2S5 + 7 NaCl + 5.5 S + 8 Na
1.21 4 Na6.25Si0.25Ge0.75S4.25Cl1.75 -> 0.5 Na6Si2S7 + 1.5 Na4Ge2S5 + 7 NaCl + 6 S + 9 Na
1.26 4 Na6.25Si0.25Ge0.75S4.25Cl1.75 -> 0.5 Na6Si2S7 + 7 NaCl + 13.5 S + 3 Ge + 15 Na
1.39 4 Na6.25Si0.25Ge0.75S4.25Cl1.75 -> 0.5 Na2Si2S5 + 7 NaCl + 14.5 S + 3 Ge + 17 Na
1.56 4 Na6.25Si0.25Ge0.75S4.25Cl1.75 -> SiS2 + 7 NaCl + 15 S + 3 Ge + 18 Na
2.01 4 Na6.25Si0.25Ge0.75S4.25Cl1.75 -> SiCl4 + 3 NaCl + 17 S + 3 Ge + 22 Na
2.31 4 Na6.25Si0.25Ge0.75S4.25Cl1.75 -> SiCl4 + 0.375 Ge3Cl8 + 17 S + 1.875 Ge + 25 Na

Na6.75Si0.25Ge0.75S4.75Cl1.25

Potential ref to Na/Na+ (V) Phase equilibria at the potential

0.00 4 Na6.75Si0.25Ge0.75S4.75Cl1.25 + 19 Na -> 3 NaGe + 17 Na2S + 7 NaCl + Si
0.20 4 Na6.75Si0.25Ge0.75S4.75Cl1.25 + 16 Na -> 17 Na2S + 7 NaCl + 3 Ge + Si
0.63 4 Na6.75Si0.25Ge0.75S4.75Cl1.25 + 12 Na -> Na4SiS4 + 13 Na2S + 7 NaCl + 3 Ge
0.90 4 Na6.75Si0.25Ge0.75S4.75Cl1.25 + 3 Na -> 3 Na3GeS3 + Na4SiS4 + 4 Na2S + 7 NaCl
0.92 4 Na6.75Si0.25Ge0.75S4.75Cl1.25 -> 3 Na4GeS4 + Na4SiS4 + Na2S + 7 NaCl
1.06 4 Na6.75Si0.25Ge0.75S4.75Cl1.25 -> 3 Na4GeS4 + Na4SiS4 + 7 NaCl + S + 2 Na
1.17 4 Na6.75Si0.25Ge0.75S4.75Cl1.25 -> Na4SiS4 + 1.5 Na4Ge2S5 + 7 NaCl + 5.5 S + 8 Na
1.21 4 Na6.75Si0.25Ge0.75S4.75Cl1.25 -> 0.5 Na6Si2S7 + 1.5 Na4Ge2S5 + 7 NaCl + 6 S + 9 Na
1.26 4 Na6.75Si0.25Ge0.75S4.75Cl1.25 -> 0.5 Na6Si2S7 + 7 NaCl + 13.5 S + 3 Ge + 15 Na
1.39 4 Na6.75Si0.25Ge0.75S4.75Cl1.25 -> 0.5 Na2Si2S5 + 7 NaCl + 14.5 S + 3 Ge + 17 Na
1.56 4 Na6.75Si0.25Ge0.75S4.75Cl1.25 -> SiS2 + 7 NaCl + 15 S + 3 Ge + 18 Na
2.01 4 Na6.75Si0.25Ge0.75S4.75Cl1.25 -> SiCl4 + 3 NaCl + 17 S + 3 Ge + 22 Na
2.31 4 Na6.75Si0.25Ge0.75S4.75Cl1.25 -> SiCl4 + 0.375 Ge3Cl8 + 17 S + 1.875 Ge + 25 Na
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