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Pre-trained Model on Graph Neural Networks for Material Discovery
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LABELHE | band_gap | formation_energy_per_atom
R | MSE RMSE MAE R2 | MSE RMSE MAE R2
HAEFEH  GCNConv  “FHff 0857 0925 0635 0674 | 0069 0262  0.166  0.940
FedAvg QRS | £0.033  £0.017  £0.013  +0.013 | £0.006  £0.011 40.008 +0.005
SAGEConv “FHfifl 1006  1.002 0690 0617 | 0071 0267 0.166 0938
Bl 2% | £0.032 +0.016  +0.015  +0.011 | £0.004 40.007 40.004 +0.003
GINEConv  “FHfil 1211 1.099 0830 0540 | 0189 0433 0299  0.836
Bl S | 40.095  +0.042  +0.039  +0.038 | £0.033  40.039  40.025 40.029
MEGNet  FHff 1032 1016 0728 0610 | 0135 0366 0267  0.883
BEMER 2 | £0.043  +0.021  4+0.017  +0.020 | £0.027 +0.035 +0.042 +0.024
M3GNet  EFff 0640 0799 0527 0757 0.028 0.167 0099  0.975
ERMER A | £0.019  £0.012  £0.014  £0.007 | £0.002 £0.007 +0.005 -+0.002
WEFE  GCNConv  EIff 0864 0929  0.638  0.671 0072 0267  0.170 0938
FedProx BN S | £0.037  £0.019  +0.014  +0.013 | £0.005 £0.009 40.007 +0.004
SAGEConv FHfifl 10IT 1005 0.693 0616 | 0072 0268 0.166 0937
QRS | £0.055  +0.027  +0.017  +0.021 | £0.008 £0.013  40.008 +0.007
GINEConv  “FHfil 1183 1.087 0819 0550 | 0.8 0428 0295  0.839
Bl S | 40.044  +0.020  +0.022  +0.020 | £0.034  40.039  40.027 40.029
MEGNet  FHff 1046 1023 0734 0602 | 0125 0352 0245 0892
B | £0.034  +0.017 40.010 +0.010 | £0.015 +0.022 +0.018 +0.013
M3GNet  EFf 0633 0795 0522 0760 | 0.037 0.187  0.108  0.968
BRMERG 2 | £0.032  £0.020 £0.019  £0.011 | £0.010 £0.020 £0.005 =£0.009
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