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% 1 R4 MDI17 #4E% Lo-Fayat 4= 7 49-F 3 4635 % £ MAE,

HHIVA [meV] #= [meV/A] A #4x

Molecule SchNet PhysNet DimeNet sGDML PaiNN NewtonNet EANTNet
Energy 16.0 10.0 8.8 8.2 6.9 8.06 7.76
Aspirin
Forces 58.5 26.2 21.6 29.5 14.7 20.68 19.95
Energy 35 2.6 2.8 3.0 2.7 2.69 2.57
Ethanol
Forces 16.9 6.9 10.0 14.3 9.7 9.35 9.26
Energy 5.6 4.1 4.5 43 39 4.29 4.15
Malonaldehyde
Forces 28.6 13.8 16.6 17.8 13.8 16.61 16.36
Energy 6.9 6.2 5.3 52 5.0 4.94 4.86
Naphthalene
Forces 252 134 9.3 4.8 33 4.29 4.24
Energy 8.7 5.5 5.8 52 4.9 5.20 5.04
Salicylic acid
Forces 36.9 14.6 16.2 12.1 8.5 10.28 10.19
Energy 52 43 4.4 43 4.1 4.38 4.17
Toluene
Forces 24.7 8.3 9.4 6.1 4.1 5.12 5.06
Energy 6.1 4.8 5.0 4.8 4.5 4.60 4.51
Uracil
Forces 243 10.8 13.1 10.4 6.0 6.68 6.59
Energy 8.5 4.0 6.37 6.11
Azobenzene
Forces 20.0 17.3 7.63 7.55
Energy 7.8 6.6 5.85 5.75
Paracetamol
Forces 22.5 21.3 13.40 13.31
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3.2 AT
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BEo SEIONG BRI AR, BAEE AR 4E, ok
BEMLEI 2 950 2504 MAEUIZR4E, BRI 50 &5 1E N
BOUESE, AR B AR o RS . AR R 1 B R
7~, EANTNet P2 155 34 P75 PE G2 A1 T NewtonNet, X2 i
T B 22 Y 2% SEIUAL 2 R G I T AR EARS BE AN T
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TE—TRRBAAT 5, X 5 AN 1) CCSD/CCSD(T)
BB AT TSR XA S AT, et 7RI
P EIG B bR e, MR R T AT I SRR A SR T
DAt 2 26 K DR Al ML 3% 5 I M AL () e 2% H e ER 2 1,
¥ EANTNet % 25 B 84 )l 25 1) 45 R 5 NewtonNet £ £ Fil
sGDML"" #E A I R [ 45 AT e, o EANTNet AMUALE
FA S S BRI T B TR, F HAER T
5T, X 713 K T e L R -

& 2 #£ CCSD 3 CCSD (T) # & T, MAAFM YT E

[meV] #= 71 [meV/A] 49-F 3 2632 2 MAE 77 @ 69 M4

Molecule sGDML | NewtonNet | EANTNet
Energy 6.85 5.42 5.25
Aspirin
Forces 33.0 19.38 19.21
Energy 0.13 0.22 0.18
Benzene
Forces 1.69 0.78 0.71
Energy 2.17 1.30 1.23
Ethanol
Forces 15.18 7.98 7.84
Energy 10.75 2.12 2.01
Malonaldehyde
Forces 16.0 12.62 12.47
Energy 1.30 1.0 0.94
Toluene
Forces 9.11 5.55 5.43
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