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Figure 1: Distribution of all the 128 elements in M3GNet structural features of structures
in DIRECT, MS and the entire MPF.2021.2.8 dataset.
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Figure 2: Performance of M3GNet UPs with the same model complexity as that of the
pre-trained M3GNet-v0.1 by Chen and Ong'. (See details in Methods) Parity plots for (a)
energies, (b) forces and (c) stresses for the M3GNet UP trained on the DIRECT set. The
equivalent plots for the M3GNet UP trained on the MS set is shown in plots (d)-(f). The
respective plots for the pre-trained M3GNet-v0.1 are also provided for comparison.
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