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Figure 1 Benchmarks of LES in different systems!""'!. (a) Examples on molecular/ionic dimers. Short-ranged (SR) model predictions, long-ranged
(LR) model predictions with LES and true values of atomic forces, binding energies of charged-charged (CC), charged-polar (CP), and polar-polar (PP)
dimers. (b) Examples on interfacial water. Average cos 6 of interfacial water for SR and LR models with different numbers of message passing layers 7'
=0 and 7= 1, where @ is the angle between the water dipole moment and the normal direction of the vacuum. (c) Examples on bulk water. Longitudinal
component of dipole density correlations in k-space for bulk water, computed with SR and LR models with 7= 0 and 7 = 1. The inset shows the long
wavelength discrepancies. (d) Examples on bulk water under electric field. Predicted IR spectra of bulk water under electric fields with LES. The inset
shows the Born effective charges (BECs) predicted with LES and computed with DFT
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