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Figure S1: Training data subsampling. Representative training datasets were selected
from the original extensive datasets [1, 2] using farthest point sampling in descriptor space
and visualized via principal component analysis for (a) the neuroevolution potential
(NEP) trained on many-body polarization (MB-pol) reference dataset and (b) the
NEP trained on the strongly constrained and appropriately normed (SCAN) functional
reference dataset. Blue points represent the original full datasets, while orange points

indicate the selected representative datasets, comprising about 1% of the original full
datasets.
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Figure S2: Parity plots for MB-pol dataset. Parity plots comparing energy and
force predictions from (a-b) neuroevolution potential (NEP) and (c-d) deep potential
(DP) trained on many-body polarization (MB-pol) reference datasets [1].
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Figure S3: Parity plots for SCAN dataset. Parity plots comparing energy, force, and
virial predictions from (a-b) neuroevolution potential (NEP) and (c-d) deep potential
(DP) trained on the strongly constrained and appropriately normed (SCAN) functional
datasets [2].
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Figure S4: Density and enthalpy of water. (a) Density of water as a function of
the number of beads at various temperatures, calculated using path-integral molecular
dynamics (PIMD) simulations with the neuroevolution potential trained on many-body
polarization reference dataset (NEP-MB-pol). (b) System enthalpy as a function of
temperature for different numbers of beads, P, obtained using PIMD simulations with
the same potential. The pressure is kept at 1 atm.
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Figure S5: Running self-diffusion coefficient of water. Convergence of the self-
diffusion coefficient of water as a function of correlation time, calculated via thermostat-
ted ring-polymer molecular dynamics simulations with 32 beads, using the neuroevolution
potential trained on (a) the many-body polarization (NEP-MB-pol) and (b) the strongly
constrained and appropriately normed functional (NEP-SCAN) reference datasets at
various temperatures and 1 atm.
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Figure S6: Running viscosity of water. Convergence of viscosity of water as a function
of correlation time, calculated via thermostatted ring-polymer molecular dynamics
(TRPMD) simulations with 32 beads, using neuroevolution potential trained on (a,c,e)
the many-body polarization (NEP-MB-pol) and (b,d,f) the strongly constrained and
appropriately normed functional (NEP-SCAN) reference datasets at various temperatures
and 1 atm.
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Figure S7: Size convergence. Convergence of (a) self-diffusion coefficient and (b)
viscosity of water as a function of system size (number of atoms), calculated via
thermostatted ring-polymer molecular dynamics (TRPMD) simulations with 32 beads,
using NEP-MB-pol at 300 K and 1 atm.
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Figure S8: Thermal conductivity. (a) Convergence of water’s thermal conductivity as
a function of correlation time t, calculated using equilibrium molecular dynamics (EMD)
with NEP-MB-pol at 300 K and 1 atm, showing contributions from the potential-potential
term (kPP), the kinetic-kinetic term (k**), and the cross term (kP*), respectively. (b)
Thermal conductivity (potential-potential term) of water as a function of simulation time
obtained using homogeneous nonequilibrium molecular dynamics (HNEMD) method.
(c) Comparison of thermal conductivity values from EMD and HNEMD methods. (d)
Classical and quantum-corrected spectral thermal conductivity (potential-potential term)

for water.
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