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The complex interatomic interactions and strong nuclear quantum effects in water pose significant
challenges for accurately modeling its structural, thermodynamic, and transport behavior across
varied conditions. While machine-learned potentials have improved the prediction of either static or
transport properties individually, a unified computational framework that accurately captures both has
remained elusive. Here, we introduce a machine-learned framework with a highly accurate and
efficient neuroevolution potential trained on extensive many-body polarization reference data
approaching coupled-cluster-level accuracy, combined with path-integral molecular dynamics and
quantum-correction techniques. By capturing the quantum nature of water, this framework accurately
predicts its structural, thermodynamic, and transport properties across a broad temperature range,
enabling fast, accurate, and simultaneous prediction of self-diffusion coefficient, viscosity, and
thermal conductivity. This work represents a major stride in water modeling, providing a unified and

robust approach for exploring water’s thermodynamic and transport properties, with broad

applications across multiple scientific disciplines.

Water is the foundation of life and its unique properties make it a central
focus of research across numerous scientific disciplines, including physical,
chemical, materials, biological, geological, environmental, climate sciences,
as well as in energy, food, and technological applications]‘z. Water’s struc-
tural complexity and anomalous behavior have motivated significant
research efforts and extensive studies to characterize and understand its
fundamental properties, which are crucial across fields where water serves as
a primary or critical component’™. Despite the critical need to accurately
model water’s behavior across a wide range of temperatures and pressures,
water’s intrinsic complexity has made this a long-standing challenge’.
Advances in computer simulations of water and aqueous systems have
provided powerful tools to study water’s properties at the atomistic level,
offering insights even beyond experimental capabilities. However, a key
obstacle in atomistic simulations is achieving both accuracy and compu-
tational efficiency. Empirical potentials provide low-cost calculations but

often lack the fidelity needed to capture water’s complex properties, while
quantum-mechanical approaches are usually more accurate but come with
prohibitive computational costs for large-scale simulations. Machine-
learned potentials (MLPs)’ have recently transformed this landscape by
combining high accuracy with reduced computational cost, allowing
simulations that were previously out of reach. Particularly, MLPs have
shown promise for calculating various properties of water’.

Despite this progress, previous works have primarily focused on
structural and thermodynamic properties of water'*"”, while relatively few
studies address transport properties such as self-diffusion coefficient, visc-
osity, and thermal conductivity'*'*. Morawietz et al.," calculated the self-
diffusion coefficient and viscosity of water for a few temperatures using a
MLP trained using reference data based on revised Perdew-Burke-
Ernzerhof (RPBE) or Becke-Lee-Yang-Parr (BLYP) functionals, revealing
that van der Waals interactions in the reference data play a crucial role in
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accurately calculating transport properties. However, the results based on
both RPBE and BYLP reference data only achieve qualitative agreement
with experimental measurements. Yao and Kanai'® calculated the self-
diffusion coefficient using a MLP trained on strongly constrained and
appropriately normed (SCAN) reference data, obtaining results that are
significantly lower than experimental values. Malosso et al.” computed
viscosity using a deep potential (DP) model trained on SCAN reference data,
finding that their predictions are significantly overestimated compared to
experimental values; however, a temperature shift could bring the predic-
tions closer to experimental data. For thermal transport, both DP'*"” and
neuroevolution potential (NEP)” trained on SCAN reference data have
been used to predict the temperature-dependent thermal conductivity. Only
the NEP model, when combined with a quantum correction scheme,
achieves quantitative agreement with experimental results™.

The lack of quantitative agreement between calculations and mea-
surements highlights two potential limitations in previous works. First, the
quality of the reference data has a significant impact on the accuracy of MLP
predictions, as indeed demonstrated by the markedly different results for
transport coefficients'*'®"” obtained using MLPs trained on reference data
based on different functionals in density-functional theory calculations.
Second, nuclear quantum effects (NQEs)*' play a crucial role in determining
water’s transport properties. While NQEs have been shown to impact many
static properties of water in atomistic simulations using MLPs'"", the
influence of NQEs on transport properties remains not fully understood.

In this work, we present NEP-MB-pol, a neuroevolution potential
model trained on a highly accurate coupled-cluster-level MB-pol dataset,
combined with path-integral molecular dynamics (PIMD)** and
quantum-correction techniques to account for NQEs. MB-pol*** is built
upon the many-body expansion of the interatomic interactions and has
been parameterized according to highly accurate quantum-chemistry cal-
culations at the coupled-cluster level, including single, double, and pertur-
bative triple excitations [CCSD(T)], as illustrated in Fig. 1a. MB-pol has
been demonstrated to be capable of describing the properties of water from
the gas to the condensed phases™. Although more efficient than typical
quantum-mechanical calculations, MB-pol is still too computationally
demanding for direct calculation of water’s transport properties over a
broad temperature range. To accelerate these calculations, we employ the
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NEP approach” to train a MLP using MB-pol reference data (Fig. 1b),
achieving an interatomic potential model for water with quantum-
chemistry-level accuracy and empirical-potential-like speed (Fig. 2). This
NEP model enables extensive large-scale and long-duration molecular
dynamics (MD) simulations that robustly account for NQEs (Fig. 1¢). For
the first time, this NEP-MB-pol framework enables quantitative predictions
of all three transport coefficients, including self-diffusion coefficient, visc-
osity, and thermal conductivity, as well as heat capacity and structural
properties like density and radial distribution function across a temperature
range simultaneously. For comparison, we also train a NEP model on SCAN
reference data, finding it accurately predicts only the thermal conductivity,
highlighting the advantage of MB-pol reference data in capturing water’s
transport behavior. This NEP-MB-pol framework represents a significant
advance in modeling water’s thermodynamic and transport properties, with
great potential for broader applications.

Results

The trained NEP models

The NEP approach” is a framework for generating highly efficient MLPs. It
is a neural network potential trained using an evolutionary algorithm. The
site energy U; of atom i is taken as a function of a descriptor vector with a
number of radial and angular descriptors, which are constructed based on
the Chebyshev polynomials and the spherical harmonics. The descriptors
are invariant with respect to translation, rotation, and permutation of atoms
of the same species. The total energy is obtained by summing the site
energies across atoms U = ), U,. The force on an atom is derived as the
negative gradient of the total energy with respect to the atom’s position,
F;=— oU/or;.

MLPs for water based on DP have been developed using both MB-pol*®
and SCAN" reference data. Both datasets are very comprehensive. The MB-
pol dataset™ includes 59181 molecular structures (water monomers, dimers,
etc), 43,494 bulk water structures, and 1932 bulk-molecule interface struc-
tures, totaling 104607 structures (Fig. 1a). The SCAN dataset” contains
48419 structures sampled from MD simulations with a wide range of
temperature (150-2000 K) and pressure (10~* to 50 GPa). In this work, we
utilize these two datasets, with sub-sampling as detailed below, to train NEP
models.
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Fig. 1 | NEP-MB-pol Workflow/Framework. a A large dataset was generated using
the MB-pol method™***, which achieves an accuracy approaching coupled-cluster
theory with single, double, and perturbative triple excitations [CCSD(T)]. This
dataset includes water monomer, dimer, trimer, tetramer, as well as surface and bulk
structures. b A representative subset of this dataset is selected via farthest-point
sampling (FPS) in descriptor space to train a neuroevolution potential (NEP-MB-
pol) model, while all the remaining structures are reserved as the test dataset. The
NEP-MB-pol model demonstrates low errors for both force and energy on this test

dataset. ¢ Utilizing the highly accurate and efficient NEP-MB-pol model, the
structural, thermodynamic, and transport properties, including self-diffusion
coefficient D, viscosity #, and thermal conductivity «, are calculated using molecular
dynamics simulations with the versatile graphics processing units molecular
dynamics (GPUMD) package. Nuclear quantum effects are accounted for through
path-integral molecular dynamics (PIMD) techniques, including thermostatted
ring-polymer molecular dynamics (TRPMD), or harmonic quantum correction for
spectral thermal conductivity x(w).

npj Computational Materials | (2025)11:279


www.nature.com/npjcompumats

https://doi.org/10.1038/s41524-025-01777-1

Article

a 8 L] T T b 8 L] L] L] C 8 T | T
G RMSE=69.77 meV A-1 — . RMSE=143.20 meV A- RMSE=50.56 meV A~!
ot R2=0.9943 I R?=0.9763 . ~ R2=0.9978 /
> af {1 = af / { < 4} -
3 3 v s
: ;
S of {1 & of ) 1 £ of .
2 'S o5 =
2 & 3
> —4F 1 S -4F % 1 & -4f :
= a, . ) /
= a
B R — 4 8 8§ -1 0 4 8 8§ -1 0 ) 8
d 5 CCSD(T) force (eV A1) @ CCSD(T) force (eV A1) f . CCSD(T) force (eV A1)
~ RMSE=91.71 meV A~! - RMSE=115.82 meV A~ . RMSE=105.51 meV A~
i R%=0.9900 st R%=0.9845 —_ R2=0.9871
I 1l < 4L ]l - I i
> 4 S 4 i 4 .
e S >
o ) =
o 8 ®
S of 1 & or 1 & of .
2 - .
&) 5 <Zn
P -af 1 @ -4} 1 S -4f -
25 o v
Z )
2 — 4 8 8§ -7 o0 ) 8 8§ -7 o0 ) 8
~ CCSD(T) force (eV A1) CCSD(T) force (eV A1) CCSD(T) force (eV A1)
= 107F —
g g
gt —mg mEl HEEE HEE EEE ENE .
o B NEP-MB-pol
2105} ]l mmm SPC/E(CPU)
g mmm SPC/E(GPU)
10T wERE EERD EORD ERORD 1 === DP-MB-pol
o po
< 103fF . MB-pol
Fg 102 n .
%) 192 1536 5184 12288 24000 41472 65856

Number of atoms

Fig. 2 | Evaluation of force accuracy and computational speed. Parity plots
comparing reference forces from coupled-cluster theory with single, double, and
perturbative triple excitations [CCSD(T)] to forces predicted by various approaches:
aneuroevolution potential (NEP) model trained on MB-pol dataset (NEP-MB-pol),
b deep potential (DP) model trained on the MB-pol dataset (DP-MB-pol), c MB-pol
model, d NEP model trained on the the strongly constrained and appropriately
normed (SCAN) dataset (NEP-SCAN), e DP model trained on the SCAN dataset
(DP-SCAN), and f density functional theory (DFT) calculation with the SCAN

functional. The root-mean-square error (RMSE) and R* (coefficient of determina-
tion) of force for each model are provided. g Computational speed as a function of
the number of atoms for different water potential models, tested using either 16 i5-
14600K CPU cores (for MB-pol and the empirical SPC/E water potential) or a single
RTX 4090 GPU paired with a single i5-14600K CPU core (for NEP-MB-pol with
GPUMD, DP-MB-pol and SPC/E using LAMMPS complied with the KOKKOS
package). For SPC/E, a cutoff of 10 A in real space and the PPPM method with a
target accuracy of 10~ in reciprocal space were used.

In principle, we could train NEP models using the full datasets that
were originally used for training the DP models'***. However, this is not an
optimal strategy for the very data-efficient NEP approach, which is based on
smaller-scale neural network models. By employing farthest-point sampling
in the descriptor space, we obtained significantly reduced yet representative
training datasets, containing only 1% of the original full datasets (1250 and
601 structures for the reduced MB-pol and SCAN datasets, respectively).
These reduced datasets are visualized via principal component analysis
(PCA) of descriptor space, as shown in Fig. 1b and Fig. S1. The NEP models
trained on these reduced datasets are referred to as NEP-MB-pol and NEP-
SCAN, respectively, while the DP models trained on the full datasets are
denoted as DP-MB-pol* and DP-SCAN", respectively. One advantage of
using a reduced training dataset is availability of many unseen structures,

which enables robust validation against over-fitting. For NEP-MB-pol, the
root-mean-square errors of energy and force evaluated on the entire dataset
are 1.9 meV atom™ and 47.7 meV A, respectively. In comparison, the
corresponding values for DP-MB-pol® (specifically, the model labeled
DNN-seed2) are 23.3 meV atom ' and 48.2 meV A", respectively (see Fig.
S2 for parity plots). For NEP-SCAN, the root-mean-square errors of energy
and force evaluated on the whole dataset are 3.3 meVatom ' and
85.1 meV A", respectively, while the corresponding values for DP-SCAN"
are 2.3 meV atom ™" and 121.1 meV A~ respectively (see Fig. S3 for parity
plots). These comparisons demonstrate that the NEP models make highly
accurate predictions for unseen structures. Another benefit of using a
reduced training dataset is flexibility for future extensions; adding a small
number of structures into a large existing dataset typically does not lead to
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Fig. 3 | Radial distribution functions, density, and isobaric heat capacity of water.
Radial distribution functions of a O-O atom pairs, b O-H atom pairs and ¢ H-H atom
pairs. Results from path-integral molecular dynamics (PIMD) simulations with
NEP-MB-pol using 32 beads at 300 K (NEP-MB-pol PIMD, red dashed line) agree
well with experimental data for O-O (295.1 K)*, O-H (300 K)** and H-H (300 K)*
atom pairs. For comparison, results from classical molecular dynamics (MD)
simulations with NEP-MP-pol (NEP-MP-pol Classical, orange line) and NEP-
SCAN (NEP-SCAN Classical, blue line) are also provided. d Density of water as a
function of temperature, comparing experimental data (solid line)*, classical MD
simulations with the MB-pol model’>” (dashed line), the DP-MB-pol model** (dot-
dashed line), the revPBE0-D3-NNP'* (open triangles), the NEP-MB-pol model
(open circles), and the NEP-SCAN model (open squares), as well as PIMD

Temperature (K) Temperature (K)

simulations with NEP-MB-pol model using 32 beads (filled circles), NEP-SCAN
model (filled squares), and the revPBE0-D3-NNP" (inverted filled triangles; error
bars for NEP-MB-pol and NEP-SCAN are based on the standard error of 50 ps data
sampled from MD simulations. e Isobaric heat capacity C, of liquid water at 300 K as
a function of the number of beads, calculated with the NEP-MB-pol model, showing
good convergence at 64 beads. f C, as a function of temperature, comparing
experimental data”® (solid black line), classical MD simulations with NNP-SCAN™
(purple line) and NEP-MB-pol (NEP-MB-pol Classical, orange dashed line), as well
as PIMD simulations with the NEP-MB-pol model using 64 beads (NEP-MB-pol
PIMD, red dotted-dashed line). The shaded error band around the line represents
uncertainty. Note that the experimental curves shown are fitted to the experimental
data™.

significant improvements, while a reduced dataset allows for more effective
extension.

Further accuracy validation of NEP models

To further evaluate the accuracy of our NEP models, we generated an
independent validation dataset at the CCSD(T) level of theory (see Methods
for details). Using CCSD(T) as the reference gold standard, we present
parity plots (Fig. 2a—f) that compare reference forces from CCSD(T) with
those predicted by various approaches. Our results demonstrate that MB-
pol is indeed significantly more accurate than density-functional theory
calculations using the SCAN functional (see Methods for details). Conse-
quently, the NEP-MB-pol model, trained on the MB-pol dataset, is more
accurate than the NEP-SCAN model, which was trained on the SCAN
dataset. Among the four MLPs, our NEP-MB-pol model stands out,
achieving the best accuracy, with a force root-mean-square error of
69.77 meV A", which is only slightly higher than the MB-pol model’s value
of 50.56 meV A~!. For comparison, the DP-MB-pol*® and DP-SCAN"
models are found to be less accurate. The DP-MB-pol model discussed here
was selected based on its relatively good performance in predicting water
density™, as will be further discussed below. Error metrics for additional DP-
MB-pol models™ are provided in Supplementary Table S1.

Computational speed of NEP-MB-pol

The computational efficiency of a MLP is crucial for its effective applications
in large-scale and long-duration MD simulations, especially when numer-
ous replicas per atom are needed to capture the NQEs. The NEP model, as
implemented in GPUMD?, exhibits excellent computational performance.
Our NEP model achieves a computational speed of about 1 x 10" atom

steps™' in MD simulations with systems containing more than 12000

atoms, using a single GeForce RTX 4090 GPU card paired with a single i5-
14600K CPU core (Fig. 2g). This is about 100 times faster than DP running
on the same GPU. It is also faster (for systems with more than 5000 atoms)
than the SPC/E empirical potential™ running on 16 i5-14600K CPU cores or
on the same single RTX 4090 GPU paired with a single i5-14600K CPU core
using LAMMPS compiled with the KOKKOS package, with a cutoff of 10 A
in real space and the PPPM method with a target accuracy of 10~* in
reciprocal space. It is important to note that the MB-pol model can only
simulate up to about 12,000 atoms and its computational cost scales
quadratically with respect to system size. At this scale, NEP-MB-pol is about
5 orders of magnitude faster than MB-pol. This dramatic speedup
empowers us with a water potential model with quantum-chemical accu-
racy and empirical-potential-like speed.

Structural and thermodynamic properties

Prominent features of water can be reflected by the radial distribution
function g(r). For O-O pairs, NEP-MB-pol can very accurately reproduce
the experimental data, even at the classical MD level, with PIMD introdu-
cing minimal changes. This indicates that NQEs are negligible for oxygen. In
contrast, NEP-SCAN overshoots both the first and the second peaks of the
0O-O distribution, as shown in Fig. 3a. However, the O-H and H-H dis-
tributions exhibit very strong NQEs, as shown in Fig. 3b, c. With classical
MD, both NEP-MB-pol and NEP-SCAN significantly underestimate the
width of the first peaks in goy and gy, reflecting the absence of zero-point
motion in classical MD simulations. Remarkably, PIMD brings NEP-MP-
pol results much closer to experimental data, particularly for g1y Note that
the small differences around the second peak in gop from NEP-MB-pol with
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Fig. 4 | Transport coefficients of water. a Self diffusion coefficient of water as a
function of temperature from experiments (solid line)*, classical molecular
dynamics (MD) simulations with the NEP-SCAN model (open squares; trained on
SCAN dataset from"’), the NEP-MB-pol model (open circles), the ANN-SCAN
model' (plus symbols; trained on SCAN dataset therein'®), multiple NNP-RPBE
models'*”** (filled diamond), and thermostatted ring-polymer molecular dynamics
(TRPMD) simulations with the NEP-MB-pol model using 32 beads (filled circles)
and the ANN-SCAN model' (cross symbols). The error bars in NEP-MB-pol and
NEP-SCAN results are calculated from the standard error of the mean for 10
independent simulations. b Viscosity of water as a function of temperature from
experiments (solid line)*', classical MD simulations with the NEP-SCAN model
(open squares), the NEP-MB-pol model (open circles), NNP-RPBE model" (filled

Temperature (K)

Temperature (K)

diamond), NNP-SCAN" (filled hexagon), and TRPMD simulations with the NEP-
MB-pol model using 32 beads (filled circles). The error bars in NEP-MB-pol and
NEP-SCAN results are based on the standard error of the mean for 30 independent
simulations. ¢ Thermal conductivity of water as a function of temperature from
experiments (solid line)”, classical MD simulations with the NEP-SCAN model
(open squares) and the NEP-MB-pol model (open circles). The filled circles and
squares represent the NEP-MB-pol and NEP-SCAN results after using the quasi-
harmonic quantum correction. The error bars are calculated as standard errors from
three independent homogeneous nonequilibrium MD simulations, each with 3 ns
production time, and 100 equilibrium MD simulations, each with 10 ps production
time. Note that the experimental curves shown are fitted to the experimental data®"".

classical MD have also been observed in the prior work using MB-pol*. On
the other hand, the results from the NEP-SCAN model with classical MD
show more pronounced deviations from the experiential data, which cannot
be totally attributed to the absence of NQEs. The excellent agreement
between NEP-MB-pol with PIMD and experimental data highlights both
the high accuracy of our NEP-MB-pol model and the critical role of NQEs in
describing O-H and H-H bonds.

The accurate prediction of density further demonstrates the reliability
of the NEP-MB-pol potential. In the temperature range from 280 to 370 K at
1 atm pressure, the density of water monotonically decreases according to
experimental data”, which have very small uncertainties (Fig. 3d). NEP-
MB-pol, even with classical MD simulations, reproduces this trend well. The
agreement between NEP-MB-pol and experiments is further improved by
considering NQEs using PIMD simulations. This is consistent with the
radial distribution function results: NQEs result in lower density at a given
temperature. The maximum difference between PIMD simulation with
NEP-MB-pol and experiments is at 280 K, which is about 0.4%. We have
checked that this difference cannot be made smaller by using a larger
number of replicas in the PIMD simulations (Fig. S4). It thus represents a
small degree of inaccuracy of the NEP-MB-pol model, likely inherited from
the MB-pol model. Indeed, density predictions using the original MB-pol
model’>” at the classical MD level agree well with our NEP-MB-pol results.
Notably, the classical MD results from DP-MB-pol** show poor agreement
with those from MB-pol, reflecting the relatively higher accuracy of our
NEP-MB-pol model over the DP-MB-pol model.

Figure 3d also presents density results obtained by classical MD and
PIMD simulations using the NEP-SCAN model. It is evident that the NEP-
SCAN model predicts a drastically different trend than experiments, sig-
nificantly overestimating the density when T'> 300 K. This is consistent with
the overestimation of the melting point by SCAN, which originates from its
overestimated strength of hydrogen bonds™.

Figure 3e shows the heat capacity C, of water as a function of the
number of beads, as predicted by the NEP-MB-pol model. For systems with
64 beads, C, obtained from NEP-MB-pol is in excellent agreement with

experimental data™. The relationship between C, and temperature is pre-
sented in Fig. 3f. As observed, predictions from PIMD simulations with
NEP-MB-pol, incorporating NQEs, match experimental observations very
well. In contrast, predictions from classical MD simulations with NEP-MB-
pol show noticeable deviations, and the results from classical MD simula-
tions with NNP-SCAN™ exhibit even greater deviations. These results
highlight the importance of using a high-quality dataset and accurately
incorporating NQEs to achieve precise predictions of water’s heat capacity.

Self-diffusion coefficient

We now move on to the study of water’s transport properties, starting from
the self-diffusion coefficient. Note that prior to the calculation of each
transport property, the system is equilibrated for 50 ps. The diffusion
coefficient can be calculated either as the time derivative of the mean-square
displacement, or equivalently, the time integral of the velocity auto-
correlation function. The running diffusion coefficient as a function of the
correlation time calculated using the NEP-MB-pol model in the tempera-
ture range of 280 to 370 K (all at 1 atm) are shown in Fig. S5. The running
diffusion coefficient converge well up to a correlation time of 5 ps, which is
then taken as the upper limit in the time integral. A convergence test with
respect to the number of beads in TRPMD simulations is provided in Fig. S6,
showing good convergence at 32 beads. Finite-size effects may influence
diffusion coefficient calculations in MD simulations. We have carefully
checked the finite-size effects in Fig. S7, and found that the finite-size effects
are negligible when the number of atoms in the simulation cell exceeds
10000. We have chosen a very safe calculation cell with 24567 atoms in all
the diffusion coefficient and subsequent transport calculations to ensure
accuracy.

The time-converged diffusion coefficient values from 280 to 370 K are
presented in Fig. 4a. Using classical MD simulations, NEP-MB-pol already
achieves a good agreement with experimental results™. Incorporating NQEs
using thermostatted ring-polymer MD (TRPMD)**** further improves the
agreement, particularly at higher temperatures. Minor deviations between
NEP-MB-pol results and experiment data likely stem from the small
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inaccuracies in the NEP-MB-pol model, as noted earlier. Note that time-
correlation functions and transport properties should be calculated using
the TRPMD algorithm, in which the centroid degree of freedom is not
thermostatted. In contrast, static thermodynamic properties are best cal-
culated using the PIMD algorithm, which properly samples the quantum
statistical distribution.

Prior theoretical predictions of the diffusion coefficient of water using
MLPs also exhibit limitations. For example, using classical MD simulations,
the predicted diffusion coefficients from the ANN potential trained with
SCAN reference data (ANN-SCAN)' are significantly underestimated
across the whole temperature range. This trend is also confirmed by our
NEP-SCAN model, which was trained on a different SCAN reference
dataset". The discrepancy between ANN-SCAN and NEP-SCAN models
may arise from differences in dataset generation, model architecture,
hyperparameters, or training protocols. The quantum effects as revealed by
the ANN-SCAN simulations are also rather small. Using multiple NNP
models trained using RPBE (NNP-RPBE) reference data'*"*, the calcu-
lated diffusion coefficient values from classical MD simulations significantly
overestimate the experimental results. Given the minimal overall NQEs in
diffusion coefficient calculations, the results in Fig. 4a strongly suggest that
NEP-MB-pol has a higher accuracy than previous MLPs.

The capability of accurately predicting the diffusion coefficient across a
wide range of temperatures using NEP-MB-pol suggests that this model has
prediction power and our computational framework could be very useful for
exploring water properties at extreme conditions that are inaccessible to
experimental measurements.

Shear viscosity
We next examine shear viscosity 7 of water, which can be calculated as a time
integration of the shear stress autocorrelation function (see Method for
details). We consider the temperatures from 280 to 370 K and a constant
pressure of 1 atm. Convergence tests with respect to the number of beads
and system size in TRPMD simulations are shown in Fig. S6 and Fig. S7,
respectively. The running shear viscosity as a function of the correlation
time calculated using the NEP-MB-pol model for selected temperatures are
shown in Fig. S8. Similar to the running diffusion coefficient, the running
viscosity #(t) also converges with respect to the correlation time ¢. One
difference between diffusion coefficient and viscosity is that the latter
involves a collective correlation function, which exhibits higher statistical
error with the same length of trajectory. Therefore, we had to perform more
independent runs for viscosity calculations. Here we have performed 30
independent runs for each temperature, and the results are well converged.
The time-converged shear viscosity values calculated from NEP-MB-
pol and NEP-SCAN are presented in Fig. 4b. The results are compared with
experimental data® and previous results from NNP-SCAN". Using classical
MD simulations, the NEP-MB-pol model produces results generally smaller
than experimental values. The maximum deviation is about 40% at 280 K.
Incorporating NQEs via thermostatted ring-polymer MD simulations sig-
nificantly improves the calculated results, although there is still an under-
estimation of about 20% at 280 K. This underestimation is likely related to
the small inaccuracy of the NEP-MB-pol mentioned above. This means that
viscosity is a physical property that is highly sensitive to the accuracy of the
interatomic force in the MD simulations. Indeed, the NNP-RPBE model
with classical MD simulations' shows a larger underestimation than our
NEP-MB-pol model, while both the NEP-SCAN model and the previous
NNP-SCAN model predict viscosity values that are several times larger than
the experimental results.

Thermal conductivity

Finally, we investigate the thermal conductivity « of water, which can be
calculated as a time integral of the heat current auto-correlation function.
Because the heat current can be decomposed into potential (p) and kinetic
(k) parts, the heat current auto-correlation function, and hence the running
thermal conductivity, can be decomposed into three terms: the p-p term
(), the k-k term (¥**), and the cross term (¥*). The running thermal

conductivity for the three terms all converges well up to a correlation time of
1 ps, as shown in Fig. S9. We observe that the cross term «™* is essentially zero
and the k-k term «** contributes a small but non-negligible portion.

The total thermal conductivity from both NEP-MB-pol and NEP-
SCAN calculated from 280 to 370 K (with a constant pressure of 1 atm) are
shown in Fig. 4c. It is clear that both sets of results are quite consistent with
each other and are significantly overestimated compared to the experi-
mental results. The deviation between calculations and experiments
increases at lower temperatures, which again indicates strong NQEs.
Unfortunately, the heat current is a nonlinear operator and there are so far
no feasible path-integral techniques that can account for the NQEs in
thermal conductivity calculations. However, we notice that the simpler
quantum-correction method based on harmonic approximation® has been
proven to be a feasible one for disordered materials, which naturally include
liquid water”. Here, the harmonic approximation means that one assumes
that NQEs are negligible for the anharmonic characteristics in a system. This
can be well confirmed by the calculation of heat capacity™. As a prerequisite
for applying this quantum-correction scheme, we need to first obtain a
spectral decomposition x(w) of the thermal conductivity, which, fortunately,
can be conveniently achieved within the homogeneous nonequilibrium MD
formalism®. Here the part that needs to be quantum-corrected is the p-p
component, which becomes x”(w)x®e*/(¢* — 1)* after quantum correc-
tion, where x = w/kp T and 7 is the reduced Planck constant. Adding up the
quantum corrected #¥ and the original * gives the total thermal con-
ductivity that agrees well with experiments as shown in Fig. 4c.

Discussion

In this work, we achieved quantitative predictions of a broad range of
physical properties of liquid water across various temperatures. The physical
properties evaluated include not only structural characteristics, such as
density and radial distribution functions, but also thermodynamic prop-
erties such as isobaric heat capacity, and transport properties including the
self diffusion coefficient, viscosity, and thermal conductivity. The high level
of agreement between our calculations and experiments can be attributed to
two key factors.

First, we developed the highly accurate and efficient NEP-MB-pol
model, which serves as the foundation of this work. The high accuracy of our
NEP-MB-pol model, further validated by using an independent CCSD(T)
dataset prepared in this study, is inherited from the underlying training data
based on the MB-pol model, which has been shown to be highly accurate®*.
While the MB-pol model itself is very computationally intensive and has
been impractical for calculating transport properties that require extensive
simulations, our NEP-MB-pol model not only retains MB-pol’s high
accuracy but also achieves computational speeds several orders of magni-
tude faster, making it feasible to predict transport properties that require
extensive large-scale simulations.

Second, the reliable prediction of water’s properties benefits from the
use of appropriate methods that accurately account for nuclear quantum
effects, which are especially strong in water. For static properties like density
(equation of state), path-integral molecular dynamics correctly captures the
nuclear quantum effects related to zero-point motion, resulting in density
values that align closely with experimental observations. For dynamic
properties, thermostatted ring-polymer molecular dynamics effectively
captures diffusion and viscosity calculations, while the quasi-harmonic
quantum corrections address overpopulated high-frequency vibrations in
the calculation of thermal conductivity.

An important aspect of our approach is that our NEP-MB-pol model
was developed without fitting to experimental data, yet it accurately predicts
multiple experimentally validated properties. Our approach distinguishes
itself from empirical models, which are often tailored to fit specific experi-
mental properties and may have limited applicability across different
thermodynamic conditions. By relying on first principles calculations and
machine learning, the predictive power of our NEP-MB-pol model is
constrained only by the accuracy of the MB-pol model and the breadth and
diversity of the training data.
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Importantly, this framework is not a mere variant of MB-pol. It is
certainly not limited to MB-pol data. Our framework can also be applied to
other coupled-cluster-level datasets, for example, g-AQU ! datasets, which
include higher-order interactions. To further improve the model’s accuracy,
additional training data from direct CCSD(T) calculations could be
incorporated.

While this study focused on the water properties under ambient
conditions, our approach is extendable. With an extended training dataset,
NEP-MB-pol has the potential to model water’s behavior under more
extreme thermodynamic conditions.

In conclusion, by capturing the quantum nature of water, our frame-
work fills a long-standing gap in water modeling, achieving both high
accuracy and computational efficiency. This work represents a significant
advance, offering a versatile and scalable approach with broad applications
in chemistry, materials science, biophysics, and beyond.

Methods
The NEP model
In the NEP approach”, the site energy U; of atom i can be written as

Nie Naes
1 0
U, = El WL)tanh< E 1 WLV)qV
= v=

bfj”) - b, (1)

where tanh(x) is the activation function, w'”, w”, b, and b are the weight

and bias parameters. The descriptor g/, is an abstract vector whose com-
ponents group into radial and angular parts. The radial descriptor com-
ponents g, (0<n<n® ) are defined as

4= 8, (ry, @)

J#i

where r;; is the distance between atoms i and j and g,,(r;) are a set of radial
functions, each of which is formed by a linear combination of Chebyshev
polynomials. The angular components include n-body (n =3, 4, 5) corre-
lations. For the 3-body part, the descriptor components are defined as

O<n<nd  1<I<Pd)
qnl - Z( 1) Anlm nl( m)7 (3)
nlm Zgn(rg)ylm(rzj) (4)
j#i

Here, Y3, are the spherical harmonics and #;; is the unit vector of r;;. Note
that the radial functions g,(r;) for the radial and angular descriptor com-
ponents can have different cutoff radii, which are denoted as rf and ré\,
respectively.

Generating a validation dataset at CCSD(T) level of theory

The CFOUR program package®, with aug-cc-pVTZ (aVTZ) basis set, was
utilized to generate an independent validation dataset at the coupled-cluster
level of theory, including single, double, and perturbative triple excitations
[CCSD(T)]. This validation dataset comprises a total of 262 structures,
including 56 clusters containing up to six water molecules and 206 bulk
structures sampled by MD simulations driven by the NEP-MB-pol model.

Density-functional theory calculations using SCAN functional

Density-functional theory calculations using the strongly constrained and
appropriately normed (SCAN) functional were performed with the Vienna
Ab initio Simulation Package (VASP, version 6.3.0), to predict the ener-
gies, forces, and virial of the 262 structures in the independent validation
CCSD(T) dataset (see above). To account for the non-spherical contribu-
tions to the gradient correction within the projector-augmented-wave
sphere, the flag LASPH was set to TRUE. A kinetic energy cutoff of 1500 eV

was applied for the plane waves, and a reciprocal space sampling grid
spacing of 0.5 A" was used. The self-consistent field convergence threshold
was set to 10°eV.

Molecular dynamics simulations

For all the MD simulations conducted to compute the physical properties
reported in this study, the simulation system consists of 24,567 atoms in a
periodic cubic box with dimensions of about 6.2 nm in each direction. The
system pressure is maintained at 1 atm. The time step of 0.5 fs is used for
integration in classical, path-integral, and thermostatted ring-polymer
molecular dynamics simulations. To calculate the density of water at each
temperature, the system is equilibrated for 50 ps in the isothermal-isobaric
ensemble. The pressure of the system is still kept at 1 atm, while the tem-
perature is varied from 280K to 370K in increments of 10 K. All the
molecular dynamics simulations were performed using the graphics pro-
cessing units molecular dynamics (GPUMD) package™.

Isobaric heat capacity
The isobaric heat capacity C, is defined as the rate of change of enthalpy H
with respect to temperature at constant pressure:

oH
Cp = (ZTT> P, (5)

where H=E 4 pV, and E, T, p, and V represent the internal energy, tem-
perature, pressure, and volume, respectively. To compute Cp the value of H
is calculated at a series of temperature points with the same pressure p. A
quadratic function is then fitted to the relationship between H and T, and its
first derivative yields C, as a function of T.

Self-diffusion coefficient
The running self-diffusion coefficient for water is calculated using the fol-
lowing Green-Kubo relation:

1/t
D(t) = —/ C,,(n)dr 6)

3 =0
where the velocity auto-correlation function is defined as
C,(1)= ﬁzy(vi(o)-vi(r)). Here, N is the number of atoms in the

systems and v; is the velocity of atom i.

Shear viscosity
The shear viscosity is defined as 7 = 1 ( . + 1,z +1,,), where the running
integral of #1,4 is calculated using the following Green-Kubo relation:

V t
T /0 CPP(T)dT. (7)

Here, Cpy(7) = {(pap(0) — (Pap)) (Pap(r) — (Pap))) is the pressure auto-
correlation function, V is the volume, kg is Boltzmann’s constant, T is
temperature, and p,g is the pressure tensor.

Uaﬁ(t) =

Thermal conductivity
Similarly, we can use a Green-Kubo relation to calculate thermal con-
ductivity:

1 t
M0 =y /O J0) - N, ®

where J(t) is the heat current and (J(0) - J(z)) is the heat current auto-
correlation function. For liquid system, the heat current has two
contributions, J = J* + JP. The kinetic term is J¥ = >~ V;E;, where E; and
v; are the total energy and velocity of atom i, respectively. The potential tegm
for many-body potentials is” JP = Y, W, - v;, where W, = it ® 5 v

is the virial tensor of atom i and r;; = r; — r;, r; being the position of atom 1
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According to the decomposition of the heat current, the thermal
conductivity can be decomposed into three terms: «(f) = «**(t) + &) +
«°%(£), where the potential-potential term ™, the kinetic-kinetic term o
and the cross term ™ correspond to the following heat current auto-
correlation functions: (J°(0) - J*(1)), (J*(0) - J(7)), and (J*(0) - J(2)) + (J*(0)
J(@).

Besides, we use the homogeneous nonequilibrium MD method®’ to
calculate ™. In this method, an external driving force F** = F, - W, is
exerted on each atom 4, driving the system out of equilibrium. Here, F, (with
magnitude F,) is the driving force parameter with the dimension of inverse
length. In this work, F, was chosen as 0.001 A", which has been tested to be
small enough to keep the system within the linear response regime. The
driving force will induce an ensemble-averaged steady-state non-
equilibrium heat current J* (with magnitude J/) of the potential term,
which is related to the thermal conductivity: xPP = % The thermal
conductivity can be further decomposed with respect to the vibrational
frequency w to obtain the spectral thermal conductivity «”(w)".

Data availability

The training and test datasets, the trained machine-learned potential
models, the compilation and installation guide, as well as demos for MD
simulations utilizing the trained models, have been deposited in a Zenodo
repository, accessible at https://zenodo.org/records/15033656. The source
code for the graphics processing units molecular dynamics (GPUMD-
v3.9.3) package is available at https://zenodo.org/records/11122339.
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