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Abstract: We report the static and dynamical properties of liquid water at the level of second-order Meller-Plesset perturbation
theory (MP2) with classical and quantum nuclear dynamics using a neural network potential. We examined the temperature-
dependent radial distribution functions, diffusion, and vibrational dynamics. MP2 theory predicts over-structured liquid water as
well as a lower diffusion coefficient at ambient conditions compared to experiments, which may be attributed to the incomplete
basis set. A better agreement with experimental structural properties and the diffusion constant are observed at an elevated
temperature of 340 K from our simulations. Although the high-level electronic structure calculations are expensive, training a
neural network potential requires only a few thousand frames. This approach shows great potential, requiring modest human

effort, and is straightforwardly extensible to other simple liquids.
PACS: 82.20.-w, 82.60.Lf, 61.20.Gy, 47.11.-
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1. Introduction

Water, a prerequisite for our existence on this planet, plays a vital
role in nearly all environmental, biochemical, physical processes,
whether in bulk or at interfaces [1,2]. Water’s anomalous properties,
such as high surface tension, elevated viscosity, and maximum
density at a specific temperature, render this ubiquitous liquid a
molecular mystery, driving sustained studies across scientific
disciplines [2,3]. Despite the ability to characterize these
macroscopic properties through the persistent advancements in
scientific instruments and theoretical methods, resolving the
atomistic picture—particularly the structure of water—remains a
significant challenges and continues to spark considerable debate.

The most fundamental question in gaining a microscopic
comprehension of water is what are the structure and dynamics of
the hydrogen bonding network. Experimental studies have primarily
relied on characterization techniques including Raman spec-
troscopies [4,5], X-ray diffraction [6,7], and nuclear magnetic
resonance [8], but remain constrained by limitations in temporal and
spatial resolution [5]. Hence, a close synergy between theoretical
methods and experimental results is imperative for a concerted effort
toward a unified picture of water.

Computational science persists in developing a sufficiently
accurate aqueous model, primarily carrying out molecular dynamics
(MD) simulations with ab initio calculations or empirical force-field.
[3, 9-20] It is thus not unexpected that numerous theoretical models
of water have been reported in the literature, such as the TIPnP
family [21-23], SPC [24, 25], q-AQUA [12-14] and MB-Pol [26].
Nevertheless, the density functional theory (DFT) holds its status as
a cornerstone reference due to its exactness for ground-state
properties in principle. A key point is that DFT in practice requires
approximations to be made in the exchange-correlation energy,
which critically governed the precision of calculations. The accuracy
progressively improves along the Jacob’s ladder of electronic
structure theory, ascending from the local density approximation
(LDA) through generalized gradient approximations (GGAs), meta-
GGAs, and hybrid functionals, extending beyond to double hybrids,
random phase approximation (RPA), and correlated wave function
methods, such as second-order Meller-Plesset perturbation theory
(MP2).

The selection for exchange-correlation functional exhibits
considerable sensitivity in describing aqueous structural properties,
from gas phase to solid. LDA is deemed unacceptable due to its
overbinding of the water dimer, leading to an overstructured liquid
water and a very small diffusion constant [27, 28]. GGA performs
better than LDA, but still shows systematic errors in characterizing
intermolecular water interactions. MD simulations at the GGA level,
without dispersion corrections, require a substantial increase in
temperature above 300 K to keep water in the liquid state. For
example, PBE, a widely adopted functional, can reproduce
experimental radial distribution functions (RDFs) and density at T =
440 K and P = 0.3 GPa, [29]. Even with the addition of Grimme’s
dispersion correction (DFT-D3) to PBE, which fails to markedly
improve the structure of water [30], elevated temperatures are still
required to reproduce these properties [30, 31]. BLYP-D3, with its
reasonable performance in describing water properties [27], also re-
quires simulations at 360 K to reproduce the correct RDF [32]. As a
modification of the PBE functional, revPBE-D3 tends to perform
best for RDF, density, and diffusion coefficient at ambient
conditions without increasing the temperature [27, 30]. However, the

results are highly sensitive to the particular choice of dispersion
functional, as evidenced by the revPBE+DRSLL functional tending
to overestimate the volume of ice VIII by 20%. [27] Recent
developments in computational power and methodology have made
it possible to climb higher rungs of the ladder beyond GGA, namely
meta-GGA, hybrid functionals, and many-body correlated methods
[33]. Perdew and co-workers proposed the non-empirical SCAN
meta-GGA functional achieves remarkable accuracy for weak in-
teraction systems [34]. SCAN functional yields the correct ordering
of densities between liquid water and ice, at the same time predicting
quantitative agreement with experiments at an elevated temperature
of 330 K [35]. Despite its relatively higher accuracy, the bare SCAN
functional still systematically overbinds water clusters [36].
Moreover, adding rVV10 to SCAN further exacerbates the
overbinding, leading to a noticeable over- estimation of the density
of liquid water [37]. Building on methods refinements, density-
corrected SCAN calculation, presented by Paesani and co-workers,
has improved accuracy to a level comparable to the “gold standard”
coupled-cluster theory, which correctly describes water from the gas
to the liquid phase through minimizing density-driven errors [36].
Simultaneously, some empirically parametrized meta-GGA
functionals such as B97M with rVV10 correction also appear to
perform quite well [38].

At hybrid functional level, the revPBEO-D3 functional is able
to predict the correct experimental RDF and density at room
temperature [39]. However, revPBEO-D3 still un- derestimates the
temperature-dependent density of water by about 5% [40], which
may be attributed to the choice of van der Waals interactions.The
hybrid functional combined with rVV10 van der Waals interactions
better reproduced the experimental equilibrium density of water
through fine-tuning the empirical parameter [41]. Beyond hybrid
functionals, including virtual orbitals allows for long-range van der
Waals dispersion interactions from parameter-free ab-initio
calculations. With tremendous computational cost, one can reach the
fifth rung of the ladder with methods such as RPA and MP2. The
MP2 theory, incorporating stronger dispersion interactions, provides
excellent predictions of the density at room temperature and
calculates radial distribution functions that are in reasonable
agreement with experimental data [42]. Previous studies suggest that
“MP2 water” is denser and cooler at ambient conditions compared
both with experiment and with “DFT water” [43]. In addition to the
underlying electronic structure theory, another issue is the accurate
account of the quantum nature of the nuclei [44,45]. Due to the light
mass of hydrogen nuclei, neglecting the pronounced nuclear
quantum effects (NQEs) in aqueous systems [45]. The competition
between intermolecular and intramolecular quantum effects, along
with the challenge of accurately assessing these NQEs, could be one
of the largest sources of errors [46,47]. For instance, the inclusion of
NQEs induces subtle differences in RDFs, especially those that
involve hydrogen atoms [44]. In a classical simulation, to produce a
change in the RDF equivalent to that obtained by considering NQEs,
the temperature has to be increased approximately 30 K [10,35].
Proton fluctuations along the covalent bond direction in quantum
simulations also increase almost 10-fold. In addition, Voth et al.
verified that higher temperatures do not accurately replicate NQEs
at room temperature, which is evident in different three-body
correlations as well as dynamics. [48] Regarding the reactivity of
water, “classical” water is more basic than “quantum” water (i.e.,
water in nature) with a pH of 8.6, which is about a 30-fold change in
the ionization constant [44]. Similar phenomena have also been
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detected at metal-water interfaces [49] and for electron transfer in
aqueous solutions [50]. Therefore, the inclusion of NQEs is often
necessary to achieve high accuracy in molecular dynamics
simulations.

Path integral molecular dynamics (PIMD) is a method to
incorporate quantum mechanics into molecular dynamics by
mapping each quantum particle onto a classical representation [51].
Combining electronic structure theory with PI methods is
exceedingly computationally expensive, as each particle is
represented by several classical replicas and each replica requires a
separate on-the-fly electronic structure calculation. For this reason,
high-level electronic structure calculations coupled with quantum
nuclear dynamics have been made possible in the last decade [39].
Thanks to the recent development of neural network potentials
(NNPs) [52,53], an extensive study using a high-quality functional
beyond local DFT is feasible even when combined with path-integral
molec- ular dynamics. The densities of water as predicted by NNP
trained on revPBE(-D3 data agree with the experiment to within 3%
for both liquid water and ice Ih and Ic [40]. Accurate and efficient
quantum vibrational spectra of water can also be obtained for bulk
and interfacial systems through NNPs trained on ab initio data [54,
55]. Quantum dynamics simulations through Behler-Parrinello
Neural Network force field from a fifth-rung electronic structure
level have provided an accurate determination of the structure,
diffusion, and vibrational features of water and aqueous solvated
electron [56,57].

In this work, the structural and dynamical properties of bulk
water have been studied by means of classical MD and thermostatted
ring polymer molecular dynamics (TRPMD) simulations via an NNP
in terms of radial distribution functions, diffusion coefficient, and
vibrational dynamics at different temperatures. At ambient
conditions, MP2 theory predicts overstructured liquid water, which
might be due to an incomplete basis set. Only quantum simulations
conducted at 340 K produce structural properties and diffusion
coefficients that are in better agreement with experimental results at
room temperature. Our theoretical results provide a dialectical
conclusion on the MP2 level, opening up new possibilities for the
further refinement and enhancement of the theoretical framework.

2. Computational details

All MD simulations are performed using the i-PI code [58, 59]
interfaced with LAMMPS [60], which implements the NNP
potential using N2P2 [61]. The details of the simula- tion, including
the static and dynamic properties as well as the training of the NNP,
are provided below.

To achieve efficient canonical sampling while minimally
perturbing the dynamics, the temperature of classical MD
simulations was controlled using a stochastic velocity rescaling
(SVR) thermostat [62], with a time constant of 1000 fs. A timestep
of 0.5 fs was used. In the frame of PIMD method, thermostatted ring
polymer molecular dynamics (TRPMD) was developed to capture
dynamical properties incorporating NQEs [63]. The use of 64 ring-
polymer beads was sufficient to converge the properties of interest,
even at low temperatures [40,64]. The Parrinello-Rahman mass
matrix was adjusted to shift all normal mode frequencies to to ®NM
= 14000 cm™'. The temperature was controlled using the global path
integral Langevin equation (PILE-G) thermostat attached to all the
non-centroid normal modes [65], with a time constant of 1000 fs.
TRPMD has been shown to predict accurate vibrational dynamics of
liquid water [39,66].

The density of liquid water has been calculated from classical
nuclei MD via an NNP based on MP2 theory. MD simulations were
performed using a cubic cell containing 128 water molecules with
the NPT ensemble at 1 atm for 12 different temperatures between
240 and 350 K. For each temperature, the trajectory is about 1 ns
long.

Dynamical properties are calculated based on a 300 ps
trajectory at each temperature for additional vibrational density of
states (VDOS) calculations. The dynamical properties of liquid
water can be measured by the diffusion coefficient (D) which can be
estimated by Einstein’s relation:

= & HO—rOP. 1)

Where r(t) are the atomic positions at time t, and r(0) is the atomic
positions at 0. Due to the finite-size effect on diffusion, the
extrapolated self-diffusion coefficient D(o0) can be expressed as the
finte system diffusion D(L) plus a correction:
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D(c0)=D(L)+

where L is the length of the simulation cell, kb is Boltzmann constant,
T is temperature, &= 2.83729 for cubic box and 1 is the experimental
shear viscosity as taken from Ref. [67].

The VDOS from classical MD or TRPMD is calculated using
the Fourier transform of the velocity autocorrelation

Coolw)= [ (@) 0(t+T)) e, @)

with the quantum autocorrelation function computed using the
centroid velocity v.

The quality of training sets plays a pivotal role in constructing
reliable machine learning potentials for MD simulations. The
starting point for our NNP is that of Ref. 57, at the MP2 level, which
contains 14085 datasets from classical nuclei molecular dynamics
[68], 100 datasets from path-integral molecular dynamics
simulations [57] under NVT ensemble at 300K. The reference data
obtained at room temperature may be highly correlated, leading to
incorrect dynamics at temperatures other than 300 K. The potential
was re- trained by generating a large set of configurations of 64
molecules at temperatures from 240 K to 350 K using replica
exchange molecular dynamics [69] in the NPT ensemble. An
additional 1000 structures were selected using CUR decomposition
based on their atomic fingerprints [70]. MP2 calculations [71,72]
with triple-zeta quality correlation-consistent basis sets [73] were
carried out using CP2K [74,75]. The performance of the NNP shown
in the Supporting Information, was evaluated based on root mean
square error for both energies and forces, yielding 1.35 meV/H20 in
energies and 92.84 meV/A.
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Figure 1. The density of liquid water predicted by MP2 simulations

in NPT ensemble with comparison to the experimental data [77], and
the result from the revPBEO-D3 [40].

3. Results

3.1

Structure of MP2 water at different temperatures

Accurately describing the density of water at the DFT level has been
challenging, and only a few potential energy surfaces, such as g-
AQUA-pol [13] and MB-pol [76] have demonstrated consistency
with experimental results at finite temperatures. The density of liquid

water predicted by classical simulations at the MP2 level is shown

in Fig. 1, with water at room temperature having a density of 1.058
g/cm3. Both MP2 and revPBEO-D3 calculations with classical nuclei
exhibit deviations of approximately 5% from the experimental
density at room temperature. Specifically, MP2 calculation tends to
overestimate the density, while revPBEO-D3 tends to underestimate
it. In order to better compare with the experiment, we used 128 water
molecules at experimental density (0.997 g/mL) to perform
following simulations.

In general, MP2 is more likely to overbind noncovalent
complexes. To shed light on the structure of water at different
temperatures, the radial distribution functions (RDFs) of oxygen-
oxygen, oxygen-hydrogen, and hydrogen-hydrogen pairs have been
calculated, as shown in Fig.2. The imperfect agreement between
MP2 simulations and the experimental structure may be attributed to
an insufficient basis set. Calculations are carried out using a triple-{
basis set. MP2 is known to overestimate dispersion when a relatively
small basis set is applied. [80-83] Previous studies indicate that as
the basis set increases from double-C to triple-{ to quadruple-C, the
mean absolute error in the binding energies relative to the complete
basis set (CBS) values decreases from 2.18 to 1.74 to 0.99 kcal/mol
for the water clusters (n=2—10). The relatively small basis set
overestimates the binding energies compared to the CBS [83]. The
global minima of water clusters (n=2-6) at the MP2 level agree
with the CCSD(T) level of theory [84]. However, MP2 systemat-
ically contracts the nearest-neighbor O-O separation in water
clusters by 0.005-0.022 A with the average of 0.016 A. In this
respect, MP2 tends to overestimate binding energies compared to
CCSD(T) results at the same quality of basis set (aug-cc-pVDZ) [84].
When the binding energies are extrapolated to the CBS limit, both
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Figure 2. Radial distribution function gOO(r) (a,c), gHH(r) (b,d) and gOH(r) (c,e) as obtained from classical (a—c) and quantum (c—e)
simulations at 300 K (red) and 340 K (blue) from 128 water models, in comparison to the experimental values at room temperature (black
dashed line). [78, 79] Subplots show the heights at different temperatures of gOO(r) at the first peak, gHH(r) and gOH(r) at second peak. The
light blue lines in subplots represent RDF heights of the experimental value at room temperature.
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MP2 and CCSD(T) predict very similar values. The differences
between the two methods are generally lower than 0.5 kcal/mol [84].

Given the fact MP2 with triple-{ overbinds and overestimates
the dispersion, it is not surprising that MP2 water at room
temperature over-structures and behaves like ice. The temperature
dependence of the RDFs from 240 to 350 K was also examined in
Fig. 2. The RDFs are strongly affected by the temperature with a
negative correlation at each peak. Temperature effects are more
pronounced at the first peaks of gOO(r) which concerns the structure
of the first solvation shell. As the temperature increases, the water
becomes less ordered with a relatively lower intensity of gOO(r) at
the first peak. NQEs broaden and weaken the intensity of the first
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peaks in gOO(r) and these effects are more pronounced at a lower
temperature. A temperature difference of 30 K in classical
simulations is required to give the same height of gOO(r) as in
quantum simulations, indicating that the quantum simulation
is hotter” [10,35]. Classical MD simulations of water are often
carried out at an elevated temperature to mimic the quantum effect
of oxygen and yield an improved description of the local structure of
water [10].

Indeed, NQEs are particularly pronounced in systems involving
light atoms. The classical simulation, conducted at an elevated
temperature of 330 K, may fail dramatically to replace the quantum
simulation at 300 K, especially for describing the gHH(r) and
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Figure 3. The oxygen—oxygen—oxygen triplet angular distribution as obtained from classical and quantum dynamics at multiple temperatures.
The resulting tetrahedral order parameter of liquid water is shown as a function of temperature. The experimental data at 298 K are marked in

black dashed line as comparison [79].

gOH(r) [10]. As shown in Fig.2(b,d), NQEs significantly broaden
the first and second peaks of gHH(r) and gOH(r). Similarly, we also
plot the temperature dependence of the height of the second peaks of
gHH(r) and gOH(r). It is evident that the temperature difference may
be more than 70 K for gHH(r) (See subplots in Fig.2(b,d)) and 50 K
for gOH (See subplots in Fig.2(c,e)) at the second peak of the RDFs.
More importantly, the broadening of the first peaks of gHH(r) and
gOH(r) cannot be reproduced with an elevated temperature even up
to 70 K. Classical MD simulations only sample within the range of
the thermal energy kT, which is far below the zero-point energy of
an O—H stretch. Accurate RDFs can be achieved from MP2 theory
with a higher temperature of 340 K, as shown by our classical and
quantum dynamics. The experimental RDFs at room temperature are
given in the dashed black lines in Fig. 2. The calculated gOO(r),
gHH(r) and gOH(r) at 340 K match with the experimental value at
room temperature.

To further understand the local structure of the water molecules,
we calculate the distribution oxygen-oxygen-oxygen triplet angles

3 o 1
q:l—gz Z (COS(G,‘]‘+§)2,

i=1j=i+1

3.1)

within the first solvation shell and the tetrahedral order parameter q,
defined as where 0; is the angle formed by the central water
molecules and its two neighboring water molecules i and j. To
calculate the distribution of oxygen-oxygen-oxygen triplet angles
within the first solvation shell, we take the cutoff distance of two

oxygen atoms of 3.35 A, which yields an average coordination
number of 4. An order parameter of q = 1 defines a perfect
tetrahedral local environment, and q decreases as the structure of
water becomes less ordered and tetrahedral.

As shown in Fig.3, the experimental triplet angles show a weak
shoulder at around 60° and a broad strong peak at around 100°. We
present the calculated Pooo at three different temperatures — 240 K,
300 K, and 340 K. At the lower temperature of 240 K, NQEs strongly
adjust the local environment of water, resulting in a less ordered
water structure. The order parameter as estimated from quantum
simulations is about 0.68 which is lower than that of 0.72 from
classical simulations. The difference of local parameters becomes
less with increasing the temperature. At room temperature, MP2
predicts a local parameter of 6.15 for quantum simulations (6.17 for
classical), which is higher than the prediction from the fragment-
based MP2/aug-cc-pVDZ simulation [85,86]. The inconsistency
may come from the choice of basis sets and the employment of
fragmentation methods. Beyond room temperature, the local
parameter from classical and quantum simulations is almost identical
(see Fig.3). The local order parameter at 340 K (quantum=0.577,
qclassical=0.575) predict almost exact number compared to the
experimental value of 0.570. The calculated triplet angles
distributions predict an accurate line shape at around 100°, but a
weaker shoulder at 56 instead of 60°.
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3.2 Dynamical properties

It is difficult to converge the diffusion coefficient using ab initio
molecular dynamics due to its high computational cost, especially
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Figure 4. Temperature dependence of the diffusion coefficient after
finte size correction as obtained from classical and quantum
simulations, in comparison to the experimental values (black line)
[88] and its shifted value by 40 K.

when combined with high-level electronic structure theory beyond
standard GGA. Diffusion coefficients from high-level electronic
structure theory have been only made available by using a multiple
time stepping (MTS) method. For instance, Marsalek and Markland
carried out revPBEO-D3 calculations using ring-polymer contraction
with MTS methods [39]. The calculated diffusion coefficient of
liquid water at 300 K is determined to be 2.67 and 2.29% 107> cm?/s
from classical and quantum simulations respectively. The inclusion
of NQEs decreases the diffusion co- efficient by 30% [39]. Del Ben
and co-workers combined a hybrid functional (PBEW1- D3) with
MP2, using fast (0.25 fs) and slow (2.5 fs) time steps to calculate the
dynamical property of MP2 water [68]. Their analysis is based on
two trajectories of each roughly 10 ps as obtained in the NVE
ensemble, and the self-diffusion constant values obtained are 0.67
and 0.77x 1075 cm?/s at 300 and 307 K, respectively. At room
temperature, our simulations predict a diffusion constant of 0.629
(0.693) and 0.996 (1.060) x 107> cm?/s from classical and quantum
dynamics (the quantities in brackets are after finite-size correction
[87]), which is in fair agreement with previous simulations [68].

In fact, a classical MD simulation with a limited timescale of
10-20 ps may yield statistical error bars of more than 20% on
dynamical quantities such as the diffusion coefficient. That may
explain the minor inconsistency between our values and previous
results [39,68]. Nevertheless, these values are below the
experimental diffusion at room temperature, and more similar to a
lower-temperature diffusion. We plot the temperature- dependent
diffusion coefficient as obtained from classical and quantum
dynamics in Fig.4. The diffusion constants are systematically
underestimated by MP2 theory for both classical and quantum
simulations. Previous studies show that NQEs contribute a 30%
decrease to the self-diffusion of liquid water using revPBE0-D3
functional [39]. Unlike the revPBE0-D3 functional, the diffusion of
water upon including NQEs at the MP2 theory is enhanced by 10—

70% from 240 to 320 K, while a slow down of diffusion by 3—7%
has been observed beyond 330 K.

Surprisingly, when the experimental diffusion constant is
shifted to a higher temperature by 40 K, the diffusion constant as
calculated from our simulations matches with experimental values

To understand the vibrational dynamics of MP2 water, we
calculate the density of states (VDOS) from the Fourier Transform
of the velocity-velocity auto-correlation function at different
temperatures as shown in Fig. 5. The increase in temperature
significantly optimizes the diffusion coefficient, while having the
opposite effect on the vibrational density of states (VDOS). At 340
K, the VDOS shows a greater blue shift compared to 300 K,
observed in both classical and quantum simulations in the high-
frequency range. This is because the strength of hydrogen bonds
weakens as the temperature rises. Classical and Quantum
simulations give qualitatively similar VDOS around the lower
frequency librational band (7500 cm™'), with a slight redshift
compared to the experiment. The differences between the two
simulations are primarily reflected in O—H stretching and H-O-H
bending modes. Classical simulations predict the bend peak at 1693
1

cm ' at room temperature, overestimating the blue-shift by

approximately 40 c¢cm™!

compared to experiment, whereas NQEs
shift the peak to 1624 cm ™, showing a smaller discrepancy with the
experimental results stretching modes are predicted to experience a
blue shift in both simulations, with peaks at 3685 and 3524 cm™' in
the classical and quantum simulations, respectively, which also
shows that the quantum simulation results are also closer to the
experimental data [89]. While MP2 calculations demonstrate
excellent agreement with experimental data, that of revPBE(O-D3
water somewhat exhibits even superior concordance, particularly for

the O—H stretching peak [45].

T=340K

VDOS(a.u.)

T=300K

| 1 1 L |

0 500 1000 1500 2000 2500 3000 3500 4000 4500

Frequency (cm™)
Figure 5. Temperature dependent vibrational density of states at 300
K and 340 K. The blue lines are obtained from classical simulations,
while the red lines are from TRPMD. Vertical lines show
experimental vibrational frequencies at 300K.

4. Conclusions

In this work, we simulated MP2 water using an NNP at different
temperatures using classical and quantum dynamics. MP2 theory,
though belonging to the fifth rung of the electronic structure “Jacob’s
ladder”, is unable to predict accurately the static and dynamical
properties of liquid water. This may be because an insufficiently
large basis set causes MP2 theory to overestimate the Van der Waals
interaction. This may be im- proved upon by increasing the basis set
to quadruple-{ and larger, or by estimating the difference between
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the results of small and large basis sets using cluster models and de-
composing the error into two- and three-body interaction terms,
which can be used to further cancel the basis-set error. Alternatively,
double-hybrid density functionals based on MP2 and random-phase
approximation may be used to train the NNP: they exhibit faster
convergence with basis set size at similar computational cost as the
parent correlated methods [90].

Although NQEs reduce the height of the first peak of the
oxygen-oxygen radial distribution function at room temperature, the
match with the experimental RDF is still not perfect [68]. However,
a better agreement with experimental RDFs is observed at an
elevated temperature of 340 K, at which MP2 predicts stratifying
static properties of liquid water compared to the experimental data,
as characterized by the RDFs, triplet angles distribution, and
tetrahedral local order parameters. It is possible that the elevated
temperature cancels the error due to an insufficient basis set, higher
kinetic energy compensating for the overestimation of dispersion by
MP2 theory.

Our NNP accurately captures a range of static and dynamical
properties, while many properties of water such as the dielectric
constant and vibrational spectra are still not perfect. Future work will
focus on the modelling of these properties using symmetry- adapted
machine learning methods [91]. Other future prospects include
clarifying the basis set effect on the computed properties, probing
the performance of double-hybrid density functionals, and extending
simulations to other important simple liquids such as ammonia and
hydrogen sulfide.
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