
512 | Nature | Vol 609 | 15 September 2022

Article

The first-principles phase diagram of 
monolayer nanoconfined water

Venkat Kapil1 ✉, Christoph Schran1,2,3 ✉, Andrea Zen4,5, Ji Chen6, Chris J. Pickard7,8 & 
Angelos Michaelides1,2,3 ✉

Water in nanoscale cavities is ubiquitous and of central importance to everyday 
phenomena in geology and biology. However, the properties of nanoscale water can 
be substantially different from those of bulk water, as shown, for example, by the 
anomalously low dielectric constant of water in nanochannels1, near frictionless 
water flow2 or the possible existence of a square ice phase3. Such properties suggest 
that nanoconfined water could be engineered for technological applications in 
nanofluidics4, electrolyte materials5 and water desalination6. Unfortunately, 
challenges in experimentally characterizing water at the nanoscale and the high cost 
of first-principles simulations have prevented the molecular-level understanding 
required to control the behaviour of water. Here we combine a range of 
computational approaches to enable a first-principles-level investigation of a single 
layer of water within a graphene-like channel. We find that monolayer water exhibits 
surprisingly rich and diverse phase behaviour that is highly sensitive to temperature 
and the van der Waals pressure acting within the nanochannel. In addition to multiple 
molecular phases with melting temperatures varying non-monotonically by more 
than 400 kelvins with pressure, we predict a hexatic phase, which is an intermediate 
between a solid and a liquid, and a superionic phase with a high electrical 
conductivity exceeding that of battery materials. Notably, this suggests that 
nanoconfinement could be a promising route towards superionic behaviour under 
easily accessible conditions.

In the past decades, approaches have been devised to fabricate artifi-
cial hydrophobic capillaries with nanoscale dimensions7–9, resulting 
in measurements of the properties of nanoconfined water1–3. Despite 
these notable advances, the understanding of nanoconfined water is 
still limited, owing to the difficulty in interpreting these experiments in 
the absence of simultaneous information on the atomistic-scale struc-
ture and dynamics of water that is not yet accessible in these experi-
ments. Molecular simulations can, in principle, provide the required 
resolution but the results obtained are highly sensitive to the approach 
used, even for a single layer of water within graphene confinement. 
For example, studies involving inexpensive empirical water models 
have predicted varied phase behaviour depending on the choice of 
the model10,11. Furthermore, their non-reactive nature makes them 
unsuitable for studying water at high pressures at which water can 
dissociate and even exhibit superionic behaviour12,13. By contrast, more 
accurate first-principles studies of nanoconfined water, using density 
functional theory (DFT), are limited by their large computational cost 
and have therefore been limited to only 0 K calculations, or a handful 
of finite-temperature state points14. Thus, the absence of accurate but 
affordable first-principles approaches that can be used to examine 
a range of temperatures and pressures has lead to a general lack of 

knowledge on the phase behaviour of nanoconfined water, ranging 
from different stable phases, melting temperatures and the nature of 
phase transitions, to the physical properties relevant to nanotechnol-
ogy. A clear understanding of the phases and properties of confined 
water as a function of thermodynamic parameters will facilitate the 
interpretation of experiments, and provide a foundation for the rational 
design of improved nanotechnologies.

Here we describe the phase behaviour of monolayer-confined water by 
calculating its pressure–temperature phase diagram at first-principles 
accuracy. We avoid the traditional accuracy–cost trade-off by using quan-
tum Monte Carlo (QMC), one of the most accurate first-principles methods 
for molecular materials15, to identify the most appropriate DFT functional 
for the systems under investigation. We subsequently developed a machine 
learning potential (MLP) using the approach recently introduced in ref. 16 
to predict DFT energies and forces at a much lower cost. This framework 
brings together the high accuracy of QMC and the low computational 
cost of MLPs, enabling us to examine the pressure–temperature phase 
diagram, including the dissociation regime. In doing so, we reconcile 
inconsistencies between previous studies, identify phases and properties 
of confined water that can be harnessed for nanotechnology, and provide 
guidance for future experimental exploration.
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Extensive polymorph search using an MLP
Water under nanoconfinement experiences a lateral pressure due to a 
combination of attractive van der Waals forces pulling the sheets of the 
confining material and the termination of the cavities. The exact value 
of this lateral pressure within graphene confinement is not known, but 
computational studies and experiments suggest that it is in the range 
of 0.5–1.5 GPa (ref. 3). These pressures can stabilize polymorphs of ice 
that are not found in bulk17,18. However, the lateral pressure depends 
on the magnitude of the van der Waals forces19 as well as on the shape 
and mechanical response of the terminal edges of the cavity20, both 
of which are sensitive to the nature of the confining material. Thus, 
studying the phase behaviour of nanoconfined water across a broad 
range of pressures, beyond the expected 0.5–1.5 GPa regime, is relevant 
for a general understanding of the properties of water in hydrophobic 
nanocavities.

Before computing the phase diagram, we identified all polymorphs 
stabilized by lateral pressures between 0 and 4 GPa. To accurately 
account for the full range of interactions in nanoconfined water, while 
ensuring a viable computational cost to perform an extensive structure 
search, we used an MLP trained on first-principles energies and forces. 
We used QMC benchmarks to select the revPBE0-D3 DFT functional 
for treating water–water interactions in confinement (a comparison 
is shown in Extended Data Table 1), and subsequently trained and vali-
dated an MLP to revPBE0-D3 across the entire phase diagram, using 
an advanced active-learning approach16 (details on the training and 
validation are shown in Extended Data Fig. 1). We treated graphene–
water interactions using a uniform 2D confining potential fitted to QMC 
water–graphene binding energies and applied an external lateral pres-
sure10,11,17,21 to model the internal lateral pressure on the water molecules.

Owing to the computational efficiency of the MLP, we can perform 
an exhaustive structure search22. We recovered all previously found 
polymorphs17,18 in only a few hours on a desktop machine, and found a 
‘flat rhombic’ phase at high pressures (Extended Data Fig. 2). This struc-
ture is stabilized by a strong network of zig-zagging hydrogen bonds, 
differing from the motifs present in flat-rhombic phases observed in 
empirical force-field studies10,11. We attribute the differences to the rigid 
water models used in these studies that do not describe the complex 

hydrogen bond network arising from the full spectrum of O–H distances 
and H–O–H angles present in our structures (Extended Data Fig. 2). To 
establish the relative stability of this new phase, we used enthalpies 
calculated with QMC at 0 and 2 GPa (Extended Data Table 1). In agree-
ment with previous results, hexagonal ice has the lowest enthalpy at 
0 GPa (ref. 21); however, beyond 2 GPa, we found that the flat-rhombic 
phase becomes the dominant form, being more stable than square ice 
by about 1 kJ mol−1 (Extended Data Fig. 3).

Encouraged by the success of the MLP in exhaustively identify-
ing monolayer polymorphs, and to find the MLP predictions within 
1 kJ mol−1 of the QMC references (Extended Data Table 1), we proceeded 
to examine the pressure–temperature phase diagram. We selected a 
small confinement width of 5 Å, as the effects of nanoconfinement 
should be the largest in the narrow width regime. As described in the 
Methods, we used a range of rigorous free-energy methods to calcu-
late the phase boundaries23. The resulting phase diagram (Fig. 1) is 
extremely complex and diverse for a deceptively simple monolayer 
of water. The phase behaviour is very sensitive to the lateral pressure 
and, therefore, we discuss below the phase diagram in different pres-
sure regimes: low pressures below 0.5 GPa; intermediate pressures 
from 0.5–2.0 GPa, that is, at the expected lateral van der Waals pres-
sure within graphene confinement; and high pressures above 2.0 GPa. 
As seen from Extended Data Tables 2 and  3 and Extended Data Fig. 4, 
our predictions are robust with respect to the choice of the confining 
potential, small (~0.5 Å) changes in the confinement width, as well as 
finite-size effects. We also show that nuclear quantum effects have only 
a small effect on the phase boundaries; for clarity, these were therefore 
not taken into account in Fig. 1.

Rich phase behaviour at low pressures
Like bulk water, hexagonal ice is the most stable phase at zero pres-
sure for monolayer water. As the pressure is increased, pentagonal 
and flat-rhombic forms become the most stable phases at around 
0.15 GPa and 0.5 GPa, respectively. Our QMC calculations show that the 
flat-rhombic phase is the most stable phase at high pressures; however, 
at intermediate pressures, it is only marginally more stable (within the 
statistical error of QMC) than the square phase. Thus, we have marked 
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Fig. 1 | Phase diagram of monolayer nanoconfined water. a–g, The pressure–
temperature phase diagram of monolayer water was calculated using an MLP 
that delivers first-principles accuracy. The solid and dashed lines indicate 
first-order and continuous phase transitions, respectively. The grey regions 
indicate the statistical uncertainty for solid–solid phase transitions and, for the 
other transitions, the uncertainties arising from studying a finite number of 

thermodynamic states. The diagonally hatched area indicates the region  
in which square and flat-rhombic phases are near degenerate. Diagrams of  
the hexagonal (a), pentagonal (b), square (c), flat-rhombic (d), hexatic  
(e), superionic (f) and liquid (g) phases are shown with oxygen atoms in red, 
hydrogen atoms in grey and hydrogen bonds shown by blue lines.
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a narrow region on our phase diagram in which the square phase could 
compete in thermodynamic stability with the flat-rhombic phase.

To understand the melting behaviour of monolayer ice, we calculated 
the coexistence lines of the solid and the liquid phases. We found that 
hexagonal ice exhibits a low melting temperature of around 190 K at 
0 GPa, about 100 K lower than that of bulk water, and 50–100 K lower 
than the estimates from empirical force fields10,24. As shown in Fig. 1, we 
observed a triple point at around 170 K and 0.05 GPa between the hex-
agonal, pentagonal and liquid phases (Supplementary Video 1). As the 
pressure was increased, we observed a second triple point between the 
flat-rhombic, pentagonal and liquid phases (Supplementary Video 2) at 
around 160 K and 0.20 GPa. We also note that the hexagonal, pentagonal 
and flat-rhombic phases can be denser or rarer than the liquid phase, 
which leads to a non-monotonic dependence of the melting tempera-
ture with pressure. This suggests that monolayer water may expand or 
contract after melting, depending on the pressure. Thus, overall, we 
found that, at pressures of less than 0.5 GPa, monolayer ice exhibits 
complex polymorphism, two triple points and a non-monotonic melt-
ing temperature with pressure. These insights are expected to be key 
for the thermal or mechanical engineering of water-based nanodevices.

Hexatic phase at intermediate pressures
In the intermediate pressure regime, that is, at typical van der Waals 
pressures between 0.5 and 2.0 GPa in graphene confinement, mon-
olayer water exhibits a phase that is neither solid nor liquid. As shown 
in Fig. 2a,b, below 0.8 GPa, flat-rhombic ice melts through a first-order 

phase transition accompanied by abrupt changes in the enthalpy and 
the structure of water, as well as in the diffusion coefficient. However, 
beyond this pressure, flat-rhombic ice undergoes a first-order phase 
transition to a new phase with rotating water molecules. As evidenced 
in the structure-factor (Fig. 2f), the new phase lacks translational order 
but exhibits six-fold orientational symmetry. Furthermore, the angular 
nodes in the spatial distributions of oxygen atoms (Fig. 2e) indicate 
long-range orientational order. These properties suggest that the phase 
bears hallmarks of a hexatic phase, an intermediate phase between 
the solid and the liquid within the theory of phase transitions in 2D25 
by Kosterlitz, Thouless, Halperin, Nelson and Young (KTHNY) theory.

The hexatic phase, at 340 K, is characterized by fixed but rotat-
ing water molecules as visualized from the 2D spatial distribution 
of hydrogen atoms (Supplementary Video 3), bearing similarities 
with the high-pressure free-rotor phase of molecular hydrogen26.  
A close look at the rotational dynamics (Supplementary Video 3) 
and the spatial distribution of atoms (Fig. 2e) suggests that the pseu-
dorotation comprises out-of-plane motion of O–H bonds through 
intermediate dangling orientations, with less-frequent in-plane rota-
tions. With an increase in temperature, the in-plane rotation becomes 
facile, resulting in the loss of six-fold orientational symmetry and 
the formation of an isotropic liquid as shown in Fig. 2e. The hexatic 
phase melts with smooth changes in enthalpy, structure and diffusion 
coefficient, indicating a second-order phase transition in agreement 
with the KTHNY theory. In short, at typical pressures experienced in 
graphene confinement, the melting behaviour of monolayer water 
deviates substantially from that of bulk water, exhibiting a two-step 
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Fig. 2 | Hexatic phase of monolayer water at intermediate pressures.  
a,b, The lateral distribution function of oxygen atoms g(r) at different 
temperatures (a) and the potential energy U (black) and the diffusion 
coefficient D (violet) (b) as a function of temperature at 0.5 GPa, indicating a 
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indicating a first-order phase transition to a hexatic phase, and a continuous 
phase transition to the liquid phase. e, The temperature-dependent spatial 

distribution of the oxygen atoms in the first hydration shell (red) and the 
bonded hydrogen (black) atoms with respect to an oxygen atom at 300–600 K 
at 1 GPa. The darker colours indicate higher spatial probabilities, and radial 
rulers are guides for examining six-fold orientational symmetry—characteristic 
of a hexatic phase. f, Temperature-dependent structure factors, indicating the 
loss of translational order in the hexatic phase at 400 K, and the loss of 
orientational order in the liquid at 600 K, at 1.0 GPa. Error bars correspond to 
s.e.m. calculated using block averaging. 
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mechanism, in agreement with KTHNY theory, through a hexatic 
phase with ‘rotating’ water molecules.

Although the hallmarks of an intermediate hexatic phase have 
been discussed qualitatively in previous forcefield studies27, our 
first-principles-level prediction in the intermediate pressure regime 
suggests that this phase can be realized experimentally in graphene 
confinement. We provide further support for this by simulating water 
between explicit graphene sheets at the reference first-principles level 
(Supplementary Video 6), and observing hexatic behaviour in agree-
ment with the prediction of our MLP. Finally, to facilitate the identi-
fication of this phase, we calculated the rotational relaxation time of 
water molecules and the temperature-dependent vibrational spectra, 
which can be compared using nuclear magnetic resonance and Raman 
spectroscopy measurements, respectively (Extended Data Fig. 5).

Superionic behaviour at high pressures
One of the key features of our water model is its ability to describe 
water dissociation, which becomes increasingly relevant at high pres-
sures. We therefore examined the possibility of autoprotolysis events 
in monolayer water. We found that, at pressures beyond 2 GPa and 
temperatures beyond 350 K, O–H bond breaking and formation events 
frequently occur. To quantify O–H dissociation, we analysed the aver-
age number of dissociated water molecules within 100 ps at different 
pressures and temperatures. As shown in Fig. 3a, at 4 GPa and beyond 
400 K, over 10% of the water molecules dissociate in monolayer water 
within 100 ps. By contrast, this percentage remains close to zero for 
the corresponding bulk phase (ice VII) even at the highest tempera-
ture considered. We attribute this substantially greater propensity 
for dissociation to an approximate 10% decrease in O–O distances in 
monolayer water compared to the bulk water; it is known that the O–O 
distance modulates the proton transfer barrier28. We also note that 
oxygen atoms remain localized, but protons readily diffuse through 
the oxygen lattice (Fig. 3c and Supplementary Video 4). This behaviour 
is characteristic of the recently observed superionic phase of water13, 
which is believed to be found under extreme planetary conditions.  
To ascertain whether we are in the superionic regime, we estimated the 
ionic conductivity of monolayer water as a function of temperature at 
4 GPa. As shown in Fig. 3b, water ‘continuously’ transforms to a phase 
with a specific ionic conductance above 0.1 S cm−1, a commonly used 
threshold for characterizing a superionic conductor29. This is intriguing 
as bulk water exhibits superionic behaviour at 56 GPa and over 700 K 
(ref. 30), which is an order of magnitude greater pressure and almost 
twice the temperature compared with for monolayer water.

To clarify whether our observations correspond to a conventional supe-
rionic phase of water in which protons diffuse within a matrix of oxygen 
atoms or a phase in which ionic conductivity occurs through surface hop-
ping of protons, we performed first-principles simulations with explicit 
graphene sheets (Supplementary Video 5). Although within explicit gra-
phene protons have the opportunity to stick to and hydrogenate the gra-
phene sheet, these simulations confirm the results obtained with the MLP: 
there is facile O–H dissociation and long-range proton diffusion without 
the formation of C–H bonds. This observation is consistent with the known 
affinities of protons with carbon and oxygen and, importantly, it suggests 
that nanoconfined water can exhibit genuine superionic behaviour as 
opposed to an interfacial layer with high ionic conductivity.

The enhanced propensity of autoprotolysis in confined water should 
be manifested at typical lateral pressures in the in-plane component of 
the dielectric constant that is sensitive to excursions of protons along 
the O–H bonds. This property can already be measured for nanocon-
finement between graphene and other hydrophobic materials1. Direct 
observation of superionic conduction may require lateral pressures 
higher than those typically exerted by graphene sheets. To this extent, 
it may be useful to understand how the lateral pressures can be tuned by 
altering the morphology of different confining materials. Experiments 
already suggest that graphene sheets distorted through ‘nanobubbles’ 
can exert pressures in the tens of GPa regime20 over a length scale of tens 
of nanometres. We believe that nanocavities made of similarly deformed 
materials could be a starting point towards high-pressure confinement.

Conclusions
We predict the pressure–temperature phase diagram of monolayer- 
confined water rigorously at first-principles accuracy—from low tem-
peratures and pressures up to the dissociation regime of water. A com-
prehensive description of the complex behaviour of nanoconfined 
water across the temperature–pressure phase diagram provides new 
insights, a guide for future experiments and a starting point for rational 
material design in the context of nanotechnology. The existence of a 
two-step melting mechanism in agreement with KTHNY theory and a 
hexatic phase provides new physical insights that the melting of water 
at the nanoscale may not necessarily be first-ordered as in bulk, and may 
have direct implications in the thermal engineering of nanosystems. 
The evidence for increased water dissociation in nanoconfinement 
provides a basis for rationalizing anomalous properties of nanocon-
fined water, for example, the low slippage in water flow in h-BN2 could 
be understood on the basis of the enhanced propensity of O–H dis-
sociation in nanoconfined water. Furthermore, the large electrical 
conductivity of superionic nanoconfined water could be harnessed 
for the development of aqueous electrolytes. Finally, our research 
suggests that nanoconfinement could be a route towards examining 
superionic materials under easily accessible conditions.
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Methods

To ensure that our approach remained both computationally efficient 
and accurate, we used a combination of these four developments: (1) 
an efficient implementation of QMC to select a DFT functional; (2) an 
automated development and validation of the MLP to DFT energies 
and forces; (3) random structure search with the MLP to find metasta-
ble polymorphs; and (4) rigorous Gibbs free energies as the basis for 
thermodynamic stabilities of polymorphs.Step 1 attenuates the limita-
tions of DFT by identifying the most appropriate DFT functional for 
the system under study, and makes accurate first-principles energies 
and forces accessible for training an MLP, at a much lower cost than 
high-level electronic structure methods. Step 2 substantially reduces 
the human time required to develop an MLP trained on DFT energies 
and forces. Step 3 ensures an exhaustive search (owing to the low cost 
of the MLP) for metastable polymorphs of the system. Step 4 enables 
the realistic modelling of experimental thermodynamic conditions 
and calculation of observables that can be directly compared with 
experiments.

Below, we discuss the full workflow for the calculation of the phase 
diagram and the computational details.

Workflow
Separation of the potential energy surface. We split the total poten-
tial energy of the system into graphene–water interactions modelled 
using a uniform 2D confining potential fitted to QMC water–graphene 
binding energies18, and water–water interactions at the DFT level of 
theory. The confining potential acts only in the direction perpendicular 
to the plane of confinement, as in previous studies11,21. We model the 
lateral pressure, Pxy, due to the van der Waals interactions pulling the 
graphene sheets and the termination of the edges, by applying an exter-
nal lateral pressure within the NPxyT ensemble, where N is the number 
of atoms in the system and T is the temperature.

Selection of an accurate DFT level for water–water interactions. 
We exploit the chemical accuracy and efficiency of a recent fixed-node 
diffusion Monte Carlo implementation of QMC15, to provide lattice 
energies of a few known phases of monolayer water18—hexagonal, pen-
tagonal, square and buckled-rhombic ice. These values are used as refer-
ences to screen suitable DFT functionals for water–water interactions. 
From these validation tests, we select revPBE0-D3 as it exhibits one of 
the smallest errors in lattice energies, and is also known to provide a 
good description of the properties of bulk water31.

Development of the MLP to DFT. We trained an MLP to reproduce 
revPBE0-D3 energies and forces to probe new phases of monolayer 
confined water and their phase behaviour across a wide range of 
temperatures and pressures, in an accurate and efficient manner. To 
minimize the time spent in developing the potential, we use a recently 
proposed active learning scheme16. It relies on the Behler–Parrinello 
neural network framework32 to form a committee neural network po-
tential33 for active learning purposes. With this workflow, we target 
various phase points in the course of different generations as detailed 
in Fig. 1. Our final potential exhibits a root mean square error of 2.4 meV 
(0.2 kJ mol−1) per water molecule and 75 meV Å−1 for energies and forces, 
respectively. Furthermore, the MLP also reproduces the good agree-
ment of revPBE0-D3 with QMC reference lattice energies as shown 
in Extended Data Table 1 and remains accurate over the entire phase 
diagram, while retaining excellent performance for condensed phase 
properties as shown in Fig. 1.

Random structure search. We probe potential phases of monolayer 
ice using the random structure search approach22 in combination with 
the MLP. Within this approach, we optimize a large set of structures 
generated by randomly placing water molecules within the region of 

confinement for unit cells with 2 to 72 water molecules, confinement 
widths ranging from 5 to 8 Å, and lateral pressures from 0 to 4 GPa. 
We recover all previously known ice polymorphs, and also find a new 
flat-rhombic phase that is stable at high pressures.

Calculation of phase boundaries. With the knowledge of stable and 
metastable phases, we calculate their regions of stabilities by comput-
ing their Gibbs free energies, G(P, T), using a thermodynamic integra-
tion approach23. At each pressure, we calculate the classical harmonic 
Helmholtz free energy at 20 K ( A20 K

harm) of a given polymorph, and per-
form a harmonic-to-anharmonic thermodynamic integration to esti-
mate

G P T A A PV k p V( , ) = + Δ + + (20 K) ln ( ) , (1)P20K 20 K
harm

20 K
anharm

B ,20K

where V is the volume of the structure optimized at pressure P, p(V)P,20 K 
is its probability density of observing a volume V at 20 K and pressure 
P, and kB is the Boltzmann constant. The temperature-dependent 
Gibbs free energy is estimated from a thermodynamic integration 
over temperature. The phase diagram for the polymorphs is calculated 
by identifying the phase with the lowest Gibbs free energy at each P, T.

The solid to disordered phase boundary at each pressure is calculated 
by monitoring migration of phase boundaries in direct coexistence 
simulations34. The initial configurations for these simulations are gen-
erated carefully in three steps: (1) we thermalize a 2 × 1 × 1 simulation 
cell of a polymorph at P, T; (2) we fix the oxygen atoms of one half of 
the cell and melt the other half, and subsequently cool the full system 
to T in the (constrained) NVT ensemble; (3) relax the density of the full 
system in the NPxT ensemble.

To estimate the boundary of the continuous phase transition between 
the hexatic-like and the liquid phase, we use a criterion based on six-fold 
orientational symmetry. Using these approaches in combination with 
MLPs, we take into account finite temperature thermodynamics at 
first-principles accuracy. We also check the importance quantum 
nuclear effects by performing a path-integral molecular dynamics 
simulation. In all cases we calculate uncertainties due to statistical 
and systematic errors.

Computational details
All MLP simulations are performed using the i-PI35 code with the 
n2p2-LAMMPS36 library to calculate the MLP energies and forces, and an 
ASE37 driver for the uniform confining potential. Simulation supercells 
containing 144 molecules are used for all phases after carefully exam-
ining finite size effects. Electrical conductivities are estimated using 
Green–Kubo theory on the basis of atomistic velocities and fixed atom-
istic oxidation numbers38. The revPBE0-D3 calculations are performed 
using CP2K39 with computational settings from an earlier publication40.

The first-principles molecular dynamics simulations are carried out 
with the CP2K package using the revPBE-D3 and revPBE0-D3 function-
als. The model consists of two layers of graphene and an embedded 
layer of 2D ice. The superionic and the hexatic structures were stretched 
slightly (<10%) to fit the lattice of graphene supercells. The supercell, 
including the vacuum slab, is 12.3 × 8.52144 × 20.0 Å. In each graphene 
layer, eight evenly distributed atoms were not allowed to move along 
the perpendicular direction during the AIMD simulations to avoid 
buckling. The hexatic and superionic phase were simulated at 400 K 
and 600 K in the NVT ensemble, for 50 ps at revPBE-D3 level and for 
10 ps at revPBE0-D3 level. Both sets of simulations exhibited the same 
qualitative behaviour.

The QMC calculations are performed using the CASINO package41 
using Dirac–Fock pseudopotentials with the locality approximations42, 
while taking into accounts errors due to finite time step and systems 
sizes15.

More technical details of all the simulations/calculations are pro-
vided in their corresponding input files in the Source data.
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Data availability
The initial structures required to reproduce the key findings of this 
work are available at GitHub (https://github.com/venkatkapil24/
data-monolayer-confined-water-phase-diagram/).

Code availability
The scripts and codes to reproduce the key findings of this work are avail-
able at GitHub (https://github.com/venkatkapil24/data-monolayer- 
confined-water-phase-diagram/).
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Extended Data Fig. 1 | Active learning workflow of the machine learning 
potential across the full phase diagram. (a) As depicted in the schematic, the 
main idea behind the machine learning potential is the combination of multiple 
neural network potentials (NNPs) in a “committee model”33, where the 
committee members are separately trained by random subsampling of the 
training set. Here we use a committee of 8 neural network potentials. The 
committee average provides more accurate predictions than the individual 
NNPs, and the committee disagreement, the standard deviation across the 
committee, is an estimate of the error of the model. To construct a training set 
of such a model in an automated and data-driven way, new configurations with 
the highest disagreement can be added to the training set. This approach is 
known as “query by committee” (QbC). (b) As shown in the schematic, the 
development of MLPs for various phase points is performed across different 
“generations", such that in each generation new thermodynamic state points 
are targeted to yield an MLP which is used to sample new candidate structures 
for the next generation. We used the bulk water potential from ref. 33, trained on 
814 configurations of liquid water, different ice phases, and the water-vacuum 

interface, all including nuclear quantum effects. In the next generation we 
added 521 new structures of classical and path integral NPT simulations of 
monolayer, bilayer water, bulk water and hexagonal ice (100–400 K and 
0–1 GPa), ice VII and ice VIII (100–400 K and 0.8–10 GPa), and two sets of 
monolayer and bilayer ice structures from ref. 18. In the final generation we 
added 207 structures from classical and path integral NPT temperature and 
pressure ramps of monolayer water (100–400 K and 0–5 GPa). We obtain an 
energy and force root mean square error (RMSE) for the training set of 2.4 meV 
per H2O (or 0.2 kJ mol−1) and 75.4 meV Å−1, respectively. (c) Force (top) and 
energy (bottom) root mean square error (RMSE) of an independent validation 
set covering the explored phase diagram of mono-layer confined water. The 
largest force RMSE for this validation set is with 100 meV Å−1, suggesting that 
the model remains accurate and robust across a wide range of temperature and 
pressure. The new model also keeps its excellent performance for the original 
condensed phase conditions, as noted by a predicted density of 0.93 kg l−1 and a 
melting temperature of 270 ± 5 K at ambient pressure, in excellent agreement 
with the reference functional31.
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Extended Data Fig. 2 | Monolayer ice phases. (a) Top and side view of the 
monolayer hexagonal phase.(b) Top and side view of the monolayer pentagonal 
phase. (c) Top and side view of the monolayer flat-rhombic phase. (d) Top and 

side view of the monolayer square phase. Lattice constants are labelled along 
cell vectors. Insets show histograms of O–H distances and H–O–H angles for 
the optimized structures following the approach from ref. 18.



Extended Data Fig. 3 | Zero temperature (classical) phase diagram at 
quantum Monte Carlo level. The pressure dependence of the lattice 
enthalpies of the pentagonal (red) and square (pink) phases relative to the 
flat-rhombic (green) phase calculated at QMC level. Error bars indicate 
stochastic QMC error.
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Extended Data Fig. 4 | Sensitivity analysis of coexistence lines with respect 
to finite size and quantum nuclear effects. (a) The temperature dependence 
of the potential energy for simulations initialized with monolayer hexagonal, 
pentagonal and flat-rhombic ice phases simulations at 0 pressure, 0.5 GPa and 
1.0 GPa respectively. The number of water molecules in the simulation cell are 
indicated in the legend, with larger (smaller) marker sizes corresponding to 
larger (smaller) system sizes. The potential energy of the curves have been 
translated vertically to make it easier to discern the temperature of melting 
(indicated by a vertical dashed line) for different systems sizes. Shaded regions 
indicate statistical uncertainty. (b) The temperature dependence of the 

potential energy for simulations initialized with monolayer hexagonal, 
pentagonal and flat-rhombic ice phases at 0 pressure, 0.5 GPa and 1.0 GPa 
respectively, with nuclear quantum effects. Shaded regions indicate statistical 
uncertainty and the melting temperature is indicated by a vertical dashed line. 
(c) The structure factor of monolayer confined water in the hexatic phase 
(400 K) and at the transition between the hexatic and the liquid phase (500 K), 
without nuclear quantum effects. (d) The structure factor of monolayer 
confined water in the hexatic phase (400 K) and at the transition between the 
hexatic and the liquid phase (500 K), with nuclear quantum effects.



Extended Data Fig. 5 | Rotational dynamics of monolayer hexatic water.  
(a) 1st order orientational autocorrelation function of the hexatic phase at 
1 GPa from 340 to 400 K calculated as C1(t) = 〈P1[v(0) ⋅ v(t)]〉 > where, v(t) is the 
orientation of the O–H bond at time t, and P1 is the Legendre polynomial of 
degree one. (b) Temperature dependence of the 1st order orientational 
relaxation time, computed as the time integral of C1(t), for the O–H molecular 
axis of the hexatic phase at 1 GPa. The relaxation time at 340 K is around seven 
times smaller than that of room temperature liquid water, indicating facile 

rotation of water molecules in the hexatic-like phase. (c) The vibrational 
density of states across the flat-rhombic (up to 320 K) to the hexatic-like phase 
transition (beyond 340 K) as calculated by the Fourier transform of the velocity 
autocorrelation function. The flat-rhombic phase is characterized by two 
distinct vibrational bands for hydrogen bonded and dangling O–H bonds, and 
clear features for the librational modes. On the other hand, the rotations in the 
hexatic-like phase merge the two stretching bands into a doublet, and smear 
out the fine structure of the librational band.
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Extended Data Table 1 | Relative lattice energies of variable-cell optimized monolayer ice structures

Relative lattice enthalpies of different polymorphs of monolayer confined water calculated using revPBE0-D3, the corresponding MLP developed in this work, and quantum Monte Carlo (QMC) 
– the reference level of theory used to select the DFT functional. QMC values have been taken from ref. 21 for all structures, except for the newly found flat-rhombic phase which was computed 
as part of this study using exactly the same computational settings as in ref. 21. The dashed entries (-) suggest that the structure is not stable at the indicated pressure.



Extended Data Table 2 | Sensitivity analysis of coexistence lines with respect to the parameters of the confinement potential

Change in the transition pressure between the hexagonal (H), pentagonal (P) and the flat-rhombic (R) phases, arising from changing the parameters of the Morse potential used in this work 
to those of Morse potentials fitted to the QMC interaction energies of a (i) 0-leg, (ii) 1-leg, and (iii) 2-leg water molecule, taken from ref. 43. The confining potential used in this work is a Morse 
potential fitted to interaction energies of all the three types of water configurations. The changes in the transition pressures were calculated using thermodynamic perturbation theory. We note 
that these changes within statistical errors of the coexistence lines of the predicted phase diagram and suggest that a confinement that explicitly incorporate C–H interactions should lead to 
the same qualitative phase diagram.
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Extended Data Table 3 | Sensitivity analysis of coexistence lines with respect to the confinement width

Change in the transition pressure between the hexagonal (H), pentagonal (P) and the flat-rhombic (R) phases at given temperatures due to small change in the confinement width calculated 
using thermodynamic perturbation theory. These suggest that the predicted phase diagram is robust with respect to small changes in the confinement width.
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