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Abstract: The electrified graphene-water interface is a vital component in many 
energy storage applications. However, understanding the interfacial properties is 
challenging due to the requirement of a high-quality atomic interfacial model.  
Recently, the hybrid solvation model, including the computationally affordable 
implicit solvation model and a thin layer of explicit water solvent slab next to the 
solid, has become a promising approach to address this issue. The identification of 
the rational explicit water slab thickness holds the key to the computational results 
by using this hybrid solvation model. In this study, we present a framework 
combining ab initio molecular dynamics (AIMD) and supervised machine learning 
(ML) to address this challenge. Based on the database from the AIMD simulations, 
the relationship between the total energy of the system and the distance from the 
oxygen in water molecules to the graphene was successfully identified through 
supervised ML. Our results further demonstrate that the first few layers of water 
next to the graphene play the decisive role in the change of the total energy. The 
cutoff thickness of 7 Å can reproduce the majority of the impact of the solvent on 
the total energy change of the water-graphene system. The success of this ML-
assisted platform suggests it can also be used as a protocol to build the hybrid 
solvation model for understanding other electrified solid-liquid interfaces 

 Keywords: supervised machine learning; solid-liquid interface; graphene; AIMD; 
hybrid solvation model 

1. Introduction 

Graphene’s remarkable properties, including exceptional electrical conductivity, large theoretical surface area, 
and superior mechanical strength, position it as a foundational material for next-generation technologies [1–12]. 
These attributes make it invaluable in energy storage, sensors, and electronics, with promise in supercapacitors. In 
electric double-layer capacitors (EDLCs), graphene’s high conductivity, uniform pore distribution, and extensive 
surface exposure provide compact, efficient, and eco-friendly energy storage solutions with high power density and 
rapid charge/discharge rates [13–17]. The fundamental mechanism occurs at the electrified interface between 
graphene and the water solvent, where charge storage takes place [18]. Consequently, the graphene–water interface 
is of central importance, as it governs interfacial energetics, charge storage, and transfer. Accurate understanding of 
this interface is therefore essential for the rational design and optimisation of graphene-based electrochemical 
technologies, including supercapacitors and batteries. 

Research on the graphene–water interface has progressed in three main directions. First, the explicit water 
solvation model is used to describe the interaction between the water molecules and graphene. Due to the dynamic 
nature of the water solvent under the mild working conditions, molecular dynamics (MD) has been used to offer 
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atomistic insights. The accurate ab initio MD (AIMD) has been used [17]. While it has been demonstrated to 
investigate the electrified interface, the AIMD computational cost is high [19]. The recent machine learning (ML) 
interatomic potentials have then replaced density functional theory (DFT) for MD simulations, greatly lowering 
computational cost while maintaining near first-principles accuracy [20]. However, such studies need the constant-
potential MD on the electrified system, which are rarely reported. The second approach is to use the implicit solvation 
model. Implicit solvation model is a promising alternative by treating the solvent as a continuous, polarizable medium 
with a constant dielectric constant for efficiently simulating chemical and biological processes [21,22]. However, the 
recent studies demonstrate that the lack of explicit water molecules may lead to inaccurate interfacial properties [23]. 
To this end, hybrid approaches that combine both implicit and explicit solvation methods have become promising in 
addressing the shortcomings of these two solvation models [24]. The grand canonical DFT (GC-DFT) framework 
was introduced for this hybrid model, in which a single explicit water layer was retained to capture hydrogen bonding 
and interfacial orientation, while the surrounding solvent was treated implicitly, yielding improved predictions of 
interfacial properties such as the potential of zero charge [25]. Building on this foundation, Hinsch et al. applied the 
method to the Pt(111)/water interface, showing that an explicit bilayer with an implicit bulk reconciles calculated and 
experimental values of the potential of zero charge and double-layer capacitance [24]. More recently, Hinsch et al. 
extended this hybrid solvation model to Group 10 and 11 metals, confirming its accuracy and generality across 
different surfaces [26]. These studies highlight that the reduced number of waters plays a disproportionately important 
role at electrified interfaces, motivating the extension of hybrid solvation models to other systems such as graphene. 
However, a systematic means of quantifying which water layers must be retained explicitly remains lacking. 

In this study, the supervised ML is employed to provide that guidance by quantifying the energetic role of 
water layers at the graphene-water interface. By using the AIMD results as a database, the supervised ML reveals 
the relationship between the total energy change of the system and the height of oxygen atoms of water in terms 
of the graphene monolayer. Our results highlight the dominant role of water next to the graphene in determining 
interfacial energetics, and the diminishing influence of subsequent layers that contribute only marginally. 

2. AIMD Method 

The Vienna Ab initio Simulation Package (VASP) was used for the AIMD simulation [27,28]. VASPkit was 
used to generate input files and data analysis [29]. The projected augmented wave (PAW) method was used to 
describe the valence wave function [30]. The valence configurations of C, H, and O atoms are 2s2 2p2, 1s2, and 2s2 
2p4, respectively. The kinetic cut-off of 520 eV was used. Structural optimisation was performed until all 
Hellmann–Feynman forces were below 1 × 10−2 eV Å−1, with electronic self-consistency achieved when the total 
energy change between successive iterations was less than 1 × 10−4 eV. Gamma-centred k-point meshes were 
generated with a reciprocal space resolution of 2π × 0.04 Å−1. The optPBE non-localised van der Waals (vdW) 
functional was used for dispersion corrections [31]. 

Graphene, a two-dimensional material composed of carbon atoms in a honeycomb lattice, was chosen for 
this study due to its simple yet stable sp2-hybridised structure [15,32,33]. The strong sp2 C–C bonds contribute to 
its stability compared to sp3-hybridised materials [34]. To simulate explicit solvation molecules, ab initio 
molecular dynamics (AIMD) was used, utilising a (2√3 × 2√3) R30° graphene supercell containing 24 carbon 
atoms with an area of 8.54 Å2 and a depth of 30.0 Å. Water molecules were inserted into the vacant volume using 
Winmostar [35], with the number determined from the relation 

𝑁𝑁 =
𝑉𝑉 ∙ 𝜌𝜌 ∙ 𝑁𝑁𝐴𝐴

𝑀𝑀
  

where V is the simulation cell volume in cm3, ρ is the water density (1 g·cm−3), NA is Avogadro’s number, and M 
is the molar mass of water (18 g·mol−1). This yielded 63 water molecules, corresponding to the experimental 
density of 1 g·mL−1. With a timestep of 1 fs and a timescale of 1.4 ps, the AIMD computations were conducted at 
350 K to simulate liquid-like behaviour, measured with Nosé-Hoover thermostat [36–39]. Additional calculations 
up to the timescale of 19.5 ps were performed to justify the AIMD simulation timescale used in this study. 

3. Supervised ML Method 

The supervised ML model was implemented using PyTorch and trained using the Adam optimiser [40,41]. 
Input features were constructed from the atomic trajectory from the AIMD simulations, where per-frame atomic 
positions of oxygen relative to graphene were extracted. For each oxygen atom, the distances to all carbon atoms 
were calculated, and the absolute displacement from the median graphene plane (Δz) was also computed. These 
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two input features were used as inputs to a feed-forward neural network. A Δz cutoff of 5.0, 6.0, 7.0, or 8.0 Å was 
applied, excluding water further from the graphene plane to focus the model on interfacial interactions. 

The model consisted of a fully connected network with two hidden layers of 64 neurons each, using the SiLU 
activation function. The network produced per-oxygen contributions, which were summed to predict the total 
frame energy. Training labels were obtained from total energies of the AIMD simulations. Hereafter, ‘total energy’ 
denotes E0. A mean-squared error (MSE) loss function was used, with an optional stabilisation penalty term 
weighted by Δz. 

Out of 1400 frames, the first 200 were trimmed to remove since their energy are not converged. After the 
structure reaches the optimised configuration, as evidenced by the stabilised total energy, the remaining 1200 
frames were randomly split into training (80%) and validation (20%) with a fixed seed for reproducibility. During 
training, checkpoints were saved on validation-loss improvement. 

4. Results and Discussion 

Figure 1a shows the initial configuration generated by using Winmostar with the water density of 1 g cm−3. 
It can be found that some water molecules are far from the graphene, which indicates that this atomic structure is 
unstable. The unstable interface configuration can be stabilized through the AIMD simulation. One snapshot of 
the stabilized graphene-water interface structure is shown in Figure 1b. The stability was evaluated based on the 
energy fluctuation over the AIMD simulation time. From Figure 1c, it can be found that the initial energy is about 
100 eV higher than the stabilized energy after a 200-fs timeframe. It supports the instability of this initial structure. 
After the 200 fs, the energy fluctuation becomes small. Consequently, we use the total energies from 200 to 1400 
fs time frames and the corresponding atomic coordinates for the supervised ML. Figure 1d indicates the different 
water densities in relation to the graphene using the C–O radial distribution function (RDF). The first layer forms 
between 3.0 to 5.0 Å, and the second layer between 6.0 to 8.0 Å. Hence, we use 5.0, 6.0, 7.0, and 8.0 Å to represent 
the full interfacial layer to the inclusion of the second layer. Additionally, the changes of the total energies are 
small after 1.4 ps (see Figure 1c); and the C–O RDF images are almost identical for the MD simulations with 1.4 
and 19.5 ps timescales (see Figure 1d). It demonstrates that the 1.4 ps timescale is long enough for this study, 
which can be largely attributed to the weak water-graphene interaction strength [17]. 

 

Figure 1. (a) Initial atomic graphene-water interface structure for the AIMD simulation, (b) one snapshot of atomic 
graphene-water interface structure when the total energy is stabilised during the AIMD simulation, (c) plot of total 
energy fluctuation of the graphene-water interfaces over time and (d) radial distribution function (RDF) plot for 
AIMD with the timescales of 1.4 ps (black) and 19.5 ps (red). Colour code: brown-C, red-O, and pink-H. 
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Theoretically, the total energy of a system is determined by all the interatomic forces, which are often 
described by the force field parameters in classical MD simulations. However, previous studies reveal that the 
graphene monolayer is hydrophobic [17]. As a result, the interaction between graphene and water is mainly by the 
van der Waals (vdW) force, which is largely determined by the distance between the water molecules and the 
graphene. On the other hand, the water-water interaction is determined by the intermolecular hydrogen bonds, 
which would not be affected by the vdW interaction between water and graphene at the interface [17]. In this 
context, the total energy change of the graphene-water interface may be mainly determined by the distance between 
water molecules and the graphene monolayer. More specifically, the vertical distance between the oxygen atoms 
in water molecules and the graphene monolayer (Δz) can be strongly relevant to the total energy of the interface. 
To this end, the ML is used to identify the relationship between the distance and the total energy of the graphene-
water interface. 

After removing the unstable states of the AIMD data in the first 200 timeframe steps, the kernel density 
estimates (KDE) were first generated through the supervised ML, as shown in the left panels of Figure 2. A KDE 
is a non-parametric way to estimate the probability density function of a random variable. It visualizes the 
distribution of data points, with higher density areas appearing darker or more concentrated. Our KDE plots show 
the relationship between the distribution of the total energy in per-water contributions at the specific Δz. The 
distribution of the total energy (𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡) is calculated based on the sum of per-water contribution energy over the 
simulation time, as shown below: 

𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡 =  �𝐸𝐸𝑖𝑖𝑖𝑖(𝑑𝑑,∆𝑧𝑧)
𝑖𝑖,𝑗𝑗

  

where i is the timestep and the Ei is the energy distribution at that specific timestep, and j is the specific oxygen-
carbon relation for distance (d) and Δz. 

 

Figure 2. Left: Kernel density estimates showing the relation between energy (eV) and Δz (Å) for oxygen atoms 
of water molecules under (a) unweighted and (b) weighted training. Right: predicted versus true total energies for 
the corresponding models. 

Two training strategies were adopted. In the unweighted approach, the model was trained solely by 
minimising the MSE between the predicted and reference total energies (𝐸𝐸0): 

𝐿𝐿𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢ℎ𝑡𝑡𝑡𝑡𝑡𝑡 = 𝑀𝑀𝑀𝑀𝑀𝑀(𝐸𝐸𝑑𝑑 ,𝐸𝐸0)  
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To further emphasise the energetic role of water slabs closer to the graphene, a weighted approach was 
applied. Here, a quadratic penalty on the Δz and predicted per-oxygen energy was added to the loss, discouraging 
large contributions from distant solvents. 

𝐿𝐿𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤ℎ𝑡𝑡𝑡𝑡𝑡𝑡 = 𝑀𝑀𝑀𝑀𝑀𝑀(𝐸𝐸𝑑𝑑 ,𝐸𝐸0) +
𝜆𝜆
𝑁𝑁
�(𝐸𝐸𝑖𝑖 × Δ𝑧𝑧)2
𝑁𝑁

𝑖𝑖=1

  

where λ is the weighting factor (1 × 10−3) and N is the number of water molecules 
The top left plot (a) shows the KDE for unweighted training, where each data point representing a specific 

state of the graphene-water system is treated with equal importance. The data forms a tight, narrow distribution. 
This suggests that the model, trained on all states equally, identifies a relatively consistent relationship, in which 
the energy distribution becomes less negative as Δz increases. This indicates that the interaction between water 
and graphene weakens. This KDE based on the unweighted training model suggests a strong probability peak at 
approximately −15 eV, corresponding to a Δz of about 10 Å. 

The bottom left plot (b) shows the KDE for weighted training. This weighted training method assigns greater 
importance to the data points with smaller Δz. In this case, the weighted training results in a much broader and 
more diffuse KDE distribution. The energy distribution spans a wider range, particularly at smaller Δz values, 
where the plot shows a much steeper and more dramatic change in energy contribution. This suggests that 
weighting the training data reveals a more complex and varied energy landscape, capturing more extreme or 
nuanced interactions that were less apparent in the unweighted model. The stark difference between the two plots 
highlights how the training method significantly influences what the ML model learns about the underlying physics 
of the graphene-water interface. Without weighting, the interfacial water layer exhibited the greatest variability, 
with oxygen atoms contributing either strongly or weakly to the total energy. By contrast, the second and bulk 
layers produced smoother distributions, with the bulk showing a consistently higher contribution than the second 
layer. It suggests that the bulk is more stable than the water slabs with a Δz less than 8 Å. When weighting was 
applied so that the first layer contributed most and the furthest the least, the KDE curve stabilised while shifting 
to favour the first hydration layer. However, both results demonstrate a clear distance-dependent trend that the 
water molecules closer to the graphene provide the dominant energetic contribution to the interface systems. 

Based on the KDE results, the total energies of the systems were recalculated only based on the Δz values of all 
oxygen atoms in water molecules, which are shown in the right panels of Figure 2. Although the unweighted and 
weighted approaches produced different KDE plots, both reproduced the total energies with high accuracy, achieving 
a minimum R2 of 0.96. This confirmed a consistent relationship between energy and distance across the system. 

Next, to identify the minimum explicit water slab thickness needed for building hybrid solvation models, we 
used supervised ML to retrain the model by only including Δz values of 5.0, 6.0, 7.0, or 8.0 Å of the oxygen atoms 
in water modules. Figure 3 shows the corresponding KDE plots using the unweighted training method. Its 
predictive accuracy was evaluated by comparing the predicted energy against the true energy, quantified by the 
coefficient of determination (R2). Initially, a Δz cutoff of 5.0 Å yielded an R2 of 0.86, indicating a modest 
correlation. Increasing the cutoff to 6.0 Å resulted in a substantial performance improvement, with the R2 value 
rising to 0.96. This significant jump suggests that including water molecules up to this distance is critical for the 
model to accurately capture the key energetic interactions. Further increasing the cutoff to 7.0 Å and 8.0 Å led to 
only marginal changes in the R2 values (0.95 and 0.96, respectively). This finding indicates that the predictive 
power of the ML based on the unweighted training model plateaus beyond a Δz cutoff of approximately 6.0 Å. 
The diminishing returns in predictive accuracy suggest that the energetic contributions from water molecules 
further away from the graphene surface are either minimal or are adequately represented by the model trained on 
a 6.0 Å slab. Therefore, a Δz of 6.0 Å represents an optimal balance between computational efficiency and 
predictive fidelity for this system. 

In contrast, the weighted training method (see Figure 4) assigns greater importance to certain data points, 
which are likely those that represent energetically distinct or critical configurations. Table 1 lists the different R2 
values for two training methods with different cutoff Δz values. The unweighted model shows a dramatic jump in 
accuracy from a Δz of 5.0 Å to 6.0 Å, indicating a clear threshold, where including the water with smaller Δz 
values than 6.0 Å becomes critical for accurate prediction. The weighted model, however, shows a more gradual 
increase in accuracy as the water slab thickness increases. While the unweighted model achieves a higher R2 at the 
6.0 Å cutoff, the weighted model consistently improves as more data is included, reaching a final R2 of 0.955 at 
8.0 Å, which is comparable to the unweighted model. 
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Figure 3. The left panels show kernel density estimates for the relation between energy distribution (eV) and Δz 
(Å) for oxygen atoms under unweighed training with Δz cutoffs of 5.0, 6.0, 7.0, and 8.0 Å. The right panels show 
predicted versus true total frame energies for the corresponding models. 

Table 1. Comparison of the R2 values for the unweighted and weighted training methods. 

Δz (Å) R2 (Unweighted Training) R2 (Weighted Training) 
5.0 0.918 0.879 
6.0 0.960 0.910 
7.0 0.958 0.948 
8.0 0.962 0.955 
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Figure 4. Kernel density estimates showing the relation between energy contribution (eV) and Δz (Å) for oxygen 
atoms under weighted training with Δz cutoffs of 5.0, 6.0, 7.0, and 8.0 Å. The right panels show predicted versus 
true total frame energies for the corresponding models. 

This suggests a fundamental difference in how the two models learn. The unweighted model identifies a 
critical water slab thickness, where the key interactions are fully captured, leading to a rapid convergence in 
accuracy. The weighted model, on the other hand, learns from a more diverse set of data and continues to refine 
its predictions as more information is added, eventually catching up to and potentially surpassing the unweighted 
model’s performance at larger thicknesses. The weighted training method thus provides a more robust and less 
sensitive approach to determining the required explicit water thickness, as its performance improves more 
predictably with the inclusion of additional data. 

Figure 5 provides a visual representation of the atomic structures for the graphene-water interface at different 
cutoff Δz values. Each panel illustrates the system with increasing water slab thickness, corresponding to the 5 Å, 
6 Å, 7 Å, and 8 Å cutoffs used in the ML models. It is clearly shown that as the cutoff distance increases, additional 
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layers of water molecules are included in the simulation box. The 5 Å cutoff includes only the first layer of water 
directly interacting with the graphene. The 7 Å cutoff includes a second layer of water. At 8 Å, the system contains 
multiple, more complex layers, including those that begin to resemble the bulk-like behaviour of liquid water away 
from the interface. 

 

Figure 5. Snapshot of final configuration of graphene-water interface at varying cutoff distances, showing 5 Å with 
interfacial layer, 6 Å showing partial second layer, 7 Å with both first and second layer, and 8 Å with partial bulk layer. 

Combining this structural information with the ML model performance from the other figures yields 
significant insights. The unweighted training model demonstrates a substantial increase in predictive accuracy (R2 
increases from 0.861 to 0.960) when the cutoff is increased from 5 Å to 6 Å. This can be directly attributed to the 
inclusion of the second water layer, as shown in Figure 5. This layer is crucial for establishing the hydrogen bond 
network and more accurately representing the total energy of the system. The failure to perform well at 5 Å is 
because it lacks information about these critical intermolecular hydrogen bonds [17]. 

The weighted training model also supports the importance of including the second layer of water to accurately 
describe the graphene-water interface. However, it shows a more gradual improvement in accuracy. This suggests 
that the weighted model is better at learning the complex interactions within a single layer and is less dependent 
on the full structural context provided by the additional layers. Ultimately, Figure 5 provides the physical context 
that explains the observed trends in model performance, demonstrating that a minimum explicit water thickness 
of 7 Å, corresponding to the inclusion of the first two water layers next to the graphene, is essential for accurate 
energetic modelling of the graphene-water interface. 

5. Conclusions 

In this study, we employed DFT-based AIMD simulations to build a database including the change of the 
total energy of the graphene-water interface and the Δz values of oxygen atoms in water molecules. By using the 
database from the AIMD simulations, the supervised ML was served as a tool to decompose these energies and 
quantify the role of different water layers. Regardless of the weighting scheme or cutoff distance, the first hydration 
layer consistently dominated the interfacial energetics, whereas the bulk layers were marginal. These findings 
demonstrate that explicit treatment of the first and second layer with the Δz value of 7 Å, coupled with implicit 
treatment of the remaining solvent, provides a computationally efficient yet physically accurate framework for 
modelling graphene–water interfaces. This study, therefore, establishes that the essential physics of the graphene–
water interface are captured. It can also provide the foundation for building a hybrid solvation model for 
understanding other electrified solid-liquid interface properties. 
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