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Abstract: Structure and properties of the electrode/
electrolyte interface significantly influence the electro-
chemical processes of energy storage and conversion,
yet the challenge lies in accurate description of both
molecular characteristics and external field effects.
Here, we develop a mesoscopic thermodynamic model
that calculates the thermodynamic properties of electro-
lytes based on chemical potential, and its efficiency is
enhanced by a deep neural network. The deep neural
network  enhanced  mesoscopic  thermodynamic
(DeepMT) model effectively bridges the gap between
micro-level characteristics of ions and macro-level
effects of external field, enabling precise presentation of
ion density distributions over complex conditions. Our
result indicates that the DeepMT model not only
demonstrates a computational efficiency improvement
of approximately four orders of magnitude over direct
theoretical calculations, but also accurately predicts
interface properties including ion adsorption, surface
charge, and differential capacitance through the statis-
tical analysis of density distributions. )

1. Introduction

Charged interfaces are prevalent in both natural systems!!!
and human industrial.”! The distribution of electrolyte and
solvent near charged interfaces is highly heterogeneous.”!
Counter ions tend to accumulate at the interface, while co-
ions are repelled away.[!! This distinctive interface structure
is known as the electric double layer (EDL),” was first
discovered and proposed by Helmholtz in 1853, and was
later improved and perfected by Gouy,”) Chapman,?®
Stern,) Graham!"! and others. Due to the significant
inhomogeneity of electrolyte distribution, the EDL shows
unique properties which are markedly different from those
of a homogeneous electrolyte.""! The investigation and
regulation of structure and properties of the EDL have
become hot points of multiple research fields, including
batteries,*! supercapacitors,’? electrocatalysis,”! and elec-
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trochemical sensors." At an electrode/electrolyte interface,
the structure of EDL, particularly ion distribution, directly
influences the characteristics and efficiency of electrochem-
ical processes.™ The rapid and accurate description of ion
distribution is essential for advancing EDL research and
enhancing the performance of related technological
applications.®! However, it remains a challenge in establish-
ing an effective integration of complex ion interactions at a
microscopic scale and multiple external effects including
electric, thermal, and flow fields at a macroscopic scale.
Numerous methods for studying the structure and
properties of EDL have been established and developed.
The mean-field method,'”! represented by Poisson—Boltz-
mann (PB) theory, simplifies the many-body problem into a
single-body problem, facilitating the calculation and under-
standing of the system’s overall behavior. However, its
accuracy is limited, making it difficult to handle complex
and extreme systems. Molecular dynamics (MD) simulations
reveal the detailed dynamic behavior of a system by tracking
the motion of atoms and molecules. They can accurately
capture interactions and dynamic processes at the atomic
level,™ but their computational complexity is high and they
are limited in time and length scales."” Grand canonical
Monte Carlo (MC) simulation™ calculates the equilibrium
properties of a system at fixed temperature and chemical
potential through random sampling. It has the advantage of
handling large-scale systems, but it is computationally
inefficient and requires an enormous number of samples to
ensure accuracy. Classical density functional theory
(CDFT)®! is a statistical mechanics method that relates the
free energy of a system to the density of individual particles,
accounting for inter-particle interactions by calculating the
excess free energy, which strikes a balance between
computational accuracy and efficiency. Compared to MD
and MC simulations, CDFT can yield consistent results®?
with much lower computational cost. As a classical meso-
scopic thermodynamic model suitable for inhomogeneous
particle systems, CDFT has become a crucial tool for
describing the structure of the EDL and the interface
behavior.® At present, a significant bottleneck in the
development of CDFT is the low applicability to complex
electrochemical interfaces, and the small research commun-
ity. Here, we propose a mesoscopic thermodynamic model
based on the CDFT, which utilizes the system potential to
balance the microscopic description of electrolyte properties
and the macroscopic representation of external field effects
(Figure 1B). In the mesoscopic thermodynamic model, a
thermodynamic potential at local position r is defined:
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Figure 1. Flowchart of combining the mesoscopic thermodynamic model with the DeepONet framework. (A) For the targeted electrode/electrolyte
interface, the electrolyte is in contact with an electrode at a potential of ¢, where the anions and cations are modeled as hard spheres with a certain
diameter and identical valence. (B) The thermodynamic potential y is the core of the mesoscopic thermodynamic (MT) model, which is composed
of ideal chemical potential, excess chemical potential and external potential. (C) The DeepONet, including three branch networks and one trunk
network is used to construct the DeepMT framework. (D) Predicting interface properties such as adsorption capacity, capacitance (e.g. a bell shape
differential capacitance-potential curve), phase diagram, and screening effect based on the results of ion density distribution. The €, T, &, 0, and 1,
are the dielectric constant, temperature, decay length, ion diameter and Debye length, respectively.

plr) = g (e) 7 () + (), p () = () () + (),

where 4(r) represents the ideal chemical potential; #*(r)
represents the excess chemical potential, which is used to
describe the multiple interactions between particles; and
u(r)represents the external potential, which is used to
describe the effects of external field. The excess chemical
potential u4“(r) can be expressed as the sum of several
interactions:
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where u""(r), u“(r), and u“(r) represent the chemical
potentials of hard-sphere interactions, Coulomb interac-
tions, and electrostatic correlations, respectively. Once the
thermodynamic potential of the system is obtained, the
density distribution can be solved using the equation:

p(r) = po exp[—pu(r)].
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where p(r) and p, are local and bulk ion number densities,
respectively; and g '=kgT with kg being the Boltzmann
constant. The model provides a vivid presentation of the
relationship between microscopic, mesoscopic and macro-
scopic thermodynamics, as the detailed discussion provided
in Supporting Information (Figure S1). Since solving the
mesoscopic thermodynamic model primarily relies on de-
composing free energy into different excess terms, it
requires solving numerous functionals related to free energy
and density distribution. However, classical numerical
methods, such as Picard iteration,?” limit the solution
efficiency of the mesoscopic thermodynamic model.

During recent years, the advancement of artificial
intelligence technology has led to the widespread application
of machine learning, particularly deep learning methods, in
the fields of interface and fluid properties research.” The
application of deep learning to physical models is under-
pinned by the universal approximation theorem, which
posits that any function can theoretically be approximated
by a neural network.”™ The advent of deep learning has
catalyzed the revival and further advancement of the
mesoscopic thermodynamic model.

Several studies have explored the integration of CDFT
with deep learning methodologies.’”! The initial concept of
integrating CDFT with machine learning methods was
proposed by Lin et al.? They conducted machine learning
training based on datasets obtained from MC simulations.
This approach allowed them to approximate the excess free
energy functional (F™) of one-dimensional supercritical
Lennard-Jones (LJ) fluids and provided accurate predictions
of interfacial density distributions. Building on this work,
Cat et al.’™ employed similar combinatory methods to
extend the simulation system from one-dimensional LJ
fluids to three-dimensional LJ fluids. In contrast to the work
of Lin® and Cat,”” Sammiiller™ directly established the
relationship between the density distribution and the direct
correlation function of the monomer through machine
learning. The core idea behind these machine learning
methods is to first approximate the functional, such as excess
free energy and related functions, using machine learning
techniques, and then derive the system'’s density distribution.
However, most studies are concentrated on specific systems
and have not been generalized for universal comparison.
Recently, Lu et al.” developed a novel neural network
architecture, deep operator network (DeepONet), to rapidly
solve various ordinary and partial differential equations
through approximation. The authors have demonstrated the
high accuracy and efficiency of this network architecture.

In this work, we introduce the DeepONet framework
into the mesoscopic thermodynamic model to construct a
deep neural network enhanced mesoscopic thermodynamic
(DeepMT) model (Figure 1C). The used DeepONet frame-
work contains three branch networks (branchl, branch2,
and branch3) and a trunk network, each implemented as
fully connected neural networks (FNN). The trunk network
receives spatial coordinates x, while the electrode potential,
bulk concentration, ion diameter, and dielectric constant are
input into the three branch networks, respectively. The
output is the ion density distribution p(x) over various
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positions. Here, we use the DeepONet framework to train
the functional relationship between the system density
distribution and various parameters instead of solving partial
differential equations to obtain the operator. By replacing
the complex functional process with the DeepONet frame-
work, our model can directly compute the ion distribution at
the electrode/electrolyte interface and subsequently predict
other properties of the system, such as adsorption capacity,
differential capacitance, electrolyte phase diagram and inter-
face screening effect (Figure 1D). The results demonstrate
that the density distribution predicted by the DeepMT
model is consistent with the CDFT results, and computa-
tional efficiency is significantly improved.

2. Results and discussion

The system we simulated is a classical electrode/electrolyte
system, where the electrolyte with a concentration of ¢ is in
contact with a flat electrode with a potential of ¢. The
electrolyte is described by the restricted primitive model
(RPM). For our research system, we considered the case of
homogeneous ion concentration of 0-3 mol/L, electrode
potential range of —1 V' to +1 V, anion and cation diameters
of 0.5-1.0nm in the training data, which covers the
electrode/electrolyte properties in most cases from dilute to
concentrated solutions. Different dielectric constants were
set to simulate different electrolyte environments from
aqueous solution to ion liquids. When calculating the density
through the mesoscopic thermodynamic model, we sampled
the density value at every 0.01 nm position and obtained
about 5754710 sets of data for training (Figure S4). The
temperature is consistent at 273 K under all conditions. Both
anions and cations carry a unit charge, regardless of the van
der Waals force between ions. To train the DeepONet
framework, we use the Adamax optimizer with a learning
rate of 0.0001 and train 1000 iterations. The batch size is set
to 256, with ReLU utilized as the activation function and
Huber loss employed as the loss function. More parameter
descriptions and parameter settings can be found in
Supporting Information. The losses of the training data and
the test data during training process are shown in Figure 2A,
where the orange line represents the training error, and the
green line represents the test error. Based on the training
outcomes, both the error of training data and the error of
test data demonstrate substantial convergence. This indi-
cates that our network architecture exhibits robust con-
vergence properties and effective extrapolation capabilities.
The parity plot comparing the predicted results of the
DeepMT model with the calculated density distribution
from the CDFT are shown in Figure 2B. This graph is drawn
using the values of the density distribution in the test set.
The results indicate that the predicted data are predom-
inantly clustered around the diagonal line, demonstrating
that the neural network exhibits high accuracy.

During the CDFT calculations, we employed the Picard
iteration®”” method for iterative computations. To begin the
Picard iteration, an initial density distribution p, is provided.
This initial distribution is used to compute different excess
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Figure 2. Training status of the DeepMT model. (A) The train error and test error of the neural network, which were described by using smoothed
mean absolute error Huber loss. (B) Parity plot of the DeepMT predicted value against the CDFT calculation value. (C) Comparison of the time
consumption of DeepMT prediction and direct theoretical calculations of CDFT under different parameter combinations.

free energies of the solution system. Subsequently, excess
free energy is utilized to obtain an updated density
distribution p; The difference between p, and p; is then
evaluated to determine if it satisfies the convergence criteria.
If the criteria are met, the density value is output as the ion
distribution of the system. If not, the input density distribu-
tion is updated using an iteration parameter, and the process
is repeated until the convergence requirement is fulfilled. To
compare the time required for the DeepMT model in
predicting the ion distribution with the time taken by the
CDFT, we counted the computation time under multiple
parameter combinations and compared the time taken by
the most time-consuming and least time-consuming cases
among all the calculation cases, as shown in Figure 2C.
According to our statistical results, the computation time of
the CDFT is very sensitive to the parameters used in the
above calculations, and the computation time ranges from
approximately 600 seconds to 260,000 seconds. The predic-
tion of the interface ion distribution can be completed in
just 3 seconds using the DeepMT framework. Therefore, the
rate predicted by the DeepMT model is 2-4 orders of
magnitude higher than that obtained through direct theoret-
ical calculations. The rapid and accurate computation of the
mesoscopic thermodynamic model using neural networks is
of great significance for the study of interfacial double
layers. By significantly reducing computation time while
maintaining high accuracy, neural networks enable efficient
analysis and can be seamlessly integrated with other
processes such as thermal transfer, flow dynamics, and
surface reactions.

The density distribution results predicted by the
DeepMT model were initially compared with those calcu-
lated using the CDFT, as shown in Figure 3. We evaluate
the accuracy of ion density distribution predictions over
different bulk concentrations, electrode potentials, and ion
diameters. For the sake of convenience, here we use the
cation density value as an indicator to evaluate the
predictive ability of the DeepMT model. In comparison with
direct theoretical calculations of CDFT, the DeepMT
model's predictions align closely with the theoretical values
of the CDFT. At the electrode/electrolyte interface, in the
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absence of additional chemical effects, the thermodynamic
properties of the electrolyte system are primarily governed
by electrostatic effects and volume exclusion. The electro-
static repulsion and attraction between the ions near the
electrode surface causes ions to either aggregate or repel
each other, while volume exclusion prevents ions from
approaching each other too closely in space, resulting in
localized high and low concentration regions. This local
inhomogeneity can lead to an oscillatory distribution of ion
density.”! As shown in Figure 3A, increasing bulk concen-
trations enhances the effect of the electrostatic repulsion
and attraction between ions, leading to oscillatory distribu-
tions at high concentrations and monotonic decreases at low
concentrations. Similarly, Figure 3B indicates that at higher
electrode potentials, the density distribution also transitions
from monotonic to oscillatory, driven by strengthened
electrostatic interactions and ion aggregation near the
electrode surface, while Figure 3C highlights that larger ion
diameters exacerbate repulsive interactions, promoting peri-
odic aggregation. Some theories that describe interface
phenomena such as the Poisson-Boltzmann (PB) theory, fail
to effectively consider the influence of these complex factors
due to their reliance on the continuous medium assumption
and homogeneous electrolyte model. Consequently, the
obtained ion density distribution at the electrode-electrolyte
interface frequently exists a monotonic trend. In contrast,
the mesoscopic thermodynamic model can systematically
incorporate long-range and short-range ion interactions, as
well as volume exclusion effects, enabling it to describe the
oscillatory distribution of ions at the interface and potential
charge reversal phenomena. These findings are corroborated
by MC simulations and MD simulations.” Therefore, the
DeepMT model can accurately replicate the intricate
oscillatory characteristics of density values, demonstrating
its exceptional accuracy in predicting interface ion density
distribution.

The interfacial distribution of ion density is one of the
most basic properties of the electrode-electrolyte interface.
Once the ion distribution is obtained, some important
physical and chemical properties of the interface can be
further obtained. Adsorption is a crucial property for the
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Figure 3. Comparison of cation density distribution predicted by the DeepMT model and calculated by the CDFT at different (A) bulk concentrations
(0=0.7 nm, ¢ =-0.125 V), (B) electrode potentials (¢0=0.8 nm, c=1 M), and (C) ion diameters (¢ =-0.125V, c=1 M). The lines represent
calculation results of the CDFT, and the dots represent prediction results of the DeepMT model. The 6’0 is the reduced ion density.

design and optimization of electrochemical systems because
it determines the charge transfer and electric field distribu-
tion at the interface. Consistent with the presentation of
density distribution results, we now present the neural
network'’s predictions of interface ion adsorption from three
perspectives: bulk concentration, electrode potential, and
ion diameters. It is found that ion density distribution
gradually stabilizes at 5nm away from the electrode and
approaches the homogeneous ion concentration. Conse-
quently, we analyzed ion adsorption specifically within the
0-5 nm range from the electrode/electrolyte interface, focus-
ing exclusively on cation adsorption. As illustrated in
Figure 4 A—C, the results on the adsorption behaviors from
the DeepMT model and the direct theoretical calculations
exist a high degree of consistency under all conditions. This
demonstrates the high accuracy of the DeepMT model in
describing ion adsorption. Specifically, as bulk concentration
increases, the adsorption capacity exhibits a gradual upward
trend, with being nearly proportional to the bulk concen-
tration (Figure 4A). As the electrode potential increases
from —1 V to 0 V, the adsorption capacity of cations exists a
steep decreasing trend. When the potential becomes positive
and 0V to +1V, the adsorption curve displays a smooth
decreasing trend (Figure 4B). The difference is mainly
because when the electrode is negatively charged, a signifi-
cant number of cations are attracted to the electrode
surface, resulting in a high concentration of cations. As the
potential increases towards zero, the electrode’s ability to
attract cations is weakened, leading to a rapid decrease in
cation concentration. Conversely, when the electrode is
positively charged, cations are repelled, but the lower
concentration of cations and the attraction of accumulated
anions make the adsorption capacity of cations decrease
more slowly. The adsorption results in Figure 4C reveal that
as the ion diameter increases, it appears a gradual decrease
in the adsorption capacity. Concurrently, the slope of the
adsorption curve diminishes with increasing ion diameter.
This is because larger ion volumes lead to a greater repulsive
interaction between ions, resulting in a reduction of ion
density at the interface. Consequently, the adsorption
capacity of ions change inversely with ion diameter. The
downward trend of the curves also show a high degree of
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consistency between the DeepMT prediction and the CDFT
calculation.

The charge-voltage curve can show the charge—discharge
behavior of electrode-electrolyte interfaces at different
voltages. These curves are used to evaluate the capacity,
energy density and energy efficiency of electrochemical
devices (such as supercapacitors and batteries). Therefore,
we also show the results of the DeepMT model and the
direct theoretical calculations of CDFT for charge-voltage
curves, as shown in Figure 4D-F. Here, the charge-potential
curves over three diameters are presented. The neural
network predictions closely overlap with the theoretical
calculations. For each diameter, the surface charge increases
with absolute electrode potential and gradually approaches
saturation. It can be also observed that smaller ion
diameters leads to a large slope of the charge-potential
curve, corresponding to a strong response of surface charge
to the increase of electrode potential. This is because the
ions with smaller diameters have a weaker steric effect,
which accelerates the change of surface charge to the
electrode potential.

According to the charge-potential diagram, we can
obtain the differential capacitance of the system by calculat-
ing the slope of the curves. As shown in Figure 4G-I, it
illustrates how the differential capacitance varies with the
electrode potential for three distinct ion diameters. These
plots provide critical insights into electrochemical behavior
at the electrode-electrolyte interface. At small ion diameters
(Figure 4G), the differential capacitance shows a clear peak
at zero potential. As absolute potential increases, the differ-
ential capacitance gradually decreases, which is symmetri-
cally distributed on both sides of the zero potential point.
This is mainly because differential capacitance reflects the
sensitivity of charge at electrode/electrolyte interface to the
change in potential. When the electrode potential is 0, the
distribution of anions and cations is relatively uniform.
While as the electrode potential gradually increases, the
electrode surface attracts more oppositely charged ions. The
ionic layer becomes more compact, so the differential
capacitance gradually decreases. As the ion diameter
increases progressively (Figure 4H, I), the peak of the
differential capacitance at zero potential decreases, and the
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Figure 4. Comparison of interfacial properties predicted by the DeepMT model and calculated using the CDFT. (A) Adsorption capacity as a
function of bulk concentration when the electrode potential is —0.125 V and ion diameters are 0.7 nm. (B) Effect of electrode potential on
adsorption capacity when bulk concentration is 1 mol/L and ion diameters are 0.8 nm. (C) Adsorption capacity at different ion diameters when
bulk concentration is 1 mol/L and electrode potential is —0.125 V. (D—F) Charge-voltage curves with ion diameters of 0.6, 0.7, and 0.8 nm when
bulk concentration is 1 mol/L. (G—I) Differential capacitance curves with ion diameters of 0.6, 0.7, and 0.8 nm when bulk concentration is T mol/L.

peak width decreases. This is because the ions with larger
diameters have a greater repulsion interaction and a lower
charge density, so they have a lower capacity for charge
exchange, resulting in smaller differential capacitance values
at same potential. Except for a few points, the trend of the
model prediction value and the theoretical value is relatively
similar. Since the differential capacitance value is derived
from the charge-potential curve, the charge value predicted
by the DeepMT model may be large or small, and the slope
of a few points of the charge-potential curve may differ from
the theoretical calculation. But in general, the DeepMT
model also have strong predictive power for differential
capacitance.

Finally, we make some prospects for the application of
the DeepMT model. In addition to the relatively simple
interface properties as mentioned above, the DeepMT
model can also be used to study more complex interface
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properties (Figure 1D). For example, the phase diagram can
be drawn by determining the ion density distribution at
various temperatures, then using it to calculate the chemical
potential and grand potential at different concentrations for
the identification of the phase equilibrium point.®” This
unconventional phase diagram reveals the phase change
behavior of ions in a slit pore under different temperature
and concentration conditions.®! The gas-like phase and
liquid-like phase in the phase diagram correspond to the
stable phases of the system under low-density and high-
density states, respectively.’” Phase diagram research is
crucial to understanding the phase behavior of complex
electrolytes in confined spaces and under electric fields.
Predicting and analyzing phase diagrams through the
DeepMT model not only help to overcome the limitations of
experimental measurements, but also provide important
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theoretical support for the design and optimization of
electrochemical applications.

Moreover, the DeepMT model can also be applied to
investigate the screening behaviors of confined electrolytes
(Figure 1D). The screening length is derived by calculating
the grand potential from the density distribution and
obtaining the system'’s interface pressure.” The screening
length in an electrolyte describes the extent to which the
electrostatic field generated by electrode charges is attenu-
ated by the surrounding oppositely charged ions.*!! It
defines the spatial range over which the electrode exerts a
significant electrostatic influence in the electrolyte, beyond
which the effect of the electric field is rapidly diminished.
Electrolyte screening is affected by many factors, such as
electrostatic effect, steric effect, solvent effect, and associa-
tion effect. In our early work,”™ we used CDFT to
investigate the effect of ion association on the screening
effect, but the involved electrolyte environment was still
relatively simple. The DeepMT model offers the potential to
account for more complex solution environments and
interionic interactions, enabling a more comprehensive
study of electrolyte screening effects.

3. Conclusion

In this work, we combine a deep neural network with the
mesoscopic thermodynamic model to realize the fast calcu-
lation of EDL structure and properties. The proposed
DeepMT model can accurately calculate the interfacial ion
density under different conditions, capture the ion oscilla-
tion distribution and charge flipping phenomenon. The
computational efficiency of the DeepMT model is improved
by 2-4 orders of magnitude compared with the direct
theoretical calculation. The adsorption capacity, surface
charge and differential capacitance predicted by the
DeepMT model are also very close to the calculated values
of the CDFT, which indicates that the DeepMT model also
has a strong ability to predict the properties of electrode/
electrolyte interface. Our work highlights the importance of
bridging microscopic complex interactions and macroscopic
external field effects in describing ion distribution and
predicting interface properties. The model provides a novel
approach to the Al-for-interface issue, contributing to the
development of the communities of CDFT, mesoscopic
thermodynamics and electrochemical interfaces. However,
the current model is still based on a one-dimensional system
with limited factors considered, making it challenging to
fully describe interfacial properties under more complex
conditions. Combining the deep neural network with more
methods such as molecular dynamics (MD) simulations to
achieve rapid prediction of interfacial properties under
broader conditions represents a promising direction for
future research.
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