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Machine Learning Potentials for Electrified Interfaces†

Adem R. N. Aouichaoui∗, Davide Tisi, Ivano E. Castelli∗, and Arghya Bhowmik∗a

Accurate atomistic modelling of electrochemical interfaces requires accounting for applied electrode
potential and performing molecular dynamics at constant potential. The computational cost of grand-
canonical density functional theory restricts simulations to small system sizes and short timescales.
Machine learning interatomic potentials (MLIPs) have been proven useful for long time and large
length scale simulations, but their generalisation to and applicability at electrified interfaces have
yet to be widely demonstrated and adopted. In this perspective, we review emerging approaches
for developing MLIPs for systems under applied potential, organising them into two categories: (i)
linear response methods that learn response properties (electronegativities, Born charges, polaris-
abilities) and compute energies through physics-based expansions, and (ii) direct learning methods
that take the applied electrochemical potential as input variable and learn the potential-dependent
energy surface end-to-end. We identify key challenges including training data scarcity, lack of stan-
dardisation, and architectural limitations in current MLIPs. To address these issues, we propose
flexible templates for incorporating global electrochemical information into MLIP architectures, and
data-efficient strategies such as transfer learning and multi-head architectures that leverage abundant
existing zero-potential data. We conclude by calling for community initiatives to establish shared
datasets and reporting standards for electrified interfaces.

1 Introduction
Critical energy conversion and storage processes rely on electro-
chemical transformation at the solid-liquid interface1. The ability
to understand and model interfacial phenomena in electrocatal-
ysis is key in the design and optimisation of current and future
green technologies2,3. In fact, electrocatalysis plays a central role
in a wide range of applications such as oxygen reduction reac-
tions(ORR)in fuel cells4, hydrogen evolution reactions (HER) oc-
curring during water splitting in electrolysis5,6, CO2 and N2reduc-
tion reactions (CO2RR/N2RR)7,8 in electrochemical converters as
well as electrochemical reactions in batteries9,10.

The presence of external electric fields can drastically modify
atomic and electronic structure of the interfaces and provide the
crucial driving force for many of the electrochemical processes,
including catalytic reactions. Electric fields can directly modulate
the distribution of charge, the orientation of polar species, the sta-
bilisation of transition states, and the energetics of surface bound
reaction intermediates. At the catalytic interface i.e. the electro-
chemical double layer, the local electric field can shift adsorption
equilibria and alter reaction pathways11–14.

Applied potential significantly alters the structure and dynam-
ics of ions and polarisable solvents at the interface, affecting their

a Department of Energy Conversion and Storage, Technical University of Denmark,
Agnes Nielsens Vej 301, 2800 Kgs. Lyngby, Denmark; E-mail: arnaou@dtu.dk,
ivca@dtu.dk, arbh@dtu.dk

reorganisation and modifying the pathways and barriers for elec-
tron and proton transfer 15. Accurate representation of atomic
and electronic processes at the Helmholtz layer requires that
atomistic simulations explicitly consider these effects of applied
potential16,17. Density functional theory (DFT) based simulations
offer accurate microscopic insights, but the computational cost
limits the system sizes and timescales that can be studied18. In
recent decades, machine-learning interatomic potentials (MLIPs)
have emerged as a promising solution to this cost-accuracy trade-
off: once trained on high-quality quantum-mechanical reference
data, MLIPs can approach DFT accuracy at a computational cost
only marginally higher than that of classical force fields19–31.
This has enabled longer simulation times and the ability to exam-
ine larger systems, which is important modelling and sampling of
interactions driving complex catalytic reactions32. However, de-
spite the substantial progress in MLIP architectures, the optimal
strategy for incorporating explicit electric-field contributions re-
mains unclear33 but remains as a critical requirement of MLIPs to
be used to demystify the mechanisms observed in electrochemical
interfaces34,35.

In this perspective we will layout the current status in simu-
lating interfaces under applied potential, highlighting the chal-
lenges from three different perspectives: i) first-principle compu-
tational methods along with the cost associated with data gener-
ation, ii) the lack of large standardised repositories for such data
and iii) the lack of readily available applied potential aware ma-
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chine learning (ML) models for such applications.

2 First-principle Methods for Electrified SLI
DFT simulations represent the state of the art technique in study-
ing complex interactions pertaining to electrochemical interfaces.
However, to achieve realistic cost of ab-initio simulations for
electrochemically relevant systems, current approaches rely on a
range of assumptions and approximations, whose impact on the
physical validity of the simulation outcome is often unclear and
system dependent. An in-depth analysis of these methods and
their limitations has been the focus of many other studies32,36.
The details being beyond the scope of this article, here we give
an overview of the challenges. Electrified SLI can be studied by
both constant potential or constant charge methods, which both
suffer from the balancing of cost and accuracy. The computa-
tional hydrogen electrode (CHE) method37, is the most simpli-
fied one based on vacuum calculations, and is computationally
affordable, however it cannot deal with partial charge transfer.
Implicit solvation methods approximate the solvent as a contin-
uum dielectric medium that can screen the Coulomb potential be-
tween charged particles. Fully ab-initio methods for SLI treat both
solid surface and the electrolyte explicitly, thus including all the
relevant microscopic effects and interactions but increasing the
computational cost of the simulation. For this reason, ab-initio
explicit-solvent DFT methods have an explicit treatment of only
the atoms of the electrolyte at the interface and use an implicit
solvation cavity as a countercharge to make the overall simula-
tion cell charge neutral. Even with this trade-off, simulations are
limited to hundreds of atoms for few tens of picoseconds (ps).
As such, there is an urgent need to accelerate such simulations.
There is a rich precedence of accelerating ab-initio molecular dy-
namics (AIMD) using machine learning surrogate model for non-
electrified systems38–40, MLIP-accelerated SLI studies that include
the effects of applied potentials are still missing.

3 Emerging MLIP for Electrified SLI
In this section, we review recent efforts towards using ML for
the modelling of SLIs under applied potential. We organise these
developments according to their underlying physical principle for
incorporating electric field or applied potential effects. Broadly,
current approaches can be categorised into two classes: (i) linear
response approaches and learning of the response functions, and
(ii) direct learning of the potential-dependent energy surface.

3.1 Linear response approaches

This class of models leverages linear response theory to compute
the response of materials to external fields, targeting response
functions such as polarisation, polarisability, or Born effective
charges. In the loss function, they explicitly include one of these
response functions for training. The response function can be
predicted with a separate model or part of the same architecture
predicting the unperturbed energy. In linear response, the dy-
namics ara determined by the forces in the perturbed system, FE ,
which are obtained as a sum of two terms:

FE = F0 +Z∗E (1)

where F0 is the force contribution without field and Z∗ = ∂P
∂ r is

the Born effective charges41 (BEC) and P is the polarization.
Joll et al. 42 developed the Perturbed Neural Network Potential

(PNNP) to model the effects of external electric fields on con-
densed phase systems, demonstrating its capabilities on bulk wa-
ter. The total force on each atom is obtained from Eq. 1. The main
characteristic of this approach is the use of two distinct models:
a committee of 2nd generation high-dimensional Neural Network
potentials (c-NNP) for the unperturbed potential, and an E(3)-
equivariant graph neural network to model BEC, called Atomic
Polar Tensor (APT). Importantly, both models are trained without
the presence of an external electric field. The field is not used as
an input to the model, but rather the field-induced forces are com-
puted analytically from the learned APT. The model has shown
strong predictive capabilities for electric field strengths ranging
from approximately 0.002 to 0.2 V Å−1, with a reported root
mean squared error (RMSE) on forces of about 90 meV Å−1 at
0.2 V Å−1 applied field strength. However, the contribution from
the field-induced force to the RMSE increases in proportion with
the field strength, reflecting the limitations of the first-order trun-
cation. Additionally, the model only accounts for homogeneous
external electric fields throughout the bulk liquid, which may not
capture the spatially varying fields present at real electrochemical
interfaces.

Falletta et al. 43 proposed a unified and differentiable frame-
work for learning materials response to electric fields based on
the Allegro44 local equivariant architecture. Using the atomic
positions and the external electric field as input, they leverage
automatic differentiation to compute the response properties as
exact derivatives of a generalised potential energy. In addition
to predicting DFT energies and forces, the loss function explicitly
targets the Born effective charges and polarisability, computed
using density functional perturbation theory. These quantities are
then computed analytic derivatives by the model following the
linear response theory. The approach simultaneously learns the
electric enthalpy, forces, polarisation, Born charges, and polar-
isability from the atomic numbers, positions, and electric field.
The method has been validated by computing the vibrational
and dielectric properties of αSiO2, and ferroelectric properties of
BaTiO3.

Zhang and Jiang 45 proposed the Field-Induced Recursively
Embedded Atom Neural Network (FIREANN), which introduces a
field-dependent feature directly into the atomic environment de-
scriptor. The approach constructs a field-induced embedded atom
density (FI-EAD) by combining Gaussian-type orbitals (GTOs)
that depend on neighboring atoms with a field-dependent orbital
ϕlx,ly,lz(~ε) = (εx)

lx(εy)
ly(εz)

lz , where ~ε = (εx,εy,εz) is the applied
electric field vector. These components are linearly combined
into a joint orbital whose squared magnitude forms the FI-EAD
feature, capturing system-field interactions while maintaining ro-
tational equivariance. The model intrinsically describes response
properties up to arbitrary order by taking analytical gradients of
the potential energy with respect to the field vector: the dipole
moment µ = −∂E/∂ε and polarisability α = −∂ 2E/∂ε∂ε . These
properties can be simultaneously learned by including them in
the loss function. For liquid water, the authors demonstrated that

2 | 1–13Journal Name, [year], [vol.],

Page 2 of 14RSC Applied Interfaces

R
S

C
A

pp
lie

d
In

te
rf

ac
es

A
cc

ep
te

d
M

an
us

cr
ip

t

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

5 
Ju

ne
 2

02
6.

 D
ow

nl
oa

de
d 

on
 6

/2
6/

20
26

 3
:0

0:
44

 P
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online
DOI: 10.1039/D6LF00149A

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d6lf00149a


training on atomic forces only can bypass the multi-valued po-
larisation issue in periodic systems while still yielding accurate
dipole moments and IR spectra. The model achieved force RM-
SEs of 39.4 meV Å−1 for bulk water under fields up to 0.6 V Å−1.

Feng and Jiang 46 extended the FIREANN45 framework to ac-
celerate finite-field simulations of electrochemical interfaces. It
combines two ML models trained entirely on first-principles data
without employing classical approximations for either the elec-
trode or electrolyte. The first model employs the FI-EAD descrip-
tor to predict atomic forces under applied electric fields, with a
message-passing-like iteration scheme that updates combination
coefficients based on local environments, incorporating higher-
order and non-local interactions essential for electrostatic effects
at interfaces. Under periodic boundary conditions with an ap-
plied field the polarisation is multivalued, rendering absolute en-
ergies ill-defined. Thus only atomic forces serve as training tar-
gets. The second model, termed MLEDR47 (Machine Learning
Electron Density Response), predicts the field-induced charge re-
distribution ∆n(r;~ε) = nmetal−electrolyte − nmetal(r)− nelectrolyte(r) at
general grid point ri, not only at the atoms characterised by
FI-EAD features but over surrounding real atoms, enabling di-
rect calculation of the Helmholtz capacitance. Validated on the
Au(100)/Water interface (with 5.5 M concentration NaCl, 400
atoms) with reference data from finite-field DFT (CP2K package,
PBE-D3 functional) across cell potentials of 0-2 V, the approach46

achieved force RMSEs of approximately 43 meV/Å using 12,139
configurations assembled via active learning, and demonstrated a
speedup of roughly four orders of magnitude compared to ab ini-
tio molecular dynamics. The model extrapolated reliably to cell
potentials of ±4 V, accurately predicting a Helmholtz capacitance
of approximately 20.8 µF/cm2 at the potential of zero charge and
revealing a turnover in interfacial water orientation at the an-
ode above 2.5 V arising from competition between the positively
charged electrode and specifically adsorbed Cl− ions.

Bergmann et al. 48 developed the Response Analysis in z-
ORientation (RAZOR) approach, which extends standard MLIPs
to electrified interfaces by machine-learning first-order response
parameters. Rather than treating the applied potential as a post-
processing correction, RAZOR explicitly learns the work func-
tion φ0 = ∂E/∂q and Born effective charges Z∗

i = ∂Fi/∂q at zero
charge, enabling a second-order Taylor expansion of energies and
forces as functions of excess charge q. Training requires DFT cal-
culations at q= 0, +q, and −q for each structure. This approach in
theory would triple the require DFT calcualtions, but as pointed
out by the authors the use of the charge-neutral electron density
to initialize the SCF cycle for the charged calculations reduces this
overhead to less than a factor of two in practice. The second-order
electronic capacitance is approximated using an implicit solva-
tion model to capture the double layer response. This approach
yields charge-dependent atomic forces during molecular dynam-
ics (MD) simulations, allowing proper structural relaxation at ap-
plied bias. Applied to describing the dynamics of Cu(100) surface
with adsorbed OH, the model achieved an RMSE of 2 meV/atom
on the energy prediction and an RMSE of 16 meV on the forces.

3.2 Direct Learning of the Potential-Dependent Energy Sur-
face

The second class of methods takes an end-to-end approach: the
applied potential, electric field, or electron number is provided
as a direct input to the model, which learns the full configura-
tion - and potential - dependent energy surface without explicit
decomposition into response terms. This approach makes no as-
sumptions about the functional form of the potential dependence,
allowing the neural network to capture arbitrarily complex (in-
cluding non-linear) effects.

Zhou et al. 33 developed an explicit electric potential ma-
chine learning force-field (EEP-MLFF) model for MD simulation,
demonstrating its application to Cu cluster formation on MoS2.
The atomic environment is described using the Smooth SO(3)
power spectrum descriptor, and the electric potential (U vs. SHE)
is concatenated directly to this representation before being fed
into a multilayer perceptron. The model treats the potential
as simply another input feature, allowing it to learn how the
energy surface changes across different electrochemical condi-
tions. The model achieved a satisfactory accuracy with MAE of
4.4 meV/atom for energies and 58.3 meV/Å for forces on their
test set, training over 3,897 data point, which however were dis-
tributed over a quite narrow potential range of -0.5-0.6 V (vs.
SHE), without resting to strong values of the potential.

Wang et al. 49 developed a constant potential machine learn-
ing force field (CP-MLFF) based on MACE50 for simulating in-
terfaces in the grand canonical ensemble, where the system ex-
changes electrons with an external reservoir. The model uses the
total electron number Ne as the state variable to predict energies,
forces, and the Fermi level. Two architectural strategies are pro-
posed for incorporating Ne:

1. Node augmentation: Ne is concatenated with the one-hot
encoded element type for each atom before passing through
the embedding layer, producing Ne-dependent initial node
features that propagate through the message-passing layers.

2. Global feature: Ne is embedded into a separate high-
dimensional latent space as a graph-level attribute. At each
message-passing layer, this global feature is projected and
injected into the node features, while simultaneously be-
ing updated by aggregating node information through mean
pooling. This creates bidirectional information flow between
local atomic environments and the global electrochemical
state.

The study applied CP-MLFF to CO2 reduction on a Ni-N-C catalyst
at 0.827 V vs. RHE, demonstrating the viability of the approach
for constant-potential simulations.

Sun et al. 51 are the first to investigate the effects of nuclear
quantum effects (NQEs) at electrode interface, via a grand canon-
ical path integral hybrid Monte Carlo (GC-PIHMC) framework.
The study employ a modified Deep Potential model21,52 called
DP-Ne that introduces the total number of electrons Ne as an addi-
tional input, concatenated to the embedded representation. The
model also predicts, with no further computational cost, the work
function as an additional output: ∂E(R,Ne) =−W (R,Ne). This al-
lows the model to learn how the electronic chemical potential
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responds to changes in configuration and charge state. The total
RMSE on the testing dataset are 0.6 meV/atom and 57 meV/Å
for the Volmer reaction path, and 1.1 meV/atom and 71 meV/Å
for the Heyrovsky reaction. Using this framework, the authors
demonstrated that proton tunneling reduces the activation en-
ergy by 0.09-0.13 eV at room temperature for HER on Pt(111),
and that neglecting NQEs leads to underestimation of reaction
rates by 50-100 fold at 300 K.

Chen et al. 53 developed a dual-learning scheme for ML emula-
tion of electronically grand-canonical calculations. The approach
employs two coupled neural networks based on Behler-Parrinello
symmetry functions23,54: one predicts per-atom charges q̂i from
atomic positions and electrode potential, while the other predicts
per-atom electronegativities χ̂i from geometry alone. To incorpo-
rate the electrode potential into the descriptor, the authors extend
standard symmetry functions with potential-dependent terms of
the form Gφ

i,k = φ ·e−ηk(zi−zsurface), where φ is the electrode potential
(taken as the work function), zi is the vertical position of i-th atom
normal to the electrode surface, zsurface defines the electrode-
electrolyte interface, and ηk are decay constants that control the
spatial extent of the field influence. The exponential decay with
distance from the electrode surface mimics the spatial profile of
the electric field as described by Gouy-Chapman model53. The
grand-canonical energy (Ω) is computed through a physics-based
charge-electronegativity expansion:

Ω̂ =
N

∑
i=1

(
E0,Z(i)+(χ̂i +µe)q̂i +

1
2

JZ(i)q̂2
i

)
(2)

where χ̂i represents the environment-dependent atomic elec-
tronegativity (analogous to ∂Ei/∂qi), and JZ(i) is an element-
specific hardness parameter. This formulation, inspired by charge
equilibration methods55, embeds response-theory structure di-
rectly into the energy prediction. The method was demon-
strated on the Volmer and Heyrovsky steps of hydrogen evolu-
tion on Au(111), with reference data generated using the Sol-
vated Jellium Method in GPAW at the PBE level. Training on
approximately 1500 images spanning electrode potentials from
3.8 to 4.6V, the model achieved energy RMSEs of 0.1-0.15
meV/atom and charge RMSEs of 5×10−5 electrons/atom on held-
out test data. The authors further demonstrated transferability
across electrode materials (Pt, Cu, Ag), significant acceleration
of nudged elastic band calculations for barrier searches (reducing
the number of DFT force calls from 141 to 15 for the initial poten-
tial), and the ability to extrapolate from systems with 1-4 explicit
water layers to those with 5 layers53.

Direct learning approaches offer maximum flexibility: they can
capture non-linear effects, require no assumptions about response
theory, and can potentially interpolate smoothly across the train-
ing potential range. However, they are the most data-intensive,
requiring DFT calculations across a sufficient range of potentials
or charge states to adequately sample the energy surface. Further-
more, extrapolation beyond the training range is not guaranteed
to be physically meaningful, unlike response-theory-based meth-
ods where the functional form provides some constraints.

4 Challenges
The current challenges in modelling electrified SLI can largely be
categorised into a i) data generation bottleneck, ii) standardisa-
tion gap and iii) model Architecture and software limitations.

4.1 Data Generation Bottleneck

The data generation challenges were first presented by Govin-
darajan et al. 32 mainly highlighting the fact that different re-
search groups use different codes and modelling approaches (ei-
ther constant charge or constant potential-based methods). While
both approaches have their advantages and drawbacks, this frag-
mentation prevents aggregation of results across studies to vali-
date and create larger databases. Furthermore, the added com-
putational cost required to describe electrified systems limits the
generation of longer trajectories as well as larger systems.

The last decade has seen enormous community effort toward
open-access datasets and data standardisation56,57, driven in
large part by the needs of high-throughput screening and ma-
chine learning workflows that demand large, coherent, and stan-
dardised datasets to benchmark. So far, this revolution has mainly
involved bulk materials, giving rise to well-established reposito-
ries spanning catalyst discovery and optimisation (OC2058, The
Materials Project59), crystal structure prediction (OMC2560), or-
ganic molecular structure optimisation (OMol2561), the AFLOW
dataset of material compound and properties62–64 as well
as general-purpose structural databases maintained by specifi
groups such as OQMD65, and Materials Cloud56. However, these
efforts have been overwhelmingly focused on bulk structures, and
no equivalent large-scale collaborative initiative exists for mate-
rials interfaces, let alone electrified ones66. While some individ-
ual groups have begun publishing interface-relevant data67, these
efforts remain sparse and lack standardisation, preventing the
cross-study data aggregation that has proven so powerful in bulk
materials discovery. Of noteworthy mention are BeastDB by Tezak
et al. 68 , which contains single-point DFT calculations of many
electrified systems, and LeMat, which aggregates MD trajectories
from several projects69. However, both remain limited in scope
compared to what is needed for systematic interface modelling.
We therefore hope that the coming years will see a concerted com-
munity effort toward open, standardised datasets for solid-liquid
and electrified interfaces, following a similar approach taken for
bulk materials simulation data.

4.2 Standardisation Gap

Adhering to the FAIR (Findable, Accessible, Interoperable and
Reusable) principles70 for generation and distribution of data
is of utmost importance. In fact, many output files of various
MD software (GPAW71, LAMMPS72) are already in a standard-
ised format and are parsable by other tools such ASE73 as well
as various ML packages, where many of the common informa-
tion (atom type, atom coordination, forces and energies as well
as other properties) are readily recognised. However, the added
degrees of freedom and information pertaining to global states
of the system (e.g. applied potential, work function, number of
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Fig. 1 Different strategies for injection of global system level feature (ϕ) into a machine learning interatomic potential (MLIP) using a an atomic
system representation ({Zi,ri}), where Zi and ri is the atomic number and coordinates of atom i. A: classical MLIP configuration made of embedding,
interaction and output blocks generating a prediction "Y". B: MLIP with injection of ϕ in the initial node representation (H(0)). C: MLIP with
injection of ϕ in the final node representation (H(T )). D: MLIP with injection of an embedded representation of ϕ in the initial node representation
(H(0)). E: MLIP with injection of an embedded representation of ϕ in the final node representation (H(T )).

electrons, or excess charge) are often not standardised (e.g. con-
sistent variable name, metadata description or scale). There is
currently no established convention for how to store and report
these quantities: reference scales vary across studies (vs. SHE, vs.
RHE, vs. vacuum level), unit conventions for field strength and
charge differ, and critical metadata describing the countercharge
scheme, solvation model, and boundary conditions employed are
often omitted or inconsistently reported. This lack of standard-
isation could result in confusion and a loss of interoperability
across atomic simulation tools as well as ML toolboxes, and ul-
timately hinders the aggregation of data from different sources
into unified training sets. Beyond the lack of formal standardi-
sation there is the issue of interoperability among differnt DFT
codes. Different implementation might generate slight different
results for the same system. For example the problem was tack-
led in Ref74, where a common input/output standard has been
designed for internal translation by various workflow managers
(AiiDA75, PerQueue76, Pipeline Pilot77, and SimStack78), pro-
ducing a unified schema to enable engine-agnostic workflow ex-
ecution across CASTEP, GPAW71, Quantum ESPRESSO79, and
VASP80.

4.3 Model Architecture and Software Limitations

Absence of standardisation in data reporting expectedly leads
incompatible data loading and storage tools, making it diffi-
cult to develop generalisable ML pipelines for SLIs81. Popular
MLIP architectures (MACE50, NequIP82 , DeepMD20, SchNet83,
PAINN84) lack native support for global or system-level features.
Strategies for incorporating such features are not formalised,
tested, and validated. Here, we highlight the work by Wang
et al. 49 , who presented a modification of MACE50 with two
strategies for the inclusion of Ne into the model architecture (see
section 3).

Additionally, MD engines that leverage MLIPs, such as ASE73,
LAMMPS72, and i-PI85, may not readily propagate the addi-
tional system-specific information required for simulating elec-
trified SLIs when interfacing with the underlying potential. Stan-
dard MLIPs are designed to output atomic forces for molecular dy-
namics propagation, where the system evolves deterministically
according to Newton’s equations of motion. However, achieving
a true constant potential (grand canonical) condition requires dy-
namically adjusting the total electron number of the system, not
viable within the continuous trajectory framework of MD. More-
over, varying Ne introduces a fundamental challenge to how stan-
dard MLIPs are trained: forces are conservative i.e. the gradient
of the predicted total potential energy (Equation 3. Altering Ne

means that the total energy E of the system is no longer conserved
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along the trajectory.
F =−∇rE(r,a) (3)

Training force-only models could serve as a potential
workaround; however, this approach carries its own draw-
backs, particularly in the context of MD simulations. Studies
have shown that force-only trained MLIPs can lead to failures
in conserving energy during NVE dynamics86, undermining the
physical validity of the resulting trajectories.

5 Outlook
Based on the highlighted challenges, we propose a series of po-
tential solutions

5.1 Collaborative Initiatives and Data Generation Strategies
A community effort is needed towards generating simulation data
for systems of interest and developing robust frameworks for
comparison across methods and modelling strategies32. Such ini-
tiatives should establish community-agreed schemas for reporting
quantities specific to electrified interfaces (analogous to existing
conventions for magnetic moments or stress tensors) along with
the associated metadata required to ensure data provenance and
avoid contamination arising from incompatible methodological
choices. Early formation of such standardisation will yield sub-
stantial long-term benefits, reducing the need of data harmonisa-
tion later as the field matures and datasets grow.

In the absence of community datasets, studies to date have to
rely on in-house data generation workflows. These follow sim-
ilar protocols: i) define the system (slab, solvent, temperature
and applied potential), ii) run a short AIMD (typically 10-20 ps),
iii) perform time-step filtering i.e. sampling snapshots at fixed
interval to ensure the snapshots carry significantly different infor-
mation and finally iv) extract the properties of interest such as the
atom positions, forces and energies.

As more data becomes available and given that there exists a
MLIP capable of describing electrified system, it would be possi-
ble to employ advanced data generation strategies similar to the
case of current MLIPs. Such strategies include the use of compu-
tational workflows active learning and ensemble uncertainty to
iteratively collect new structures that can contribute to a more
diverse dataset81,87–89. Ultimately extending the domain of ap-
plicability of the MLIPs as well as reducing the associated uncer-
tainty and error90.

5.2 Flexible MLIP Architectures
One can train separate MLIP for each applied potential (ϕ) of in-
terest. However, this allows only for limited interpolation and no
extrapolation beyond the ϕ associated with the training. Exist-
ing MLIP architectures need to be extended to handle the added
degrees of freedom. Expanding the direction proposed by Wang
et al. 49 , we formalise a number of strategies to extend current
MLIPs to incorporate global information. To this end, we mainly
focus on Graph Neural Networks (GNNs) as the most widely used
class of MLIP architectures91. The atomic graph as input is de-
scribed with atomic number Zi and Cartesian coordinates ri. The
graph representation learning occurs three blocks: an embedding

Fig. 2 Alternative approach to account for the presence of applied po-
tential (ϕ) in atomistic systems. The prediction (Y) is a combination of
two output blocks: one accounting for zero potential and the other for
the specific applied potential offering a correction to the zero potential
head

block (producing an initial representation of the atom, H(0), by
embedding the chemical elements of the atoms), an interaction
block (where the message-passing (exchange of information be-
tween nodes within a cut-off radius), is repeated T times produc-
ing the final latent representation H(T )) and the output block (re-
sponsible for the prediction task, producing the desired outputs
Y )91.

In Figure 1, we present a set of modifications to the stan-
dard atomistic learning pipeline (A). We augment an MLIP with
global system-level information (here denoted ϕ) by injecting
these quantities to the scalar (invariant) node features either at
the output of the embedding block (B) or the output of the inter-
action block (C).

The global feature can either be used raw, with no prior mod-
ification ((B) and (C)), or can be subjected to an embedding op-
eration and produce a higher dimension learnable representation
((D) and (E)).

This conditioning can be applied either at the output of the
embedding block (enabling the network to learn global-feature-
dependent interatomic interactions during message passing) or
at the output of the interaction blocks (allowing global-feature-
dependent property prediction).

Wang et al. 49 adopted a strategy similar to (B) where MACE50

was augmented with the number of electrons (Ne). Strategy
(D) is similar to (B) with an added embedding/projection layer.
Meanwhile Aouichaoui et al. 92 adopted a strategy similar to (C)
where a global feature in the form of the temperature (T) was
concatenated to the readout of a GNN to model temperature de-
pendent properties. Strategy (E) merely expands the dimension-
ality of the given global feature before concatenation.

An alternative approach could also to be to develop a model at
zero applied potential and then leverage the latent representation
at zero potential with ϕ to produce a correction to account for the
applied potential (see Figure 2).

For the prediction of energy and forces, the model must account
for whether the system is conservative or not. As such, other ar-
rangements of the model containing different heads for energy
and forces can also be proposed (see Figure 3), with one predic-
tion head for the energy and another for the forces. Here each
of the three force components can either be predicted through a
multi-task model or single task model (one model for each com-
ponent).
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Fig. 3 Different strategies for conducting the prediction of potential
energy (E) and forces (F) enacting on the atoms for conservative and
non-conservative scenarios

As a next step, it is important to benchmark which strategy for
inclusion of global information provides the best accuracy and
data/computational efficiency.

5.3 Leveraging Existing Data
Research efforts have predominantly focused on generating sim-
ulation data at zero applied potential, resulting in a substan-
tial imbalance between data with and without applied poten-
tial. Large-scale initiatives such as Open Catalyst Project (OC25
specifically)93, and various molecular dynamics trajectory repos-
itories67,94–101 contain large amount of zero-potential SLI config-
urations, while electrified interface data remains scarce due to the
higher computational expense of constant-potential or finite-field
DFT calculations.

It is useful to distinguish three categories of available zero-
potential data, ordered by increasing relevance to electrified SLIs:

• (i) Bulk (Materials Project59, OMat102, Alexandria103,
MAD104 ) and molecular (OMol61) data

• (ii) Surface and adsorbate catalysis data (such as OC2058

and OC22105)

• (iii) SLI data at zero applied potential (such as
OC2567,93–101)

The three categories above provide some possibility of large-
scale pre-training and transfer learning of models, allowing data-
efficient tuning with limited amount of applied potential SLI sim-
ulation data.

In practice, transfer learning for electrified SLIs can follow two
broad strategies: (a) sequential fine-tuning, where a pre-trained
model is adapted to new potential-dependent data, and (b) multi-
head architectures, where separate output branches handle differ-

Fig. 4 Transfer learning schema from data with no applied potential (ϕ)
to data with applied potential

ent targets. Each strategy manages the risk of catastrophic forget-
ting (the tendency of fine-tuned models to lose previously learned
knowledge106) in distinct ways, whether through co-training on
mixed datasets or selectively freezing pre-trained layers. We dis-
cuss these approaches in detail in the following section.

5.3.1 Transfer Learning from Zero-Potential Models

GNN training involves learning both graph representations and
the prediction model. Zero-potential datasets are helpful in pre-
train a GNN such that good representations are learnt although
the final prediction targets are not fully compatible with those
of electrified SLIs. The pretrained models can be subsequently
fine-tuned on electrified data.

This type of transfer learning has already been demonstrated in
the literature for non-applied potential work across multiple MLIP
architectures, including MACE-MP107, CHGNet108, and others,
yielding improved accuracy, enhanced training stability of forces
and energies, and significant reductions in the required task-
specific data. Recent studies have shown that fine-tuning foun-
dation models with partially frozen weights can achieve chemical
accuracy using only 10-20% of the data that would be required
for training from scratch109.

For electrified interfaces, a natural two-stage strategy emerges.
A model pre-trained on categories (i)-(iii) will have robust el-
emental and structural embeddings, neighbourhood encodings
like short-range interactions that remain largely valid under ap-
plied potential. The effect of the electrochemical state can then
be viewed as a perturbation to this baseline. Fine-tuning on
limited electrified data thus tunes the model’s learning capacity
in the readout layer on the potential-dependent corrections. A
schematic of such an approach can be seen in Figure 4.

Crucially, the choice of what to freeze within the model architec-
ture during fine-tuning should reflect where the pre-training data
is most informative. Referring to the MLIP architecture presented
previously:

• Embedding block (H(0)): encodes chemical identity into ini-
tial node features. When pre training data overs the same
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chemical space as the target system, these weights can typi-
cally be frozen entirely as element representation are trans-
ferable across environments. when using data from (i), the
learned embedding block can be partially reused by either
acting as an initialization or be temporarily frozen before
being rendered trainable.

• Interaction blocks (H(0) → H(T )): encodes interatomic inter-
actions through message passing. If the systems share sim-
ilar atomic environments, one can opt for freezing the in-
teraction layers completely. If the atomic environments in
the systems are too dissimilar then retraining of the message
block is needed, possibly after keeping it fixed for a number
of initial epochs.

• Output block: responsible for predicting the target prop-
erties and requires retraining. The reason being that the
mapping from latent representations to energies and forces
changes when the applied potential introduces new physics
not present in the pre-training data.

The domain gap between the pre-training and target data de-
termines the effectiveness of transfer learning. Pre-training on
SLI data at zero potential (category (iii)) allows reusing learnt
atomic neighbourhood embeddings via messages, and thus mes-
sage functions can be kept frozen. By contrast, pre-training with
surface in vacuum data such as OC2058/OC22105 (category (ii))
includes surface chemistry and adsorbate binding but lacks ex-
plicit solvent interactions. So the message passing layers should
be retrained as well to learn to represent the solvent structures.
Pre-training on bulk data alone (category (i)) provides the least
direct transferability to interfacial systems but still offers some
useful initialisation for element embeddings and bondings in the
solid surface.

5.3.2 Multi-Head Architectures and Joint Training

Compared to sequential transfer learning, multi-head fine-tuning
of pre-trained model lowers the risks of catastrophic forgetting
with better regularization from the replay task especially when
the reference energies are different between the datasets. Rather
than full retraining of the readout function, the model trains
jointly on both datasets while keeping a shared atomic neigh-
bourhood representation. The embedding and interaction blocks
are commonly used to learn the general atomic representations
from both dataset, while separate prediction heads specialise for
each prediction task one for zero field and one for finite field.
This approach is particularly well-suited when one has access to
abundant SLI data at zero potential (iii) alongside a smaller set
of electrified configurations, since both share the same interfacial
chemical environment and differ primarily in the applied field.

Surface catalysis data (ii) is of more limited utility in this con-
text, since vacuum-surface calculations lack explicit solvent and
therefore cannot provide training signal for the solvent-metal and
ion-metal interactions that dominate the interfacial structure. For
the multi-head and joint training, the total loss function can be
divided in two contributions:

LTotal = λϕ=0 Lϕ=0 +λϕ 6=0 Lϕ 6=0 (4)

Where Lϕ=0 is a standard MAE (or RMSE) loss function only for
the data at zero-potential, while Lϕ 6=0 consider the data at finite
field. λϕ=0 and λϕ 6=0 are tunable parameters.

By maintaining a substantial weight on the zero-potential loss
(λϕ=0 > λϕ 6=0), the model is regularised to preserve the accurate
predictions learned from abundant zero-potential data while in-
crementally incorporating potential-dependent corrections. This
is conceptually similar to Elastic Weight Consolidation (EWC)110

and related continual learning strategies111, but implemented
through explicit multi-task loss weighting rather than parameter-
space regularisation.

It is worth noting that the multi-head strategy connects nat-
urally with the delta learning schemes, commonly used in lit-
erature to reach computationally expensive high-level of theory
reducing the number of required calculations112–116: the zero-
potential head predicts Eϕ=0 and Fϕ=0, while the finite-field head
can be understood as learning the corrections δE(ϕ) and δF(ϕ)
on top of the shared latent representation, effectively a learned
delta model. This perspective suggests that combining multi-head
training with the architectural modifications described in previ-
ous sections could further improve data efficiency by explicitly
encoding the perturbative structure of the problem. A schematic
of this approach can be seen in Figure 5.

Fig. 5 Multi-head training schema where a model is jointly trained on
data with and without applied potential (ϕ)

Finally, it is worth noting that universal MLIPs107,117 can serve
not only as starting points for transfer learning but also as ef-
ficient generators of pre-training data. By running large-scale
MD simulations with these universal models on relevant inter-
facial or bulk systems, one can cheaply produce diverse config-
urational datasets that augment or replace costly DFT-generated
trajectories for the initial training stage. These synthetically sam-
pled configurations can subsequently be selectively refined at the
DFT level through active learning, combining the broad configu-
rational coverage afforded by universal MLIPs with the accuracy
of first-principles methods where it matters most.

For further details, the reader is referred to a an overview
and benchmark of different transfer learning strategies study con-
ducted by Tompa et al. 118
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Conclusions
Electrified SLIs are fundamental to many electrochemical pro-
cesses of relevance to the green transition. With the development
of more computationally efficient first-principles methods for sim-
ulating systems under applied potential, appropriate modelling of
electrified SLIs is becoming viable. In the context of developing
MLIPs to study electrified SLIs at longer time scale, we highlight
the absence of a unified framework for MLIPs under applied po-
tential as well as other various challenges including data genera-
tion bottleneck (due to the computational complexity of the first-
principle methods) and the lack of consensus and standardisation
of generated data. Going forward, we call for larger collaborative
initiatives and to already establish standards and common refer-
ence for reporting such data. We also propose a series of flexible
templates and easy modifications to current MLIPs to incorporate
information about the applied potential that must be investigated
in the future to evaluate the best strategy for describing electrified
SLIs.
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