
16 May 2026

POLITECNICO DI TORINO
Repository ISTITUZIONALE

Comparing fine-tuning strategies for machine learning force fields in lithium-ion diffusion / Alghamdi, Nada; De Angelis,
Paolo; Asinari, Pietro; Chiavazzo, Eliodoro. - In: JPHYS ENERGY. - ISSN 2515-7655. - (2026). [10.1088/2515-
7655/ae6c5a]

Original

Comparing fine-tuning strategies for machine learning force fields in lithium-ion diffusion

ACM postprint/Author's Accepted Manuscript

Publisher:

Published
DOI:10.1088/2515-7655/ae6c5a

Terms of use:

Publisher copyright

© ACM 2026. This is the author's version of the work. It is posted here for your personal use. Not for redistribution. The
definitive Version of Record was published in JPHYS ENERGY, http://dx.doi.org/10.1088/2515-7655/ae6c5a.

(Article begins on next page)

This article is made available under terms and conditions as specified in the  corresponding bibliographic description in
the repository

Availability:
This version is available at: 11583/3010831 since: 2026-05-14T10:16:14Z

IOP



     

ACCEPTED MANUSCRIPT • OPEN ACCESS

Comparing fine-tuning strategies for machine learning force fields in
lithium-ion diffusion
To cite this article before publication: Nada Alghamdi et al 2026 J. Phys. Energy in press https://doi.org/10.1088/2515-7655/ae6c5a

Manuscript version: Accepted Manuscript

Accepted Manuscript is “the version of the article accepted for publication including all changes made as a result of the peer review process,
and which may also include the addition to the article by IOP Publishing of a header, an article ID, a cover sheet and/or an ‘Accepted
Manuscript’ watermark, but excluding any other editing, typesetting or other changes made by IOP Publishing and/or its licensors”

This Accepted Manuscript is © 2026 The Author(s). Published by IOP Publishing Ltd.

 

As the Version of Record of this article is going to be / has been published on a gold open access basis under a CC BY 4.0 licence, this Accepted
Manuscript is available for reuse under a CC BY 4.0 licence immediately.

Everyone is permitted to use all or part of the original content in this article, provided that they adhere to all the terms of the licence
https://creativecommons.org/licences/by/4.0

Although reasonable endeavours have been taken to obtain all necessary permissions from third parties to include their copyrighted content
within this article, their full citation and copyright line may not be present in this Accepted Manuscript version. Before using any content from this
article, please refer to the Version of Record on IOPscience once published for full citation and copyright details, as permissions may be required.
All third party content is fully copyright protected and is not published on a gold open access basis under a CC BY licence, unless that is
specifically stated in the figure caption in the Version of Record.

View the article online for updates and enhancements.

This content was downloaded from IP address 130.192.21.38 on 14/05/2026 at 11:11

https://doi.org/10.1088/2515-7655/ae6c5a
https://creativecommons.org/licences/by/4.0
https://doi.org/10.1088/2515-7655/ae6c5a


IOP Publishing J. Phys. Energy vv (yyyy) aaaaaa Author et al

Journal of Physics: Energy

PAPERCrossmark

RECEIVED
dd Month yyyy
REVISED
dd Month yyyy

Comparing fine-tuning strategies for machine learning force
fields in lithium-ion diffusion
Nada Alghamdi1,∗ , Paolo de Angelis1 , Pietro Asinari1,2 and Eliodoro Chiavazzo1,2,∗

1Department of Energy, Politecnico di Torino, Torino, Italy
2Istituto Nazionale di Ricerca Metrologica, Torino, Italy
∗Author to whom any correspondence should be addressed.

E-mail: nada.alghamdi@polito.it, eliodoro.chiavazzo@polito.it

Keywords: Li-ion battery, Solid Electrolyte Interphase, Machine Learning Interatomic Potential, Machine Learning
Force Field

Abstract
Machine learning force fields (MLFFs) are transforming materials science and engineering by
enabling the study of complex phenomena, such as those critical to battery operation. In
this work, we explore the predictive capabilities of pre-trained and fine-tuned MACE MLFF
and compare different fine-tuning strategies to predict interstitial lithium diffusivity in LiF,
a key component in the solid electrolyte interphase in Li-ion batteries.
Our results demonstrate that the MACE-MPA-0 foundational model achieves comparable
accuracy to the well-trained DeePMD in predicting key diffusion properties based on
large-scale molecular dynamics simulations, while requiring minimal or no training data.
For instance, MACE-MPA-0 predicts an activation energy Ea of 0.22 eV, the fine-tuned
model with only 300 data points predicts Ea = 0.20 eV, both of which show good agreement
with the DeePMD model reference value of Ea = 0.24 eV. In this work, we provide a solid
test case where fine-tuning approaches, whether using data generated for DeePMD or data
produced by the foundational MACE model itself, yield similar robust performance to the
DeePMD potential trained with over 40,000 actively learned data, albeit requiring only a
fraction of the training data.

1 Introduction
High-performance energy-storage systems are key technologies for the energy transition. In particu-
lar, Lithium-ion batteries (LIBs) are recognized to play a crucial role in renewable energy storage,
grid stability, and low-carbon mobility [1–3]. The performance, lifetime, and safety of LIB cells are
governed by processes at the electrode–electrolyte interface, where the solid-electrolyte interphase
(SEI) forms [4,5]. The SEI is a reactive passivation layer where multiple chemical reactions occur. It
is highly heterogeneous, comprising many organic and inorganic components. The SEI extends the
electrolyte’s electrochemical window and isolates the anode, enabling proper operation of the LIB [4].
However, uncontrolled formation or growth can degrade cell performance, leading to capacity fade
and, in extreme cases, thermal runaway [6]. Recent experimental evidence showed that LiF-rich SEIs
enhance mechanical stability, provide electronic insulation, and reduce interfacial resistance, which
translates into improved performance and safety for fluoride-rich battery formulations [6]. Moreover,
controlling SEI formation is crucial not only for Li-ion batteries but also for beyond-Li-ion systems,
such as Ca-ion batteries [7, 8]. Therefore, it is important to understand and engineer the SEI for
improved battery lifetime, safety, and performance [9, 10].

The advent of Machine Learning Force Fields (MLFFs), or synonymically Machine Learning
Interatomic Potentials (MLIPs), has significantly advanced the field of materials modeling [11–13],
enabling simulations over longer timescales and larger systems that were previously unaffordable.
Among many applications, it plays a crucial role in reactive atomistic simulations that are essential
for studying physical phenomena of relevance for energy conversion processes [14]. MLIPs offer a
promising solution for addressing complex simulations, where understanding the interplay between
components (e.g. the electrode and electrolyte, the SEI) is crucial to ensure battery stability and
safety, but it remains inaccessible with traditional experimental methods [2,9], and computationally
expensive to perform with traditional ab-initio methods [15].
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Many MLIPs have emerged in recent years. Their development can be viewed as a progressive
refinement in how atomic environment description (descriptors) and regression model architecture
are constructed, or in other words, how symmetry and many-body correlations are encoded into the
models. The introduction of Behler-Parrinello Neural Network (BPNN) [11] marked a foundational
contribution in the field. It introduced two key ideas that remain central to ongoing development:
First, decomposing the total energy E into a sum of atomic contributions E =

∑
i Ei. This allows

for simulating systems of arbitrary size with linear scaling and ensures permutation invariance by
sharing the Neural networks (NNs) for atoms of the same chemical species. Second, introducing
descriptors that explicitly encode the required physical invariances (translational and rotational),
which are manually engineered [11].

Building on that, the Deep Potential Molecular Dynamics (DeePMD) model [16, 17] used neu-
ral networks for both regression and descriptors, i.e., instead of using fixed, manually engineered
descriptors, both the representations and regression model are now learned directly from the data
and optimized during training. In this approach, the atomic environment for each atom i is rep-
resented as a transformation of the coordinates from the global configuration to a local reference
frame centered around the atom. Accordingly, a mapping from the atomic positions, bond angles
and chemical species to local vector descriptors Di is learned while preserving translation, rotational,
and permutational invariance [18]. Similar to the BPNN, in DeePMD, the total potential energy
Etot of a given atomic configuration is the sum of the energy contribution Ei of each atom i in the
system. For a system of several atomic species, each atomic species s has its own neural network
NNs, and every atom is within that species uses the same NNs of the species, so the total energy:

Etot =
Natom∑

i=1
Ei ⇐⇒ Etot =

Nspecies∑
s=1

Natom∈s∑
is

ENNs(Dis), (1)

where Natom is the total number of atoms in the system, Nspecies is the total number of atomic species,
Natom∈s is the number of atoms belonging to species s, and ENNs

(Dis
) is the energy predicted by

the NNs associated with species s for the atom with descriptor Dis
[19, 20].

Subsequently, models based on Graph Neural Network (GNN), particularly Message-Passing Neu-
ral Network (MPNN) [21], have emerged as a framework for MLFFs. Among them is MACE [22],
which combines the Atomic Cluster Expansion (ACE) [23], a complete representation of the local
environment, with an equivariant MPNN. As a result, atoms can exchange information with their
neighbors and learn hierarchical many-body interactions. In principle, this approach promises im-
proved data efficiency (as physical symmetries are embedded directly in the model architecture rather
than inferred from the training data) and improved learning of many-body interactions [22]. This is
in contrast to the DeePMD, where learning many-body interaction happens only implicitly within a
single learned invariant descriptors.

More specifically, in the MACE model a material is represented as a graph in which each node
corresponds to an atom, and each edge represents a connection between atoms within a specific cutoff
radius. The features are built using learnable radial functions, spherical harmonics, and learnable
embedding of neighboring node features. Equivariance is preserved through symmetrization with
Clebsch–Gordan coefficients. Subsequently, the higher-order features are generated by a tensor
product of these equivariance features. Symmetrizing by generalized Clebsch-Gordan coefficients
maintains correct equivariance and allows for very efficient computation of higher order features as
these coefficients are highly sparse and can be pre-computed. This constitutes the body-ordered basis
for message construction, where incorporating higher body-order features in the messages allows the
model to capture higher correlation order with fewer message-passing steps [22]. In addition, the
graph representation and the tensor product decomposition lends itself to an efficient implementation
on GPU architectures, making the approach highly scalable.

By pre-training MACE on large chemical spaces, emerging foundational models encapsulate broad
knowledge of atomic interactions. And they demonstrated notable success in describing different
chemistries [24–26]. Moreover, these foundational models can later be customized for specific tasks
or used directly for fast though less accurate simulations. In spirit, this is similar to large language
models (LLMs), trained on the entire internet, that serves as general purpose models. MACE model,
MACE-MP-0, trained on the Materials Project trajectory dataset (MPtrj) [27], containing over 1.5
million data points, exhibited excellent extrapolation capability to out-of-distribution domains [24].
Several foundational MACE models trained on different datasets have followed, MACE-MPA-0,
which includes 3.5 million new configurations, combines MPtrj with a subset of the Alexandria
dataset [28]. MACE-OMAT-0, trained using Open Materials 2024 (OMat24) dataset [29], containing
over 110 million Density Functional Theory (DFT) single-point calculations of inorganic materials,
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including a wide range of non-equilibrium structures, other foundational models based on different
training datasets are continually emerging.

Similar to recent approaches of transfer learning in LLMs and computer vision models [30], fine-
tuning foundational models has emerged as an efficient strategy for achieving high accuracy while
substantially reducing training data requirements. By leveraging the broad knowledge encoded in a
foundation model (pre-trained on extensive datasets spanning diverse materials), fine-tuning enables
rapid specialization to specific sub-domains with minimal additional data [31].

Until recently, atomistic modeling of the SEI formation was challenging due to the reactive and
chemically complex nature of the process [10, 32–34]. Classical force fields, which rely on fixed
topology, are inherently unable to describe bond breaking and formation, limiting their applicability
to reactive environments [35]. Reactive force fields such as ReaxFF [35, 36] represented an impor-
tant step forward; however, their development requires substantial parametrization effort, and their
predictive accuracy remains system dependent [10, 35]. On the other hand, Ab Initio Molecular
Dynamics (AIMD) simulations are highly accurate but computationally demanding; hence they are
typically restricted to systems containing at most a few hundred atoms and to simulation times on
the order of picoseconds [35, 37]. The emergence of MLFFs has significantly expanded the scope of
tractable problems [13]. Recently, Li et al. [37] studied lithium ion diffusion mechanisms in Li2CO3
and Li2EDC, two important SEI components, using the Moment Tensor Potential (MTP) and em-
ploying several iterations of active learning to construct a training set of 8,686 structures. They
find diffusivity and activation energy values in good agreement with the reference. Similarly, De
Angelis et al. [38] employed a DeePMD potential to study lithium diffusivity in LiF, following an
active learning protocol that resulted in a dataset of approximately 40,000 configurations. They
capture interstitial and vacancy diffusion processes and suggest a ring diffusion mechanism at high
concentration [38]. These studies of isolated SEI components can provide valuable insights; however,
extending simulations to capture a full SEI formation process will require, in addition to accurate
and computationally efficient models, improved data efficiency in the training of MLFFs.

In this study, we consider the MACE foundational model and its fine-tuned variants, motivated
by the reported good out-of-the-box performance [24] and expected data efficiency [39], to predict
lithium diffusivity in LiF as a representative model system for SEI-related processes. We consider
the foundational model MACE-MPA-0 and several fine-tuned variants, covering both the reuse of
data generated during the active learning of a DeePMD model [38] and the construction of a dataset
via an active learning protocol tailored for this model. Although energy and force regression errors
are informative indicators of fitting quality, they do not necessarily guarantee reliable performance
under realistic finite-temperature dynamical conditions [40]. More recent efforts reflect a broader
shift toward evaluation frameworks that extend to physically relevant performance metrics [26,40–45].
However, these studies mainly consider pretrained foundational models, without providing systematic
analysis of fine-tuning strategies and without emphasizing long Molecular Dynamics (MD) simula-
tions. While Focassio et al. [26] assessed foundational MACE and M3GNet models, including a
fine-tuned variant of them, their evaluation is largely limited to surface energy calculations, and the
impact of dataset size and composition was not analyzed. On the other hand, our benchmarking
strategy assesses the model through its ability to reproduce a physically meaningful process obtained
from long MD simulations extending from 3 to 9 ns. Such timescales allow us to probe transport
properties and long-term stability of the potential. This provides a more stringent and physically
relevant validation and is able to reveal accumulated errors or stability issues over extended trajec-
tories. Moreover, we systematically compare different fine-tuning strategies and explicitly address
reusability of data and computational efficiency during fine-tuning. This aspect is rarely considered
in existing approaches; yet it is a crucial aspect for investigating complex, multi-component phenom-
ena such as SEI formation, which involves multiple species including LiF, Li2O and Li2CO3 among
many others.

2 Method
Molecular Dynamics (MD) simulations were performed using the Large-scale Atomic/Molecular Mas-
sively Parallel Simulator (LAMMPS) [46], the Atomic Simulation Environment (ASE) [47], and
MACE machine learning force fields [22,48]. Simulations were carried out in the NVT ensemble with
a time step of 1 fs. A 5×5×5 supercell of the LiF conventional bulk (containing 1000 atoms and mea-
suring 20.42 Å in length) was employed for the diffusion calculations. Temperature was controlled
by the Nosé–Hoover thermostat [49, 50] with a time constant of 0.1 ps. An equilibration period of
300 ps was used for the MACE-MPA-0 trajectory. For all other simulations, a 100 ps equilibration
time was employed; the starting point, however, was from the equilibrated structures obtained from
the MACE-MPA-0 simulation. This equilibration time ensures that the system reaches stable fluc-
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tuations in both energy and temperature (see Section S3 of the Supplementary Information for more
details). As a preliminary assessment, we evaluated the bulk equilibrium properties. We find that
the bulk equilibrium properties are accurately predicted by MACE (details are provided in Table.
S1 in the Supplementary Information), consistent with its training on periodic bulk structures from
the Materials Project, which covers many Li and F-containing systems [24, 27]. All input files and
training data required to reproduce the results are publicly available (see Data Availability section).

2.1 Diffusivity
The diffusivity was found according to the Einstein-Smoluchowski relation:

lim
t→∞

〈
∥r(t) − r(0)∥2

〉
= cdDt (2)

where t is time, D is the diffusion coefficient, and cd is a constant that accounts for the system
dimensionality; being cd = 6 for three-dimensional diffusion. For a sufficiently long simulation time,
diffusion coefficients are extracted by calculating the slope of the Mean Square Displacement (MSD)
versus time for each simulation. The activation energy for diffusion, Ea, was then obtained by fitting
the temperature dependence of D to the Arrhenius-like equation:

D = D0 · exp
(

− Ea

kBT

)
, (3)

where D0 is the maximum diffusivity, kB is the Boltzmann constant, and T is the temperature [51].
Note that finding the pre-exponential factor is not trivial by heuristic arguments [52]. Here we
find it through an empirical measurement of in silico MD experiments, this has an advantage over
other methods as it inherently accounts for entropic effects. To assess robustness of the transport
properties obtained from MD, diffusivities were extracted from multiple independent replicas: four
per temperature from 9 ns simulations for activation energies, and two from 3 ns simulations for
diffusivity comparisons at 400 K and 450 K. After equilibration, statistics were derived from the full
MD trajectories, which showed no energy drift or instability. This statistical assessment is distinct
from the committee-based model uncertainty used during active learning.

2.2 Fine-tuning with DeePMD data
MACE-MPA-0 model [53] served as the starting point for our experiments. First, we fine-tune it
using data generated during the active learning process of DeePMD (For details about the dataset
creation and access, see Ref. [38].) The dataset contains over 40,000 structures, from which we
randomly select a small subset for fine-tuning. We select fine-tuning datasets of increasing size: 110,
210, 410, 710, 800 and 1600 samples. Additionally, we incorporate varying numbers of Materials
Project data—0 (naive fine-tuning), and multi-head fine-tuning with 100, 1000, and 10,000 data
points—into the training. We explore different numbers and ratios of bulk, Li interstitial, and MPtrj
pre-training datasets. Details of the composition of the different training datasets considered are
shown in Table 1. Notably, the 800 sample case has identical structures to the 710 sample case, it
only includes 90 additional bulk structures.

Table 1: Summary of datasets used to fine-tune MACE-MPA-0 [53], for the case where we used
configurations from DeePMD actively learned dataset [38] to fine-tune with a varying amount from
the pre-training Materials Project (MPtrj) [27] dataset.

Fine-tuning data [38] Pre-training data [27]
Bulk Interstitial Total MPtrj
LiF Li in LiF
10 100 110 1000
10 200 210 0, 100, 1000
10 400 410 1000
10 700 710 0, 100, 1000, 10000
100 700 800 0, 100, 1000, 10000
200 1400 1600 1000

Training was performed for 800 epochs, whereas the 10,000 pre-training cases, being significantly
larger, were limited to 200 epochs. MACE universal loss based on the weighted sum of the Huber loss
functions [54] for energies, forces, and stresses was used as a training loss. Details about the training
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loss function and the corresponding learning curves are provided in the Supplementary Information.
The weights for energy, forces, and stresses losses were set to (λE , λF , λσ) = (1, 10, 1), assigning
higher importance to forces as they were harder to learn.

2.3 Active learning
An active learning protocol similar to [38,55] was followed. A committee of four models were trained
using the same data, with different random initialization, to quantify model uncertainty and inform
decisions regarding additional training data. Simulations were performed with an NVT ensemble,
consistent with previous MD simulations, using 3×3×3 supercell (comprising 216 atoms, 12.25 Å).
Each simulation was carried out for 24 hours, corresponding to approximately 600 ps trajectories.
The mean force error was evaluated as [18]:

σ = max
i


√√√√ 1

N

N∑
k=1

∥∥Fk
i − Fi

∥∥2

 , (4)

where the size of the committee N = 4, Fk
i is the force on i-th atom predicted by the k-th model,

and Fi is the committee average [18,38]. The structures were sampled according to the uncertainty:
30% of the data are taken from within the 1σ range, 60% within the 1.5σ range, and the remaining
within the 2σ range [55].

2.4 Fine-tuning with MACE-MPA-0 data
We train two additional models referred to as Fine-Tuned 1 (FT1) and Fine-Tuned 2 (FT2), starting
from data sampled from configurations explored by the MACE-MPA-0 trajectories, without incor-
porating any pre-training data. Energy, forces and stresses for new sampled configurations were
evaluated with DFT using the Quantum ESPRESSO code [56–58]. We used the PBE exchange-
correlation functional and Projector Augmented Wave (PAW) pseudopotentials [59]. Brillouin-zone
sampling was limited to the Γ-point. Self-consistent convergence threshold was set to 5 × 10−7

Ry. Plane-wave basis with a kinetic energy cutoff of 110 Ry and charge-density cutoff of 440 Ry was
used. Electronic occupations were treated with Gaussian smearing of 0.005 Ry. This is consistent
with the methodology used to generate the DeePMD dataset [38]. A summary of the training data
is shown in Table. 2.

Table 2: Dataset creation through active learning for models FT1 and FT2. The starting dataset for
the active learning for both FT1 and FT2 models (step 0) was created by sampling configurations
from MACE-MPA-0 MD trajectories, for bulk LiF and interstitial Li defects in LiF across a range
of temperatures. FT1 model then added interstitial Li configurations in 2 steps, while in FT2,
additional configurations for both bulk and interstitial Li cases were added in a single step. In each
case sampling was done from the fine-tuned models themselves

step Temp (K) FT1 FT2
Bulk Li interstitial Bulk Li interstitial
LiF in LiF LiF in LiF

0

300 4 10 4 10
350 - 10 - 10
400 4 10 4 10
450 - 10 - 10
500 4 10 4 10
600 4 10 4 10

1

300 - 10 7 10
400 - 10 7 10
500 - 10 7 10
600 - 10 7 10

2

300 - 10 - -
400 - 10 - -
500 - 10 - -
600 - 10 - -

Total 156 144
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A total of 76 structures were randomly selected: 16 bulk and 60 LiF with an interstitial Li con-
figurations at different temperatures (step 0 in Table 2). For the FT1 model, we perform two active
learning steps. In each step, 40 additional structures are selected based on committee disagreement
in the interstitial Li in the LiF configuration. In total, FT1 is trained on 156 structures and validated
on equal amount of structures. For the model FT2, we perform only one active learning step. In this
case, the training data includes both interstitial and bulk configurations from the committee run.
This results in a total of 144 structures used for training and similar amount for validation.

The final force disagreement among the ensemble of models was on the order of 10−5 eV/Å for
FT1 and 10−4 eV/Å for FT2 (see Supplementary Information S13). The models were trained for
800 epochs using the Huber loss function. For these two cases, we found the optimal balance for
learning all three components of the loss function by setting the weights to (λE , λF , λσ) = (1, 1, 10)
for energy, forces, and stresses, respectively .

3 Results and Discussion
As Li-ion propagates through the SEI, several transport mechanisms can take place, including direct
interstitial hopping and knock-off hopping, among others [38,60]. Herein, we start all MD simulations
by placing an interstitial Li ion into bulk LiF (Fig. 1 (a)) without applying any bias. We let the
system evolve to sample the free-energy landscape at finite temperature, hence in our treatment the
enthalpic and entropic contributions to transport mechanisms and the accessibility of intermediate
states are included. We find that, in all cases, the system exhibits knock-off hoppings, i.e., an
interstitial Li ion knocks a lattice Li atom out of its site, taking its place, while the displaced lattice
Li becomes the new interstitial ion, as shown in Fig. 1. In the process, the Li ion breaks bonds
with its surrounding atoms and forms new ones. This is in agreement with studies showing it to be
the preferable transport mechanism over the direct interstitial hopping [38,61]. Achieving sufficient
sampling of rare events via MD can be computationally demanding [62]. This is precisely where
MLIPs provide significant advantage, as they allow access to the long timescales required to observe
numerous diffusion events needed for adequate sampling. In our work, independent diffusion events
were observed from simulations spanning 3 to 9 ns with 2 to 4 replicas, providing adequate sampling
for the relevant transition pathways.

a) b) c)

Figure 1: Molecular dynamics snapshots of a knock-off event showing (a) the initial state, (b) an
intermediate configuration along the transition pathway, and (c) the final state following the knock-
off event. Purple atoms represent Li, and green atoms represent F.

3.1 Arrhenius behavior of Li diffusion
As the transport of Li ions is key to battery performance, accurately describing this process provides
an essential test for MLIP applied to battery materials. We therefore first benchmark MACE-
MPA-0 and fine-tuned MACE-MPA-0 models by using the Arrhenius equation (Eq. 3) to derive
their predicted activation energies Ea and maximum diffusivity D0, which we compare against the
reference values simulated by the DeePMD model [38].

The Arrhenius plot for the MACE-MPA-0 model and a fine-tuned model along with the reference
DeePMD values [38] are shown in Fig. 2. The fine-tuned model was trained on 200 data points
randomly sampled from actively learned DeePMD structure [38] and 100 pre-training MPtraj [27]
data points, we denote it as ft200-pt100 (ft: fine-tuning, pt: pre-training). MACE-MPA-0, trained
only on equilibrium and near equilibrium data, shows robust out-of-distribution performance in our
case of interstitial defects and provides a good prediction of the activation energy Ea of 0.220 ±0.015
eV. The Li diffusivity is underestimated at all temperatures. The foundational model MACE-OMAT-
0, which incorporates a larger portion of non-equilibrium structures, yields values closer to the
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kBT ) (Fine-tuned)

D = 6.6 × 10 6 exp (0.24 eV
kBT ) (Ref. [38])

Figure 2: Arrhenius plot for activation energy Ea calculated with MACE-MPA-0 and our fine-tuned
model (incorporating 200 DeePMD data points [38] and 100 MPtraj pre-training data points, ft200-
pt100) from 9 ns MD trajectories. For reference, we include DeePMD results found in Ref. [38].

reference diffusivity (Fig. S7, Supplementary Information). Notably, fine-tuning with as few as 300
data points results in fair performance, the Arrhenius behavior is maintained with an activation
energy value of 0.200 ± 0.004 eV and the underestimation of the diffusivity values is less severe.
For instance, at 450 K, the underestimation relative to the reference value is reduced from 49%
to 6%, and at 500 K, it decreases from 42% to 16%, as shown in Table 3. Using Approximate
Nudged Elastic Band (ApproxNEB) method, Deng et al [63] demonstrated that foundational MLIPs
systematically underestimate ion migration barriers compared to DFT with a mean absolute error
difference of 0.30 eV for MACE-MP-0 using 470 Mg-ion migration pathways. They observed softening
of the Potential Energy Surface (PES) in many foundational MLIPs [63]. This effect arises from the
underestimation of energies and forces that stems from their training primarily on equilibrium atomic
configurations [63]. On the other hand, we estimate activation energies by incorporating temperature
effects through Arrhenius fitting of diffusivity data. We find a small underestimation of the activation
energies predicted by the MACE-MPA-0 and its fine-tuned variant of just 0.02-0.04 eV relative to
the reference, as reported in Table. 3.

Table 3: The predicted values of the activation energy Ea, pre-exponential factor D0, and diffusivity
D at 450 and 500 K, for MACE-MPA-0 foundational model, ft200-pt100 fine-tuned model, and the
DeePMD reference values [38].

Ea Do D (450 K) D (500 K)
(eV) (cm2/s) ×10−3 (cm2/s) ×10−6 (cm2/s) ×10−6

MACE-MPA-0 0.22 ± 0.015 1.1 ± 0.42 3.45 ± 0.50 7.3 ± 1.2
Fine-tuned 0.20 ± 0.004 1.1 ± 0.13 6.4 ± 0.61 10.5 ± 0.43
DeePMD 0.24 3.3 6.8 12.5

We find both the foundational model and a model fine-tuned with only 300 data points to yield
fair performance. To compare with DFT, Zheng et al. [61] found the activation energy of 0.25 eV
using the Climbing Image Nudged Elastic Band (CI-NEB) method on a 2×2×2 supercell. Similarly,
Yildirim et al. [64] reported a value of 0.27 eV using the DFT and NEB method with the same
supercell size. It is worth noting that using larger supercells or including entropic effects is difficult
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with standard DFT. Previous attempts to overcome these limitations with ReaxFF potential have
not been successful despite extensive reparameterization effort; the structure failed to remain stable
(liquefying during simulation) and yielded an activation energy of only 0.06 eV [10].

Notably, the atoms involved in the knock-off event fluctuate in pairs (Fig. 1 (b)) and are typically
preceded by multiple unsuccessful escape attempts. After knock-off, one atom displaces another, so
while an individual atom moves a distance x, the net charge displacement is 2x. The Haven ratio
(Hr) can provide insights into the effect of ionic correlations on diffusivity [65, 66]. Computing Hr

remains an interesting direction and is left for future work. Next, we investigate the impact of
different fine-tuning strategies on model performance.

3.2 Comparison of different fine-tuning strategies
Following the fair performance of the MACE models observed in the previous section in predicting
Arrhenius properties, we now consider the effect of different fine-tuning strategies. This comparison
is designed to provide some insights into the training protocol. The diffusivity of interstitial Li in LiF
at 400 K and 450 K was found for several fine-tuned models using 3 ns trajectories in two independent
replicas. Figs. 3a, 3b, 3c show fine-tuned MACE-MPA-0 using the actively learned DeePMD data
available in Ref. [38]. Fig. 3d, on the other hand, shows models trained using the configurations we
generated from the trajectories explored by the MACE-MPA-0 potential (see Sections 2.2 and 2.4,
respectively).

110 210 410 800 1600
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Di
ffu

siv
ity
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 (c

m
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1 )

400 K 450 K Ref. [38]

(a) Fixed pre-training dataset of 1000 configuration
and variable fine-tuning datasets between 110 to 800
data points.
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(b) Fixed fine-tuning dataset of 800 data points: 700
for Li interstitial in LiF, and 100 for bulk LiF and
variable pre-training dataset.
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(c) Fixed fine-tuning dataset of 710 fine-tuning data
points: 700 for Li interstitial in LiF, and 10 for bulk
LiF and variable pre-training dataset.

FT1 FT2
Model
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ffu

siv
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400 K 450 K Ref. [38]

(d) FT1 and FT2 models using configurations gener-
ated from MACE-MPA-0 trajectories (see Table. 2)
and no pre-training data.

Figure 3: The diffusivity at 400 K and 450 K computed using 3 ns trajectories from two independent
replicas for different fine-tuned MACE models. The models in (a), (b), and (c) are trained with
DeePMD model generated dataset [38]. Note that the 800 data points in (b) contains the same 710
data points in (c) with 90 additional LiF bulk structures. The models in (d) were trained using
data generated from configurations explored by the MACE-MPA-0 model. The dashed lines are the
DeePMD reference value [38].

In Fig. 3a, the pre-training data set was fixed to 1000 randomly selected structures from MPtraj,
the same data for all experiments, and the fine-tuning data was increasing from 110, 210, 410, 800 to
1600-samples datasets. All models exhibit good performance, with accuracy improving as the amount
of fine-tuning data increases, gradually approaching the reference values. At 800 data points, the

8

Page 8 of 16AUTHOR SUBMITTED MANUSCRIPT - JPENERGY-101288.R2

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60 A

cc
ep

te
d 

M
an

us
cr

ip
t



IOP Publishing J. Phys. Energy vv (yyyy) aaaaaa Author et al

model reaches good agreement with the reference and doubling the size of the data set provides no
noticeable advantage.

On the other hand, in Fig. 3b, when the fine-tuning data set is fixed to 800, and the size of the
pre-training dataset is varied from 0 and up to 10,000, we observe that increasing the amount of
pre-training data initially improves agreement with the reference values. However, beyond a certain
point, additional pre-training data yields diminishing returns. A similar pattern can be observed with
200 fine-tuned data models although in this case the diminishing returns can be already observed
with smaller pre-training dataset size that exceeds 100 data points (see Fig. S6 in Supplementary
Information). It is worth noting that in the 1600-point fine-tuning sets in Fig. 3a, a pre-training
dataset of 1000 structures continued to result in good performance. These results suggest that the
smaller the fine-tuning dataset, the more sensitive the model is to the size of the pre-training dataset.

Comparing Fig. 3b and Fig. 3c, the model trained on 710 data points (Fig. 3c) overestimates
diffusivity relative to the reference. This dataset consists of 700 interstitial Li in LiF configurations
and only 10 bulk structures. When 90 additional bulk structures from the reference dataset are
incorporated in the 800-point set (Fig. 3b), the model predictions closely match the reference value.
Hence, achieving adequate representation of the underlying distribution is as important as the dataset
size.

These results show that leveraging existing datasets (in this case, data generated through the
DeePMD active learning process) can provide the data needed to train accurate MACE models. This
observation is consistent with previous results of training MACE with datasets generated by finding
the DFT energies and forces for configuration sampled from the trajectories explored by Gaussian
Approximation Potential (GAP) models which yielded good performance [67]. In particular, when
trained on GAP-generated data for conventional battery electrolyte solvents, it appears that MACE
achieves better agreement with ab initio diffusivity values compared to the original predictions from
the GAP model [67]. It is worth stressing that we found training a committee yields strong agreement
between its members, indicating low uncertainty and thus eliminating the need for an active learning
protocol.

Previous results used dataset carefully constructed for this specific problem via an active learn-
ing process with DeePMD potential [38], however, such resources are not always available. As an
alternative approach, we also investigate generating training data by sampling configurations from
trajectories explored by the foundational model itself. Specifically, we sample configurations from a
MACE-MPA-0 trajectory, compute their DFT energies, forces and stresses, and subsequently train
a new fine-tuned MACE models.

Two models, FT1, trained on 156 structures: 16 bulk LiF, and 140 LiF with one interstitial Li
atom, and model FT2, trained on 144 structures, 44 bulk LiF, and 100 LiF with one interstitial Li
(see Table. 2). In other words, FT1 has less bulk configurations in its training data compared to the
FT2. Interestingly, in contrast to the behavior observed with DeePMD-generated data, we observe
notable disagreement among committee members in the case of Li interstitial in LiF, this necessitated
using active learning protocol for this case (see Sec. 2.3). The resulting lithium diffusivity values are
shown in Fig. 3d. Both models demonstrate fair performance. FT1, which includes more interstitial
configurations, slightly overestimates the diffusivity relative to the reference, while FT2, containing
a larger proportion of bulk configurations, slightly underestimates it. Importantly, MACE achieves
comparable accuracy to the DeePMD model [38], despite being trained on merely 156 data points
for FT1 and 144 data points for FT2 and does not require more than a single training round.

It is also worth noting that the results obtained here surpass those obtained with ReaxFF, where
the Radial Distribution Function (RDF) of the bulk is found to resemble a liquid phase rather than
a solid phase and the activation energy is underestimated with a value of 0.06 eV even after a long
parametrization process that was highly sensitive to the choice of training data [10].

Model training was highly efficient and parallelizable; for example, fine-tuning the model with a
total of 1800 data points (800 fine-tuning data points and 1000 pre-training data points) and a batch
size of 2 required just 4.5 hours to complete 800 epochs, averaging approximately 20 seconds per
epoch (i.e., 20 seconds for going through all the data once) using 8 NVIDIA A100 GPUs. Similarly,
the model trained with similar settings but only 300 data points, 200 fine-tuning data and 100
pre-training data, needed an average of 6 seconds per epoch. For running the MD simulations in
LAMMPS, on a single NVIDIA A100 GPU, the simulation required approximately 0.24 seconds per
step. With a time step of 1 fs and 300,000 steps this corresponds to 300 ps completed in 20 hours.
Multi-GPU support in LAMMPS has recently become available; efficient multi-GPU parallelization
would significantly reduce the time reported here. DeePMD, on the other hand, already has an
efficient parallel implementation; a simulation of the same system can achieve nanoseconds per day.
This highlights a trade-off between training data requirements and MD production speed. For more
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complex systems, the need for additional training data grows, creating a bottleneck where DeePMD
is constrained by the requirement for generating training data with computationally expensive DFT.

Constructing an optimal training dataset requires careful validation against the target prop-
erty. Some reports suggest that as few as 50 randomly selected data points [39] are sufficient for
training and as little as a single structure [63] may suffice for fine-tuning foundational MLFF. Our
results demonstrate data efficiency and achieve fair results that are comparable to a well-trained
DeePMD model [38] with substantially less data and effort. Nevertheless, we find that achieving
good performance requires more data than these prior reports suggest, and ensuring accuracy and
model robustness remains a non-trivial task. As we showed, model performance depends on both the
dataset size and its composition. Since the training data directly shape the learned PES, assembling
a broad-coverage and reliable dataset is essential, the amount of interstitial and bulk environments
and the relative size of the pre-training dataset biases the model toward lower or higher mobility,
and thus affects the diffusivity prediction.

4 Conclusions
In this study, we investigated interstitial Li diffusivity in LiF, a key SEI component that plays an
important role in battery performance and safety. Our results demonstrate that both the founda-
tional MACE-MPA-0 model and its fine-tuned variants, trained with either data generated from
configurations explored by an accurate reference model (DeePMD) or by the foundational MACE
model itself, result in stable trajectories over long MD simulations and provide a good description of
the system. The use of the reference model data, however, offers a significant gain in training speed
and ease of use. Notably, the predicted values for activation energy and diffusivity are consistent
with the values of the DeePMD model—trained on over 40,000 data points—despite the foundational
MACE model achieving comparable accuracy with little to no additional training.

In agreement with previous studies, we find that the data required for training MACE is minimal
and that multi-head fine-tuning with pre-training data can improve model performance. However, we
observe that the choice of constituents and the ratio between different data groups (bulk, interstitial,
pre-training) can bias the model, yielding either higher or lower diffusivity. Furthermore, while the
inclusion of pre-training data improves model performance, this benefit exhibits diminishing returns
beyond a certain point that is dependent on the fine-tuning training dataset size. Although the
benefits of the pre-training dataset can be greater for smaller fine-tuning datasets, so too is the
sensitivity to the pre-training dataset size. These findings indicate that not only the size but also the
proportionality between the constituents in the dataset needs to be accounted for and they confirm
that rigorous model verification with respect to the specific property of interest remains critical.
Therefore, designing high-quality battery-specialized training datasets as well as developing better
methods to determine the optimal structure of the training dataset can play a crucial role in rapidly
adopting these computational tools to address critical, long-standing challenges in batteries. That
being said, the availability of such highly efficient models enables, for the first time, an in-depth
analysis of the SEI formation mechanism, a process comprised of numerous components and a highly
complex composition and topology, for which an efficient utilization of training data is highly needed
in addition to accurate and computationally inexpensive models.

Beyond crystalline single materials of the dominant SEI components, an interesting direction is to
investigate multi-component systems that cover heterogeneous and amorphous phases thereby more
faithfully mimicking the complexity of real SEI. In addition, although still computationally demand-
ing, simulating the SEI formation process across different electrolytes and ion systems, including
those beyond lithium-ion batteries, is becoming more feasible and would provide an important con-
junction to experimental studies. Finally, the good out-of-the-box performance of the foundational
model can serve as an effective computational screening tool to identify highly diffusive materials for
next-generation of battery technologies.
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niute, J. T. Margraf, I.-B. Magdău, A. Michaelides, J. H. Moore, A. A. Naik, S. P. Niblett,
S. W. Norwood, N. O’Neill, C. Ortner, K. A. Persson, K. Reuter, A. S. Rosen, L. L. Schaaf,
C. Schran, E. Sivonxay, T. K. Stenczel, V. Svahn, C. Sutton, C. van der Oord, E. Varga-
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