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of disorder-induced ion
conduction in NaFePO4 cathode materials†

Rasmus Christensen, a Kristin A. Persson bc and Morten M. Smedskjaer *a

Most modern battery technologies depend on solid-state crystalline cathode materials. However, some of

these materials are constrained by the low ionic conductivity of their most stable phases. An example of this

is maricite (NaFePO4). Interestingly, experiments have shown that maricite can improve its rate capability

through disordering (amorphization). However, experimental characterization of amorphous cathode

materials remains a major challenge, hindering a clear understanding of the structural origin of the

disorder-induced improvement in sodium-ion mobility. To address this, we here employ molecular

dynamics simulations by first training a machine learning potential for NaFePO4 based on the atomic

cluster expansion approach and a batch active learning potential parameterization scheme. This potential

is then applied to explore the structural and dynamical properties of NaFePO4 glasses as cathode

materials. Specifically, we investigate the effect of glass structure on sodium-ion diffusion, revealing the

relative influences of short-range and medium-range order features. We find significant heterogeneity in

sodium-ion diffusivity in the glass, with fast-conducting ions residing in less constrained atomic

environments with fewer P and Fe neighbors. These more mobile ions are also surrounded by larger

ring-type structures. Overall, the results and developed approach present promising avenues for

developing high-performance glassy cathodes for next-generation batteries.
1. Introduction

The rapid electrication of many sectors of society has created
a growing need for new battery technologies with improved
performance, lifetime, and safety.1–3 Current Li-ion and future
Li-metal batteries face limitations in terms of their cost and
sustainability, due to the limited natural availability of lithium
for electrode and electrolyte materials and commonly used
transition metals (e.g., cobalt) for the cathode.4,5 As such,
developing low-cost and sustainable battery materials based on
abundant resources is highly desired.6 To this end, sodium-
based compounds have emerged as promising candidates to
address some of these challenges, due to the large abundance
and low cost of sodium.6 Although the gravimetric and volu-
metric energy densities of Na-ion batteries cannot exceed those
of the Li analogs due to the larger size and lower reducing
potential of Na, such batteries can still be highly valuable for
large-scale electrical storage where energy density is not a crit-
ical issue.7
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To realize large-scale Na-ion batteries, new cathodematerials
are needed. Several candidates have been proposed, including
transition metal oxides like NaMnO2,8,9 and polyanionic
compounds, typically based on one or more transition metals
and a polyanion group such as (PO4)

3−, (SiO4)
4−, or (SO4)

2−.10

One system of particular interest is NaFePO4, as it offers a highly
abundant and environmentally friendly combination of
elements.11 The Li-containing analog, LiFePO4, in the olivine
crystal structure, is a known high-performance commercial
cathode material, which exhibits a reversible capacity of about
160 mA h g−1 and a working voltage close to 3.5 V vs. Li/Li+.12

However, contrary to LiFePO4, the most thermodynamically
stable crystal phase of NaFePO4, maricite, is electrically inert
since the Na atoms are trapped in their local atomic environ-
ments in the crystal structure.11 This limitation necessitates the
exploration of methods to enhance the conductivity and elec-
trochemical performance of NaFePO4.11,13,14

One of the approaches to increase the conductivity includes
the formation of olivine NaFePO4 through delithiation of
LiFePO4 followed by sodiation, giving rise to a specic capacity
of about 110 mA h g−1 with a discharge voltage of about 2.8 V.15

An alternative approach focuses on disordering maricite. Kim
et al.16 reported that maricite NaFePO4 could be transformed
into an amorphous phase during the rst charging at 4.5 V for
5 h. Interestingly, the amorphous NaFePO4 phase showed
a reversible capacity of about 142 mA h g−1 (92% of the theo-
retical value) at 0.05C during the rst cycle and outstanding
J. Mater. Chem. A, 2025, 13, 24619–24632 | 24619
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cyclability (95% retention aer 200 cycles). This discovery
sparked great interest in exploring various methods for
obtaining both partially and fully amorphous NaFePO4, such as
high-potential charging,17 high-energy ball milling,13,14,18 melt
quenching19 and laser irradiation,20 all exhibiting improved
electrochemical activity compared to maricite NaFePO4.
Notably, disorder can also be used to improve the ion conduc-
tivity in solid electrolyte materials for batteries.21

Understanding the interplay between structural disorder and
sodium-ion mobility is crucial for optimizing these cathode
materials for practical use. Previous work14,22 has found that
a shi in Fe local structure from edge-sharing FeO6 octahedra to
FeOn polyhedral upon amorphization is a key factor for the
enhanced electrochemical performance.14 However, further
investigations are needed to understand the detailed structural
origins and to identify the optimal conditions for achieving
improved ion dynamics. To investigate how disorder affects the
ion dynamics in NaFePO4, we here rely on molecular dynamics
(MD) simulations. Ideally ab initio MD based on density func-
tional theory (DFT) would be performed to study the amorphous
structure and ion dynamics of NaFePO4 with high accuracy.
However, due to simulation length and time scales associated
with accurately capturing these properties in amorphous
materials, relying solely on ab initio MD is currently intractable
due to the computational cost. Hence, to simulate these
systems, we use more computationally efficient methods. To
this end, classical interatomic potentials exist, such as the Teter
potential,23 which has been extended to include parameters for
sodium iron phosphates24–26 (hereaer simply referred to as the
Teter potential), and the BMP potential.27,28 However, we here
focus on machine learning interatomic potentials (MLIPs) due
to their promised balance of both high accuracy and compu-
tational efficiency, but to our knowledge, no MLIP for amor-
phous NaFePO4 currently exists. We note that several
“universal” MLIPs have been proposed in recent years,29,30 but
these potentials have shown difficulties when modelling non-
equilibrium and high-temperature structures, questioning
their suitability for simulating amorphous and melt-quenched
glass materials.31,32

In this work, we parameterize a new MLIP for NaFePO4 by
employing the atomic cluster expansion (ACE)33,34 as the MLIP
architecture, as it offers an efficient way to model complex
systems. As stated, many current attempts to apply MLIP to
amorphous systems suffer from pitfalls such as high tempera-
ture instability, especially when simulating structures outside
the distribution of the training data.35 Furthermore, common
approaches for obtaining training data for these MLIPs involve
sampling structures at various timesteps from long AIMD
trajectories to construct datasets.36 This process can be a very
computationally costly procedure, while still not guaranteeing
a good coverage of the structural feature space. To address these
issues, we here propose a new potential parameterization
scheme based on batch active learning,37 to iteratively improve
the potential by using the potential itself to sample structures,
which are signicantly different from what is already included
in the training data. We believe the proposed parameterization
workow is generally applicable to generate MLIPs for
24620 | J. Mater. Chem. A, 2025, 13, 24619–24632
amorphous and other disordered materials. Building on the
new MLIP and the Teter and BMP classical potentials, we
perform MD simulations to obtain amorphous NaFePO4 struc-
tures, fromwhich ion dynamics are sampled. These simulations
allow us to explore the effects of disorder on ionic transport,
providing structural insights to guide the rational design of
next-generation solid electrodes.
2. Methods
2.1 Computational details

All DFT calculations were conducted in VASP soware38–40 using
the projector augmented-wave method.41 The GGA-PBE func-
tional42 was used with a kinetic energy cutoff of 520 eV and 1× 1
× 1 gamma point sampling. DFT + U was used for the evaluation
of Fe ion, with U set to 5.1 eV and J to 0 eV. This was done to
ensure consistency with the materials project dataset.43 The
convergence criterion for DFT simulations was 10−5 eV per atom
unless otherwise specied. MD simulations using classical
potentials and the trained ACE MLIPs were performed in
LAMMPS44 compiled with the ML-PACE package34 and per-
formed on NVIDIA V100 GPUs using KOKKOS. For simulations
in the NVT ensemble, a Nosé–Hoover thermostat with temper-
ature damping constant of 100 fs was applied, while for NPT
simulations, we added a Nosé–Hoover barostat with a pressure
damping constant of 1000 fs.
2.2 Potential parametrization workow

To parameterize the MLIP for NaFePO4, we applied the work-
ow outlined in Fig. 1A. Each step in the workow is explained
in detail in the following sections. The workow frameworks for
structure generation, model training, and evaluation are based
on several open-source python packages, such as ASE,45

pymatgen,46 Atomate2 (ref. 47), Jobow,48 Fireworks49 and
PACEMAKER,33,34,37,50 and can be found at Github: https://
github.com/R-Chr/vitrum. The proposed framework facilitates
parameterization of machine learning potentials using ACE
for amorphous materials, enabling semi-automated genera-
tion of such potentials for given amorphous systems of interest.
To ensure the high-temperature stability of the resulting
potential, the workow is based on initially generating and
learning from short high-temperature DFT simulations of
strained pseudo-random structures, and subsequently
improving on this using batch active learning.

2.2.1 Random structure generation. Although we are here
mainly interested the properties of the NaFePO4 system, we
sample a much broader composition space during the training
of our model. That is, within the ternary composition diagram
of NaO0.5, PO2.5 and FeO oxides, we sample the entire ternary
diagram in 10 mol% increments as shown in Fig. 1B. This is
done to increase the transferability of the potential to other
compositions in the future, but also to ensure that the model is
exposed to many different chemical environments that may
inuence the performance and stability when simulating
NaFePO4 systems. For each chosen composition, an initial
pseudo-random atomic structure of ∼100 atoms was generated
This journal is © The Royal Society of Chemistry 2025
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Fig. 1 (a) Flow diagram of the ACE potential parameterization workflow. (b) Ternary diagram of studied sodium iron phosphate compositions
used for training the ACE potential. (c) Pseudo-random atomic structures of Na2O–FeO–P2O5 generated based an initial estimated density and
subsequent scaling of side lengths by 0.8 (left), 1.0 (middle), and 1.2 (right).
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by randomly placing atoms in the simulation box while
ensuring a minimum interatomic distance of 1.7 Å to avoid
unrealistic overlaps. The initial density of a given composition
was chosen by matching it to the average density of its corre-
sponding crystal phase as available in the materials project
database.43 If no precise compositional match was available in
the database, the density was chosen as the average density of
all crystals in the database, containing exactly the same atom
types as the given composition. This approach allowed for
a reasonable and consistent initial density guess for amorphous
systems where the real density is unknown. The initial structure
was subsequently rescaled in all directions, either stretched or
compressed by 20%, producing three random structures for
each composition to increase the types of chemical environ-
ments sampled throughout training (Fig. 1C). In the present
study, all compositions are balanced to considered only a single
oxidation state of each species: +1 for Na, +2 for Fe, +5 for P and
−2 for O (see Discussion on the choice of iron redox state in
Section 3.5).

2.2.2 Initial high temperature dataset. An initial high
temperature dataset was generated using AIMD by sampling
structures from 200 fs trajectories at 5000 K of the generated
random structures in the NVT ensemble using a 2 fs timestep.
From these short trajectories, structures were sampled every 40
fs. These high temperature trajectories explored the initial
relaxation of the random systems, and hence sampled a wide
range of congurations, ensuring that the dataset captured
a diverse set of structural features and potential energies and
forces. The energies and forces of the sampled conguration
were collected to form the initial dataset of 980 structures used
for training the initial ACE potential.
This journal is © The Royal Society of Chemistry 2025
2.2.3 Machine learning interatomic potential tting. The
chosen MLIP architecture, ACE, is used to learn and predict the
energies and forces of the given atomic structures. We use the
ACE methodology as implemented in the PACEMAKER so-
ware.33,34,37,50 A detailed walkthrough of the principles of ACE is
provided elsewhere.33 To construct an ACE potential, the atomic
environments were described using spherical harmonics, up to
an angular momentum lmax and radial basis functions repre-
sented by Bessel functions. The atomic interactions were eval-
uated up to a limit of 6.5 Å, at which point the radial
components approached zero. For the ACE model embedding,
we used a complex type embedding (eqn (1)), as previously
proposed by Erhard et al.,51 who showed this type of embedding
to be optimal for parameterizing a MLIP for amorphous SiO2.

Ei ¼ fþ
ffiffiffi
f

p
þ
X
i

ffi ; fi˛
�
1

8
;
1

4
;
3

8
;
3

4
;
7

8
; 2

�
(1)

In eqn (1), the energy of atom i Ei is calculated from expansion
of the atomic properties fi. For fi we used 248 basis functions
per atom type, totalling 992 basis functions and 8692 parame-
ters. For the radial basis functions, we used Bessel functions.
For the potential optimization, the loss function of eqn (2) was
used, giving the squared deviation in predicted energy DE

2 and
forces DF

2, with a weighting ratio between force and energy
deviation k of 0.01.

^ = (1 − k)DE
2 + kDF

2) (2)

We utilized the BFGS algorithm for optimization with
a maximum number of iterations of 2000, and an early stopping
criterion with a patience of 150 iterations for the minimum
relative training and test loss per iteration of 5 × 10−4 and 1 ×
J. Mater. Chem. A, 2025, 13, 24619–24632 | 24621
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10−4, respectively. The potentials were optimized in a ladder
scheme, with batches of 160 basis functions being added to the
potential at a time, and trained until the training stopping
criterion before adding the next batch. We note that the BFGS
algorithm was applied as it is one of the currently supported
algorithms in the PACEMAKER framework. However, if sup-
ported in the future, the use of more sophisticated optimization
methods, such as Bayesian optimization, could potentially be
benecial for better navigating high-dimensional search spaces.

2.2.4 Batch active learning. To iteratively improve the
trained MLIP, we used the potential to generate the new struc-
tures, for which the potential had a high uncertainty. Several
methods exist for calculating the uncertainty of MLIP predic-
tions, such as Ensemble uncertainty,52,53 Bayesian estima-
tion,54,55 and the D-optimality criterion using the MaxVol
algorithm.37,56,57 We here choose to use the D-optimality method
due to its low computational overhead, and its implementation
in the PACEMAKER optimization framework.37 This uncertainty
algorithm offers an assessment of the extent to which a partic-
ular structure resembles other structures present in the training
set through a metric referred to as the extrapolation grade. The
approach allowed us to prioritize structures that were likely to
yield new insights, thereby enhancing the efficiency of our
exploration in the vast congurational space of amorphous
materials.

In many active learning procedures, such as on-the-y
learning,55 sampling of a structure, evaluation with DFT and
retraining the model are done in serial, i.e., the model is
updated aer every new sampled structure. However, due to the
non-negligible computational time required to evaluate struc-
tures and retrain the potential, we opted for a batch approach to
facilitate parallel sampling and evaluation of multiple struc-
tures. In this way, more new information could be included in
each retraining of the potential.

To sample structures with high uncertainty, while also
generating predictions of the equilibrium liquid and glass
structures, we conducted melt-quench MD simulations using
the parameterized potential. Starting from new random struc-
tures, i.e., same compositions and deformations as the high
temperature dataset but rerandomized, we relaxed the struc-
tures at 5000 K in the NVT ensemble for 10 ps. This was followed
by a gradual cooling process to 0 K with a cooling rate of 10 K
ps−1, sampling structures at every 1000 K interval. This
approach allows for the rapid generation of new proposed
liquid and glass structures by the model. During these simu-
lations, we also tracked the value of the extrapolation grade of
each atom from the D-optimitality method. This was done to
identify uncertain structures in its prediction, i.e., structures
with atoms showing an extrapolation grade above 2.5. All such
structures were sampled for later evaluation. Any simulation
showing atoms with an extrapolation grade above 30 was
terminated early, as they were deemed too unstable. Simula-
tions which ended before being completed were not restarted.
Aer attempting to perform all the simulated melt-quenches,
the structures sampled in the batch due to a high extrapola-
tion grade were collected and evaluated for redundancies, i.e.,
to check if similar uncertain structures showed up several times
24622 | J. Mater. Chem. A, 2025, 13, 24619–24632
in the sampled structures. This was done by evaluating all
structures sampled due to a high extrapolating grade, choosing
the optimal subset of them by again using the D-optimality
criterion. Here, we selected up to 500 structures with the
highest extrapolation grades when compared to each other.
This evaluation helped to keep the dataset manageable,
ensuring that mainly unique and potentially valuable structures
were retained for further analysis. Subsequently, these selected
structures were evaluated with single point DFT calculation to
obtain their energy and forces and appended to the existing
dataset. During the parameterization of the NaFePO4 potential,
this process was repeated three times, producing a nal dataset
of 4344 structures.
2.3 NaFePO4 glass structure generation

Using the nal ACE MLIP and the two existing BMP and Teter
classical interatomic potentials, we generated glass structures
of NaFePO4 by simulated melt-quench simulation (Fig. 2A).
Potential parameters for the classical potentials are given in ESI,
Tables S1–S5.† We started from a pseudo-random structure of
3003 atoms generated to have a density of 3.38 g cm−3, corre-
sponding to the extrapolated density of NaFePO4 glass based on
previous experimental results for NaFePO4 systems with varying
composition and crystallinity.19

An overview of the simulation procedures is shown on
Fig. 2B. We started by performing an energy minimization of
the random structure, followed by a 20 ps initialization of the
system at 300 K, with the rst 10 ps in the NVT ensemble, fol-
lowed by 10 ps in the NPT ensemble at zero external pressure.
The system was then instantaneously raised to 3000 K and
relaxed for a total of 200 ps (100 ps in the NVT ensemble, fol-
lowed by 100 ps in the NPT ensemble) at zero external pressure.
Following this equilibration procedure, the systems were sub-
jected to gradual cooling to 300 K with a cooling rate of 1 K ps−1

(NPT, zero external pressure), whereaer the system was relaxed
for a 100 ps at 300 K (NPT, zero external pressure) to obtain
relaxed glass structures.

From these structures, we sampled the diffusion properties
at varying temperatures (500, 700, 900, 1100, 1300, and 1500 K).
To sample diffusion at elevated temperatures, the glass struc-
ture was gradually heated to the target temperature with
a heating rate of 1 K ps−1, and then it was equilibrated for 100 ps
at the target temperature, before the diffusion was measured for
10 ns. To investigate the effect of density changes and pressure
build up (during heating to the target temperature of the
diffusion simulations), two sets of diffusion simulations were
conducted for each temperature, where heating was conducted
in the NVT and NPT ensembles, respectively. The entire diffu-
sion sampling was conducted in the NVT ensemble to ensure
the structure maintained a consistent density, and that the
diffusion was sampled at the target temperature. Five glass
structures were prepared and evaluated for each studied
potential, replicating the same simulation workow.

2.3.1 DFT reference glass structure. To compare the
performance of the MLIP in reproducing the glass structure of
NaFePO4, we produced three NaFePO4 glasses from AIMD
This journal is © The Royal Society of Chemistry 2025
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Fig. 2 (a) Atomic structure of simulated NaFePO4 glass with the ACE machine learning potential. (b) Overview of melt-quenching and diffusion
simulation procedures.
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simulations using DFT. The initial structures for the DFT
calculations were generated from melt-quench simulations of
245 atoms with the BMP potential, using the same cooling
scheme described above. We started from the BMP generated
glass structure to ensure we started from a stable structure,
improving the energy convergence during the self-consistent
eld calculations, while still ensuring that the nal glass
structure from DFT was not biased by a possible retention of the
glass structure of the ACE potential. The initial structure was
rst geometry optimized, and subsequently equilibrated at 3000
K for 2 ps. This was followed by quenching the structures to 300
K with a rate of 100 K ps−1, and subsequent equilibration at 300
K for 1 ps. All the simulation steps were performed in the NVT
ensemble. A larger convergence criterion for DFT simulations of
5 × 10−5 eV per atom was applied for these simulations to
ensure computational efficiency.

2.3.2 Elastic properties. Elastic properties of the glass
structures produced with the interatomic potentials and DFT
were calculated. Glass structures from the interatomic poten-
tials were subjected to 20 stepwise elongations and compres-
sions of 3 = 0.0001 = 0.01% in the tensile directions xx, yy, and
zz as well as in the shear directions xy, xz, and zy under the
assumption of isotropic structures. Structures from DFT were
subjected to single step deformation in each direction of 3 =

0.005 = 0.5%. Aer each deformation step, the structures were
energy minimized, before measuring stress. From the resulting
stress–strain curves, the elastic constants were obtained by
linear regression, with C11, C12, and C44 being calculated as
averages from the elastic tensor under the assumption of isot-
ropy. This enabled a calculation of the elastic moduli and
Poisson's ratio (n) as follows:

E ¼ ðC11 � C12ÞðC11 þ 2� C12Þ
C11 þ C12

(3)

G ¼ C11 � C12

2
(4)

K ¼ C11 þ 2� C12

3
(5)
This journal is © The Royal Society of Chemistry 2025
G ¼ C12

C11 þ C12

(6)
3. Results and discussion
3.1 ACE potential training

To evaluate the performance of the developed ACE MLIP, we
rst evaluate the nal energy and force prediction errors of the
nal training and test datasets. Fig. 3 shows parity plots of the
predicted versus reference energy (Fig. 3A) and forces (Fig. 3B).
The nal obtained mean average errors for the training and test
set for energies were 26.66 and 26.38 meV per atom, respec-
tively, while for the force components they were 499.22 and
515.59 meV Å−1, respectively. We note that although these
errors are relatively large compared to errors usually obtained
for MLIPs,35,51 the present data set contains many high-energy
congurations as reected from the large span of energies
and forces seen in Fig. 3. Hence, the obtained errors suggest
that an accurate potential for investigating glass structure and
dynamics has been obtained. Further, we note that while low
energies and forces errors are very desirable when training an
MLIP, several other criteria are also important, such as stability,
computational efficiency, and ability to replicate the structural
and physical properties of materials. This will be discussed in
the following.

The high temperature stability of the potential is important
as it allows for obtaining glass structures through simulated
melt-quench simulations. As seen in ESI, Fig. S1,† a high
temperature stability test of the initial and nal ACE potential
was performed on a pseudo random structure of 3003 atoms of
NaFePO4 simulated at 5000 K for 10 ps in the NVT ensemble at
zero pressure. We nd that while the initial ACE potential
before active learning is trained purely on structures sampled
from the high temperature AIMD simulations, the potential
quickly (aer only 11 fs) experiences high energy and force
errors, causing the velocity of the atoms to quickly increase and
ultimately terminate the simulation. On the contrary, the nal
ACE potential aer active learning does not exhibit any sudden
J. Mater. Chem. A, 2025, 13, 24619–24632 | 24623
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Fig. 3 Parity plots for (a) energy and (b) force components of the ACE potential for the training (red) and test (green) datasets. The mean average
errors, MAE, for each of the datasets is reported on the figures. An example atomic structure included in the dataset is shown in panel (a).
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increases in the energy and forces, validating the present
approach to increase the high temperature stability of the
potential. Furthermore, throughout the use of the nal poten-
tial, we did not encounter any issues related to its high
temperature stability.

While a comprehensive analysis of the computational effi-
ciency of the of the new ACE potential has not been performed,
we nd that on NVIDIA V100 GPU, we can simulate at 0.07–0.1
timesteps per s per atom, i.e., a performance very comparable to
that of the classical potentials used herein when run on the
same hardware. This efficiency agrees well with previous reports
of the computational efficiency of the ACE method.34 As such,
the high computational efficiency of our MLIP allows us to
simulate the dynamics of the NaFePO4 glass systems at rela-
tively long time scales >105 fs.
3.2 Structural characterization

We compare the structural features of the simulated NaFePO4

glasses generated using the ACE MLIP to those of the BMP and
Teter classical interatomic potentials as well as independent
AIMD simulations conducted separately from the training of
the ACE potential. We note that while these DFT simulations are
expected to give the best description of the glass structure due
to the higher accuracy of DFT, they are limited by the high
cooling rate (100 vs. 1 K ps−1 for MLIP) and small system size
(245 vs. 3003 atoms for MLIP) due to the computational cost.
Consequently, the glass structures generated using AIMD are
expected to be more disordered than what would be obtained
using a lower cooling rate and have limited information
regarding medium-range order structures. Therefore, while we
compare the results of ACE and classical potentials to those
based on DFT, perfect agreement should not be expected due to
the difference in preparation conditions.

The density of glasses produced using the MLIP and classical
potentials is compared in Table 1, showing similar simulated
densities around 3.0 g cm−3. This is lower than the extrapolated
experimental density of (crystal-free) amorphous NaFePO4,19
24624 | J. Mater. Chem. A, 2025, 13, 24619–24632
which is likely caused by several factors, such as (i) the high
cooling rate used in simulations, leading to a higher ctive
temperature and hence lower density, and (ii) the lack of any
corrections for dispersive Van der Walls interactions for the
used PBE functional, which can lead to an underestimation of
the cohesive interactions in materials, leading to a decrease in
the density.58,59

In addition to density, we have evaluated the elastic prop-
erties of the NaFePO4 glass structures. Specically, we
computed Young's modulus, shear modulus, bulk modulus,
and Poisson's ratio of the glass structures from DFT and
compared them with results from the ACE, BMP, and Teter
potentials (see ESI, Table S6†). These comparisons reveal that
all three potentials reasonably reproduce the DFT-computed
elastic properties, with the BMP potential yielding the closest
match across all metrics.

In all the simulated glass structures, P exhibits its expected
coordination number of 4, while the average coordination
number of Fe varies between the different simulation methods,
ranging from 4.46 to 5.15 (Table 1). We here observe good
agreement between the structures generated using ACE MLIP
and DFT, both giving a Fe coordination number above 5.1.
Based on the number of P–O–P and P–O–Fe bonds per P atom in
Table 1, we conclude that an avoidance of interlinking phos-
phates is featured in all simulated glass structures. Isolated
phosphate tetrahedra are the primary phosphate structure,
dispersed between Fe ions.

Fig. 4 shows the partial oxygen radial distribution functions
gij(r) (Fig. 4A), total structure factor S(Q) (Fig. 4B) and selected
bond angle distributions (Fig. 4C). The remaining radial
distribution functions are shown in ESI, Fig. S2.† The radial
distribution functions reveal that the ACE-based potential
accurately reproduces the short-range order structures pre-
dicted by DFT calculations. Specically, the ACE potential
shows improved accuracy in P–O and O–O bond lengths and
peak intensities compared to both the Teter and BMP poten-
tials. However, a notable exception is the Fe–O bond, where the
ACE potential overestimates the peak intensity and shis the
This journal is © The Royal Society of Chemistry 2025
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Table 1 Structural properties of simulated NaFePO4 glass, including density, Tg, average P and Fe coordination number, and number of P–O–P
and P–O–Fe bonds per P atom. For Tg, the first reported number is based on simulations in NVT, while the number in parentheses is from NPT.
*Density of the DFT glass structures is not reported as it remains unchanged from the starting structure generated with the BMP potential due to
quenching in the NVT ensemble

Simulation method Density (g cm−3) Tg (K) Average P coordination Average Fe coordination
P–O–P
bonds per P atom

P–O–Fe
bonds per P atom

ACE MLIP 3.071 762 (740) 4.00 5.15 0.08 3.53
Teter 2.985 1045 (985) 4.00 4.70 0.12 3.29
BMP 3.017 999 (898) 4.00 4.46 0.04 3.39
DFT N/A* — 4.00 5.11 0.05 3.43

Paper Journal of Materials Chemistry A

Pu
bl

is
he

d 
on

 3
0 

Ju
ne

 2
02

5.
 D

ow
nl

oa
de

d 
by

 L
aw

re
nc

e 
B

er
ke

le
y 

N
at

io
na

l L
ab

or
at

or
y 

on
 1

2/
17

/2
02

5 
4:

41
:3

1 
PM

. 
View Article Online
bond length to shorter distances. To examine the medium-
range order of the glasses, we consider the calculated struc-
ture factor (Fig. 4B). While the ACE MLIP shows excellent
agreement with the result of DFT based simulations at high Q,
signicant discrepancies emerge at lower Q. However, the
limited system size of AIMD simulations, makes the low Q
structure factor calculations inherently unreliable. As such, to
properly assess the predicted structure factors, experimental
neutron or X-ray total scattering data would be needed. To the
authors' knowledge, such data has not been reported yet for
NaFePO4 glass. Instead, we have computed glass structures of
Fig. 4 Structural analysis of simulated glass structures produced with the
Radial distribution functions gij(r) for the P–O, Fe–O, Na–O, and O–O i
angle distributions for the O–P–O, O–Fe–O, and P–O–Fe angles. In all
yellow, and red lines, respectively.

This journal is © The Royal Society of Chemistry 2025
related compositions, where experimental total scattering data
is available. This includes P2O5, 20Na2O–80P2O5, 50Na2O–
50P2O5, 40FeO–60P2O5, and 50FeO–50P2O5 glasses. As seen in
the ESI, Fig. S3,† the glass structures, as quantied by the
structure factor S(Q), produced with the ACE potential agree
well with the experimental structures across all ve composi-
tions. This agreement indicates that the MLIP captures struc-
tural features across the broader compositional range and
reinforces its ability to accurately capture the structure of glassy
NaFePO4.
ACE MLIP, Teter, and BMP potentials as well as AIMD based on DFT. (a)
nteractions. (b) Simulated neutron total structure factor S(Q). (c) Bond
panels, results for Teter, BMP, ACE, and DFT are shown as blue, green,

J. Mater. Chem. A, 2025, 13, 24619–24632 | 24625
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We focus our analysis of bond angle distributions on the
three primary structural motifs, namely, O–P–O, O–Fe–O, and
P–O–Fe (P–O–P bonds occur only in negligible quantities, see
Table 1). As shown in Fig. 4C, all potentials accurately capture
the inter-tetrahedral O–P–O angle, while the ACE MLIP gener-
ally provides an improved description of O–Fe–O and P–O–Fe
angles compared to the classical potentials. However, the MLIP
predicts an unexpected secondary peak in the P–O–Fe distri-
bution at approximately 90°, which is attributed to edge-sharing
between P tetrahedra and Fe coordination polyhedral. Notably,
this is not observed in the glass structures generated using DFT.

Overall, these analyses demonstrate that the trained MLIP
generates a glass structure more closely resembling DFT-
derived structures compared to the classical Teter and BMP
potentials. Nevertheless, the limitations in the length and time
scales of DFT-based glass structures, along with the absence of
experimental structure data, prevent a denitive conclusion
about which potential best describes glassy NaFePO4. In the
following, we therefore characterize the diffusion dynamics in
the system using both the MLIP and two classical potentials to
provide a broader basis for comparison.
3.3 Diffusion characterization

Sampling atom dynamics of glasses and amorphous phases is
not a trivial task. To describe room temperature diffusivity, the
common approach is to extrapolate from high temperature
diffusivity data using an Arrhenius relationship. This is because
determining the high temperature diffusivity is more compu-
tationally efficient. An issue with this approach is that very high
temperatures are oen needed to accelerate sampling, i.e., the
diffusivity is oen sampled at temperatures well above the glass
transition temperature (Tg) or even above the melting temper-
ature. As such, we cannot be sure that the same Arrhenius
relationship connecting diffusivity and temperature applies
both above and below the glass transition region. To determine
the low temperature diffusivity, we have sampled the diffusivity
of glass samples at six different temperatures in the range of
500–1500 K, i.e., both above and below the simulated Tg of 762
to 999 K for the different potentials. We determine the diffu-
sivity from 10 ns trajectories at the given temperature, ensuring
that we reach the diffusive regime of the mean squared
displacement (MSD, hrk2(t)i) for Na ions for all potentials at all
temperatures (Fig. 5A). MSD is calculated as,

r2kðtÞ ¼
*
1

N

XN
j¼1

�
rjð0Þ � rjðtÞ

�2+
(7)

for all atoms N of a species k (k = Na, Fe, P, O) from their
positions over time rj(t). The mean square displacement at each
temperature for all species is shown in ESI, Fig. S4 and S5.† The
diffusion coefficient for a species k, Dk, was obtained for the
three potentials at different temperatures from the slope of the
MSDs in the diffusive regime (>105 fs),

Dk ¼ 1

6
lim
t/N

d
�
r2kðtÞ

�
dt

(8)
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The results for DNa are shown in Fig. 5B for structures
prepared in both the NVT and NPT ensembles (see Section 2.3).
For all three potentials, we nd that the diffusion coefficients
are consistently higher in the glass structures prepared using
the NPT compared to NVT ensemble. This likely arises from
thermal expansion during heating, which increases the glass
network volume, reducing density and thereby facilitating faster
Na dynamics in NPT. A non-Arrhenius behavior in Na diffusion
coefficients is evident for the Teter and BMP potentials as the
systems are cooled down (beginning around 700–900 K). We
have illustrated this in Fig. 5B by performing linear regression
of the data above 900 K. This indicates that Na dynamics in the
low-temperature glass phase exceed predictions from high-
temperature extrapolations. Interestingly, the non-Arrhenius
behavior is less pronounced for Na-ion diffusion in the ACE
MLIP generated glass structures.

The non-Arrhenius trend observed in Fig. 5B is found in
samples prepared under both NVT and NPT ensembles, sug-
gesting that it is not driven by pressure or volumetric effects.
Further analysis shows the similar non-Arrhenius behavior for
all atom types across the three potentials (ESI, Fig. S6†).
However, accurately determining the diffusion coefficients of
Fe, P, and O atoms at low temperatures is challenging due to
their limited motion, as reected in the MSD values reported in
ESI, Fig. S4 and S5.† To better understand this behavior, we
relate the Tg of the simulated glasses (ESI, Fig. S7†) to the onset
of the non-Arrhenius behavior in ESI, Fig. S6.† We observe that
in the sampled glass systems exhibiting non-Arrhenius
behavior, the deviation emerges at temperatures equal to or
below the simulated glass transition temperature Tg. We note
that the observed trend mirrors that seen in ionic crystals with
point defects, where diffusion can be categorized into two
distinct regions. Namely, a low-temperature extrinsic region,
where the diffusion rate is controlled by the concentration of
defects, and a high-temperature intrinsic region, where it is
governed by thermally generated intrinsic defects.60 We propose
that a similar mechanism may explain the observed behavior in
our glass systems, where at low temperature, the diffusion is
controlled by the inherent conduction pathways in the glass
structure, with the activation energy only depending on the
energy of migration. As the temperature increases to above Tg,
the surrounding glass network becomes mobile and thus adds
an additional contribution to the activation energy.

To further characterize the Na-ion diffusion in these
systems, we investigate the per-atom dynamics by calculating
the self-part of the Van Hove correlation function Gs(r,t),

Gsðr; tÞ ¼ 1

N

XN
j¼1

d
�
rþ rjð0Þ � rjðtÞ

�
(9)

which provides the probability of nding a particle j at
a distance r from its original position aer time t. For the
sampled time of 100 ps, the function Gs(r,t) for Na atoms
displays a broad distribution, with probabilities extending up
to, e.g., 5 Å at 500 K. At elevated temperature, the distribution
shis to larger distances (r ∼ 1–30 Å at 1500 K) due to the
increased thermal energy (Fig. 5C, ESI, Fig. S8†). From the
This journal is © The Royal Society of Chemistry 2025
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Fig. 5 (a) Mean square displacement of sodium-ion diffusion sampled in the range of 500 to 1500 K with the ACE MLIP. (b) Arrhenius plot of
logarithmic diffusion coefficients as a function of inverse temperature. Lines based on linear regression of the data above 900 K are shown,
visualizing ideal Arrhenius behavior (c) self part Van Hove correlation function of sodium ions after 105 fs in the range of 500–1500 K. (d) Na–Na
radial distribution functions of the 25% highest (fast) and lowest (slow) mobility Na ions after 105 fs at 900 K relative to other Na ions.
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MSDs seen in Fig. 5A, which is an average metric for all atoms,
the Na atoms appear to move diffusively. However, as seen from
the distributions of the self-part of the VanHove correlation, the
actual Na diffusion process in these glasses is inuenced by
signicant heterogeneity. That is, a clear bimodal distribution
for the Van Hove correlation function develops at 700–900 K
around the glass transition of these systems, i.e., at these
temperatures, where the network-forming species (Fe and P) are
diffusing very slowly, different atomic environments are
present. In turn, this leads to very different per atom diffusive
behavior.
3.4 Correlating glass structure with Na-ion dynamics

To characterize the correlation between structural features and
diffusivity, we categorize the Na atoms based on their diffusivity
aer 100 ps at 900 K, designating the top 25% most mobile Na
ions as “fast” and the bottom 25% as “slow”.61,62 The partial
radial distribution functions gij(r) for these two groups, as well
as their interactions with all Na atoms, are presented in Fig. 5D.
This journal is © The Royal Society of Chemistry 2025
Additional gij(r) functions depicting these mobility-labeled Na
interactions with other atomic species for each potential are
provided in ESI, Fig. S9 and S10.† Our analysis reveals distinct
differences in the structural environments surrounding fast and
slow Na atoms. That is, fast Na atoms are preferentially located
near other fast Na atoms, while slow Na atoms exhibit the same
clustering behavior with their counterparts. This trend is
consistent across all tested potentials and simulation condi-
tions, although the extent of clustering depends on the specic
potential used. Notably, the Teter potential shows a stronger
degree of fast–fast clustering, whereas the ACE MLIP exhibits
a higher degree of slow–slow clustering.

Fig. 5D also reveals that fast Na atoms are surrounded by
slightly more Na neighbors on average, while slow Na atoms
have slightly fewer Na neighbors. This trend is observed for all
potentials, but to a higher degree for the Teter and BMP
potentials (ESI, Fig. S11†), where the disparity in the local Na–
Na environment between fast and slow Na atoms is more
pronounced than in the ACE-based potential. Furthermore,
J. Mater. Chem. A, 2025, 13, 24619–24632 | 24627
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differences in the local Na–P and Na–Fe environments of fast
and slow Na ions are also apparent as seen in ESI, Fig. S9 and
S10,† where fast Na atoms tend to have fewer Fe and P neigh-
bors, while slow Na atoms have comparatively more. These
ndings align with previous work on Na-ion dynamics in
sodium containing glasses,61,62 i.e., similar tendencies for Na
atoms with comparable mobility to cluster and for fast Na
atoms to have fewer neighboring glass-former atoms were
observed.

Fig. 6 shows a visual representation of the Na-ion diffusion
trajectories. We nd that some of the Na ions in the glass
network are trapped in local environments that they cannot
escape from during the diffusion process. This is because they
are constrained by the surrounding iron and phosphate groups,
leading to a low mobility during the simulated trajectory. Other
Na ions are located in channel-like local environments where
they can more freely diffuse.

To further characterize the effects of the local environment
on the Na-ion dynamics, we next consider the effect of larger
ring-type structures. In this analysis, Fe and P atoms are treated
as the backbone of the glass structures, with ring structures
being identied based on the network created by their bonds
with O. Specically, we compute Guttman rings,63 dened as the
shortest paths between two atoms connected by an edge,
excluding the direct path. These shortest paths are calculated
using Dijkstra's algorithm. The distribution of Gutmann rings
in the NaFePO4 glass structure from the ACE potential is shown
in ESI, Fig. S12.† For each ring, we determine its center (Cring) by
averaging the positions of the constituent atoms. Using these
centers, radial distribution functions (Fig. 7) are calculated for
rings of different sizes (<6 oxygen atoms, 6–7 oxygen atoms, >7
oxygen atoms) with respect to the different categories of Na
atoms (fast, slow, all). As such, Fig. 7 shows how likely it is to
nd Na atoms at a given distance from the center of rings,
normalized based on the number of Na ions and rings of a given
size.

For ring sizes below 6 (i.e., less than 12 atoms in the ring), we
nd that the Na atoms are consistently located more than 2 Å
away from the ring centers. This suggests that such rings are too
Fig. 6 Visualization of three trajectories of a single Na ion based on
100 ps diffusion at 900 K with the ACE MLIP for one glass structure.
Other non-Na ions within a 4.5 Å radius of the diffusing Na ion are
shown based on their initial position to illustrate the local environment.
Sodium atoms are colored from blue to yellow according to the
diffusion time. Na ions with the lowest (left), median (middle), and
highest (right) displacement after 100 ps are shown for the given glass
structure.

24628 | J. Mater. Chem. A, 2025, 13, 24619–24632
small to allow Na diffusion through their center. For rings with
a size of 6 or larger, Na atoms are found near the ring centers,
indicating that these rings are large enough to accommodate
Na-ions during diffusion. A comparison of the Na categories
(fast, slow, all) shows distinct trends, namely, slow Na ions are
more frequently found close to rings with sizes of 6–7, whereas
fast Na ions are slightly more preferentially found near rings
with a size larger than 7. This indicates that slow Na ions are
situated in environments dominated by smaller, less permeable
rings, which hinder their dynamics. In contrast, fast Na ions are
found in regions with larger rings, which enhance their mobility
and diffusivity.
3.5 Perspectives

The proposed framework for parameterizing MLIPs for glass
materials provides a generalizable approach to address the
challenges associated with MLIPs for these materials. Our
framework is system-agnostic and can be easily applied to other
glass systems. The applied ACE implementation uses a rela-
tively simple Finnis-Sinclair-type embedding, which trades
some expressivity for computational tractability. This choice is
justied by the moderate size and focused diversity of our
dataset, which spans both equilibrium and far-from-
equilibrium congurations of the NaFePO4 system under
varying thermal conditions. While recent equivariant universal
graph neural network based MLIP architectures, such as MACE-
MPA-0,30 SevenNet-MF-ompa,64 and Grace-1L/2L-OMAT,65 show
promise in universal accuracy and robustness, their substan-
tially higher computational costs currently render them
impractical for simulations at the scale performed herein. As
such, we nd that ACE offers a favorable balance between
accuracy and computational efficiency, making it well-suited for
the types of simulations conducted in this study.66 However,
a known limitation of local descriptor-based MLIPs, including
ACE, is their poor computational scaling when multiple atom
types are introduced. This arises from the combinatorial
explosion of interactions, restricting their practical use to
systems with approximately ve or fewer atom types. Notably,
recent advancements using methods such as tensor decompo-
sition have shown promise in overcoming this limitation,
enabling the development of more general local MLIPs.65,67

Future work should explore these approaches to enhance the
applicability of ACE-based potentials to more complex systems.

Additionally, it would be valuable to investigate how the
NaFePO4 glass structure and sodium-ion dynamics change
during simulated charging and discharging. However, currently
both the ACE MLIP and classical potentials face limitations in
this regard. First, the ACE-based potential is currently only
parameterized to account for Fe2+ ions in its training data,
hence limiting its accuracy in describing Fe3+ ions, which are
expected to form when transitioning from amorphous NaFePO4

to FePO4 during charging. Second, while the classical potentials
do include parameters for Fe3+, they are limited by having the
oxidation state being a per atom choice. During a despoliation
process, it is non-obvious which Fe atoms will switch oxidation
state in the glass structure. To enable these simulations, other
This journal is © The Royal Society of Chemistry 2025
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Fig. 7 (a) Visualization of how close Na ions are to relatively small (top) and large (bottom) Gutmann rings. The black sphere indicates the center
of the ring (Cring). (b) Radial distribution functions g(r) of the of Cring of rings of different sizes (<6, 6–7, >7) to the 25% highest (fast) and lowest
(slow) mobility Na ions after 105 fs at 900 K.
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potential architectures that can handle variable charges, such
as reactive forceelds or alternative machine learning
forceelds,68–70 would be interesting to explore.
4. Conclusions

In this study, we have investigated the Na-ion dynamics of
a glassy electrode material, NaFePO4, as a potential low-cost
material for sodium-ion batteries. To this end, we have devel-
oped a parameterization workow using ACE and active
learning tailored for disordered materials. Our MLIP developed
for NaFePO4 has been rigorously validated against DFT calcu-
lations, demonstrating excellent agreement in energy and force
predictions. Using this potential, we have generated melt-
quenched NaFePO4 glass structures and accurately repro-
duced structural properties as compared to DFT results.

The MLIP has been used to explore Na-ion diffusion over
a temperature range of 500 to 1500 K, observing signicant self-
diffusion of Na ions, consistent with prior experimental nd-
ings. Analysis of diffusion trajectories has revealed heteroge-
neous diffusion, where some Na ions diffuse extensively, while
others remain localized. We have linked this behavior to
differences in local environments, with fast-diffusing Na ions
showing clustering and exhibiting more Na neighbors but fewer
Fe and P neighbors compared to the slower Na ions. Notably,
This journal is © The Royal Society of Chemistry 2025
slow Na ions are predominantly located near small ring struc-
tures. These results indicate that the disorder-induced
conduction, occurring with the transition from the maricite
crystal to amorphous NaFePO4, is linked to the formation of less
constrained atomic environments for sodium, facilitating faster
ionic conduction.

Overall, the trained MLIP has demonstrated robust perfor-
mance in capturing the complex dynamics of an amorphous
system, thus validating our proposed workow as a powerful
tool for investigating amorphous materials. Future work could
expand the workow to include multicomponent systems with
diverse elements, thereby enhancing the universality of MLIPs
for amorphous materials. These advancements thus hold
promise for accelerating the design and optimization of next-
generation materials for energy storage and other technolog-
ical applications.
Data availability

The nal training dataset containing atomic structures and
corresponding energies and forces, as well as the parameterized
ACE-based potential, are publicly available on GitHub (https://
github.com/R-Chr/NaFePO4_potential). The workow
implementations, along with documentation on the use of the
workow, can also be found on GitHub (https://github.com/R-
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Chr/vitrum/). Other data supporting the results within this
paper are available from the corresponding author upon
request.
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54 A. P. Bartók and G. Csányi, Gaussian approximation
potentials: a brief tutorial introduction, Int. J. Quantum
Chem., 2015, 115, 1051–1057.

55 J. Vandermause, S. B. Torrisi, S. Batzner, Y. Xie, L. Sun,
A. M. Kolpak and B. Kozinsky, On-the-y active learning of
interpretable Bayesian force elds for atomistic rare
events, NPJ Comput. Mater., 2020, 6, 20.

56 E. V. Podryabinkin, E. V. Tikhonov, A. V. Shapeev and
A. R. Oganov, Accelerating crystal structure prediction by
machine-learning interatomic potentials with active
learning, Phys. Rev. B, 2019, 99, 64114.

57 E. V. Podryabinkin and A. V. Shapeev, Active learning of
linearly parametrized interatomic potentials, Comput.
Mater. Sci., 2017, 140, 171–180.

58 M. Bertani, T. Charpentier, F. Faglioni and A. Pedone,
Accurate and transferable machine learning potential for
molecular dynamics simulation of sodium silicate glasses,
J. Chem. Theory Comput., 2024, 20, 1358–1370.
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