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1. Introduction
Machine Learning Interatomic Potentials (MLIPs)

are increasingly used to accelerate computational
materials discovery, enabling simulations at scales
far beyond those accessible to first-principles meth-
ods [1, 2]. However, most MLIPs rely exclusively
on atomic positions and chemical species, neglect-
ing explicit electronic information [3, 4]. To miti-
gate this limitation, newer MLIPs incorporate the
Latent Ewald Summation (LES) framework [5] to ac-
count for long-range electrostatic interactions and
environment-dependent charge effects[6, 7]. While
this approach significantly improves the treatment
of global electrostatics, the absence of explicitly re-
solved atomic charges can still limit the accurate de-
scription of local chemical environments and charge-
state-dependent phenomena. This limitation is par-
ticularly pronounced during structural optimization,
where inaccuracies in force predictions increase the
likelihood of converging to local minima associated
with incorrect charge distributions.
As a consequence, the omission of an explicit elec-

tronic description can lead to systematic errors in
systems where identical atomic species exist in mul-
tiple charge states. In such cases, the local chemical
environment alone may be insufficient to uniquely
determine the underlying electronic structure. This
limitation is particularly critical in battery cathode
materials, where electrochemical performance is gov-
erned by redox processes and the coexistence of mul-
tiple charge states [8, 9]. One representative example
is the olivine-type cathode material NaFePO4, which
spans a wide range of sodium concentrations and in-
volves a Fe2+/Fe3+ redox couple during (de)sodiation.
In this work, we investigate the impact of elec-

tronic entropy (defined here as the spatial distribu-
tion of Fe2+/Fe3+ redox pairs) on MLIP performance
using NaFePO4 as a model system. In addition to re-
dox activity, NaFePO4 exhibits significant Na/vacancy
disorder and undergoes an experimentally verified
composition-driven phase transition at Na2/3FePO4,
making it a stringent benchmark for charge-sensitive
modeling [10, 11, 12].
We compare four representativeMLIPs: MACE[13],

PaiNN[14], CHGNet[15], and the atomic charge-aware
cPaiNN[16], with particular focus on their ability to
describe charge-state-dependent energetics, atomic
disorder, and phase stability. This gives a power-
ful comparison between different architectures with-
out implicit charge correction (PaiNN and MACE) as

well as architectures which account for charge effects
indirectly using magnetic moments (CHGNet) and
explicitly using atomic charges using bader charge
analysis[17] (cPaiNN).

2. Methods and Results
CHGNet (v0.4.1)[15], MACE (v0.3.13) [13], PaiNN

(v1.0.0), and cPaiNN (v1.0.0)[16] were initially
trained on the polyanion sodium cathode materials
dataset[18]. The trained models and correpsonding
data splits used in this work are available at [19].
To explicitly train the models to account for elec-

tronic entropy, all four MLIPs were additionally
trained on a chemically restricted subset of the same
dataset containing only structures composed of Na,
Fe, P, Si, S, and O. This subset excludes compounds
containing other transition-metal species while re-
taining a diverse set of relevant cathode materi-
als across varying sodium concentrations, includ-
ing olivine-type NaFePO4, maricite-type NaFePO4,
Na2FeSiO4, and Na2.56Fe1.72(SO4)3. Restricting the
chemical space in this manner enables a more con-
trolled and systematic evaluation of the ability of
MLIPs to distinguish between the Fe2+ and Fe3+
charge states.
Even without explicitly considering different

charge states, cathode materials exhibit significant
atomic site disorder as a function of sodium concen-
tration, arising frompartial occupancy ofNa ions and
vacancies at the Na Wyckoff sites [8, 20, 21]. Due to
the combinatorial complexity of Na/vacancy arrange-
ments, low-energy configurations at each sodium
concentration are efficiently sampled using a Genetic
Algorithm (GA) [22, 23] driven by MLIP-predicted en-
ergies. This approach enables the construction of
composition–energy convex hulls and correspond-
ing Open-Circuit Voltage (OCV) profiles, providing a
crucial link between computational predictions and
experimental measurements [24].
Fig. 1 shows the results of the GA sampling

for NaFePO4 using the trained MACE model on
the polyanion sodium cathode materials dataset,
compared against Density Functional Theory
(DFT)–optimized structures for the three lowest-
and highest-energy compositions identified by
the GA. The comparison clearly demonstrates
that the MACE model fails to reproduce the DFT
energetic ordering and structural energetics across
the sampled compositions, highlighting limitations
in its ability to capture charge- and disorder-driven
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Fig. 1: Structures obtained from the GA sampling
driven by the MACE model, compared with
DFT–optimized structures for the three lowest- and
highest-energy compositions identified by the GA,
together with DFT optimization of the experimen-
tally verified structure [11]. In addition, seven extra
lower-energy compositions identified by the GA are
DFT-optimized at the experimental sodium concen-
tration of 66%.

effects in this system. Moreover, the GA sampling
did not identify the experimentally verified phase,
suggested by DFT to be clearly the lowest in energy.
Our results show that models lacking indirect
charge information fail to reproduce experimental
observations. While indirectly charge-aware models
yield improved agreement, they still do not fully
capture the experimental behavior.
Figure 1 shows the results of genetic algorithm

(GA) sampling for NaFePO4 using the trained MACE
model on the polyanionic sodium cathode materi-
als dataset, compared with density functional the-
ory (DFT)–optimized structures for the three lowest
and highest-energy compositions identified by the
GA. In addition, seven lower-energy compositions
identified by the GA are further DFT-optimized at the
experimental sodium concentration of 66% to assess
whether the GA sampling captures the experimen-
tally observed phase. The comparison demonstrates
that the MACE model fails to reproduce the DFT en-
ergetic ordering and structural energetics across the
sampled compositions, highlighting its limited abil-
ity to capture charge- and disorder-driven effects in
this system. Moreover, the GA sampling, and thus the
MACE model, does not identify the experimentally
verified phase, which is predicted by DFT to clearly
be the lowest-energy structure.
More generally, our results show that models lack-

ing explicit charge information fail to reproduce ex-
perimental observations. While indirectly charge-
aware models exhibit improved agreement, they still

Fig. 2: Node embeddings used to predict the total en-
ergy for the four MLIPs, compared with and with-
out explicit inclusion of electronic entropy. The
Fe2+/Fe3+ redox pair embeddings are highlighted
to illustrate changes in the learned potential en-
ergy landscape.

do not fully capture the experimental behavior.
Incorporating electronic entropy directly into all

four MLIPs, using the chemically cleaned dataset to-
gether with our electronic-entropy embedding, leads
to a substantial improvement in performance across
all models. This improvement is further reflected in
clear differences between the learned potential en-
ergy landscapes of MLIPs trained with and without
electronic entropy, as revealed by the architecture-
specific embeddings shown in Fig. 2. The embed-
dings are extracted from the MLIPs during optimiza-
tion of the experimentally verified structure. The
resulting clustering highlights subtle yet crucial dis-
tinctions arising from the Fe2+/Fe3+ redox pairs.
These findings underscore the importance of ex-

plicitly incorporating multiple charge states into
MLIP architectures. Notably, charge-aware MLIPs
achieve superior accuracy compared to charge-
agnostic models once electronic entropy is consid-
ered. Beyond establishing a stringent benchmark
for MLIPs, this work provides practical guidance for
the development of next-generation models capable
of faithfully capturing charge-state-dependent chem-
istry and atomic disorder in complex materials.
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