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The performance of five machine learning interatomic potentials (MLIPs), based on MACE, DeePMD, and
GRACE-FS architectures, is assessed in reproducing the structural and mechanical properties of Na4P2S7.xOx
mixed oxy-thiophosphate glasses, promising candidates for next-generation all-solid-state sodium batteries. The
glass series (0 < x < 3.5) was chosen to explore the effect of oxygen incorporation on short- and medium-range
structural order (SRO and MRO), a particularly challenging task as experimental data show non-linear trends in
density, conductivity, and structural units with composition. Universal MLIPs, trained on generic databases
(MPO, MATPES-r2SCAN, METPES-PBE) or on datasets comprising only the elements relevant to glassy solid
electrolytes (GRACE-GSE), provide stable molecular dynamics but often predict artifacts such as edge-sharing
tetrahedra or P-P chains, and fail to reproduce the SRO evolution. A DeePMD MLIP, trained via concurrent
learning on crystalline Na-P-S-O structures without stoichiometry-specific data, exhibits similar limitations.
Among the universal MLIPs, MATPES-r2SCAN reproduces density, mechanical properties, and anion (S and O)
speciation with reasonable accuracy. Fine-tuning MPO on the specific glass compositions (FT-MPO) significantly
improves structural reproduction, accurately capturing density trends, mechanical properties, and the preference
of oxygen for bridging positions. Nonetheless, even FT-MPO cannot accurately reproduce the disproportionation
reaction of dimeric P! units converting to isolated P® units and P? chains associated with oxygen incorporation.
These results highlight that universal MLIPs are valuable starting points for approximate simulations or database
generation, but fine-tuning on both composition and relevant structural features is essential to accurately
reproduce the short- and medium-range order of NaPSO glasses.

high Na™ conductivity (>10"* S/cm) at room temperature, be stable
across a wide electrochemical window(~0-4 V versus Na/Na™), and be

1. Introduction

The battery market is currently dominated by lithium-ion batteries
(LIBs) utilizing liquid organic electrolytes. However, the high cost and
scarsity of the raw materials [1], along with environmental and social
impact [2-5], and safety concerns [6,7] are pushing the scientific
community to explore alternatives beyond lithium-based technologies.
Among these, all-solid-state-sodium-batteries (ASSSBs) [8] have
emerged as promising candidates for grid-scale energy storage [9],
owing to the abundance and more sustainable extraction of sodium. This
not only reduces social and environmental burdens compared to LIBs but
also enhances safety while maintaining comparable energy density.
Realizing ASSSBs in practical applications requires the development of
new solid-state electrolytes (SSEs), that are both highly conductive and
chemically/electrochemically stable [10-12]. Ideal SSEs should exhibit

processable into a fully dense and monolithic sheet to suppress dendrite
growth [13-16].

Among SSEs, glassy solid electrolytes (GSEs) are particularly
attractive due to their tunable composition, ease of processing, and su-
perior chemical stability compared to crystalline counterparts [17]. In
recent years, sodium thiophosphate (NaPS) glasses have gained
increasing attention as valuable materials for ASSSBs as they show
higher ionic conductivity [18-22] (>10_2 S/cm) with respect to oxide
glasses (max ~107% S/cm) and lower melting temperatures, which
enable cost-effective synthesis. However, their poor electrochemical
stability, sensitivity to atmospheric conditions limit their direct appli-
cation. To address these limitations, mixed oxy-thiophosphate (NaPSO)
glasses have been proposed [23-27] aiming to retain the high ionic
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Fig. 3. Percentage deviation between experimental and simulated crystal volume for Na3PS4, Na3PS30, and Na4P207 crystals. Negative values indicate a

contraction of the crystalline volume while positive ones indicate an expansion.

They also show that for pure sulfide crystal (NasPS4), PBE functional and
MLIPs trained on it give good agreement with experimental density,
while the addition of the D3 dispersion correction leads to overestimate
it. The opposite trend is observed for pure oxide phosphate crystal
(Na4P207), while mixed oxy-sulfide (NasPS30) gives intermediate
behavior. This demonstrates that the overestimation observed in the
glass simulations can originate from the excessive strength of the D3
correction in these P-S-O systems.

In this context, it is also insightful to evaluate the behavior of the
MATPES-r2SCAN potential relative to MATPES-PBE and to the under-
lying DFT functionals. Although r2SCAN does not contain an explicit
long-range dispersion term, its enhanced treatment of intermediate-
range correlation often leads to improved equilibrium geometries
compared to PBE. Our crystalline benchmarks reflect this trend: for the
sulfide Na3PSy4, both MATPES potentials underestimate the experimental
volume, but r2SCAN yields a slightly larger contraction. Conversely, for
the oxide-rich structures (NagPS3O and Na4P,0;), MATPES-PBE sys-
tematically overestimates the volume, whereas MATPES-r2SCAN gives a
modest underestimation, closer to experiment. This inversion in
behavior is consistent with large-scale benchmarks reporting that
r2SCAN corrects much of PBE's overexpansion while providing cell
volumes comparable in accuracy to SCAN and PBEsol [69,70]. Impor-
tantly, because r2SCAN lacks a non-local dispersion kernel, its perfor-
mance remains reliable for ionic and covalent solids such as those
studied here, while dispersion-dominated systems (layered and molec-
ular crystals) would still require corrections like rVV10 or D4 [71,72].
Taken together, these observations reinforce that the differences be-
tween MATPES-PBE and MATPES-r2SCAN arise from their distinct
treatments of correlation rather than from dispersion effects, and that
r2SCAN behaves consistently with its broader performance across
solid-state materials.

3.2. Elastic modules

Solid electrolytes must withstand severe mechanical stresses during
battery charge and discharge while ensuring optimal interfacial contact
with the electrodes. Moreover, the elastic properties are directly related
to the curvature around the minimum of the potential energy surface.
Therefore, an accurate description of the elastic properties is a prereq-
uisite for a reliable interatomic potential for these systems. The structure
of inverted glasses, which have more modifiers than glass formers such

as the ones studied here, is mainly made of anionic SRO bound by ionic
forces [73,74]. Consequently, the elastic properties are largely deter-
mined by the ionic non-bridging anions (NBS and NBO) rather than by
covalent bridging units (BS and BO). This effect is particularly pro-
nounced in sulfur-rich glasses, as sulfur forms weaker covalent and ionic
bonds compared to oxygen.

The Young's and bulk modules, which describe the material's
response to uniaxial stress and hydrostatic compression, respectively,
were computed using all the considered MLIPs and compared with
experimental results [26] in panels (b) and (c) of Fig. S1 of the ESI while
MAE:s value are showed in Fig. 2.

The Young's and bulk moduli increase with the substitution of sulfur
by oxygen, a trend generally captured by all MLIPs. The finetuned FT-
MPO model yields the best agreement for the Young's modulus and
good results for the Bulk one, with a MAE of 1.6 GPa and 2.2 GPa,
respectively—a substantial improvement over the pretrained MPO,
which underestimates it (MAE = 11.4 GPa and 7.5 GPa in the same
order). The UMLIPs trained on the MATPES databases show that r2SCAN
generally predicts higher and better modules with respect to PBE, even if
it still underestimates the experimental values (MATPES-r2SCAN: MAE
= 2.8 GPa and 3.2 GPa for Young's and bulk moduli, respectively;
MATPES-PBE: MAE = 5.6 GPa and 5.7 GPa for Young's and bulk moduli,
respectively). DeePMD gives the best agreement for the bulk modulus
(MAE = 1.6 GPa) but underestimates the Young's modulus by 3.5 GPa on
average. The GRACE-GSE MLIP reproduces the Young's modulus
reasonably well (MAE = 1.7 GPa), although with large error bars
(£1.0-3.5 GPa). However, it performs poorly for the bulk modulus,
strongly overestimating experimental values (MAE = 5.3 GPa). It is also
worth noting that the seemingly good agreement for the elastic prop-
erties likely arises from systematic overestimation of density, rather
than from the accurate description of the underlying structural features
and bond forces.

Overall, the UMLIPs reproduce the density and elastic properties
with reasonable accuracy, with MATPES-r2SCAN giving the best results
among them. However, their performance is still not sufficient to
consider these models fully reliable for quantitative predictions. In
contrast, the fine-tuned FT-MPO potential shows a clear improvement,
particularly in capturing the Young's modulus and density trends. This
highlights that, although UMLIPs are valuable as transferable starting
points, fine-tuning or dedicated training on system-specific datasets re-
mains essential to achieve quantitative agreement with experiments.
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3.3. Structural analysis

The structure of NasP»S;Oy glasses has been experimentally
investigated using NMR, IR, and RAMAN techniques [23]. In all the glass
series, phosphorus was found to be four-coordinated, forming different
structural units depending on the connectivity with neighboring phos-
phorus atoms. Specifically, P° P!, and P? SRO are present, corre-
sponding to tetrahedra with 0, 1, and 2 bridging atoms (S or O). In
addition, a sulfur-deficient unit has been identified, in which two
phosphorus atoms are linked through a homonuclear bond and each is
further bonded to three sulfur atoms (PlP). To provide a clearer picture
of these motifs, Fig. 4 shows representative structures extracted from the
MPO MD simulations, illustrating the characteristic structural units
identified in these glasses.

Ab-initio and ML simulations of Na4P,S7 glass [22,75], also predict
the occurrence of three coordinated phosphorus (P%), edge-sharing
tetrahedra (P?®%), and multiple P-P bonds involving up to four atoms
(P-P chains), which have not been observed experimentally. A graphical
representation of sulfur-deficient and P-P chains SRO can be found in
Fig. 5.

The presence of sulfur-deficient units, such as PP and P¥ (Fig. 5a and
b), implies the formation of free sulfur in the glass, which may generate
S-S bonds and sulfur chains that hinder Na diffusion. The coordination of
sodium has not been experimentally determined for these glasses;
however, values between 6 and 8 have been reported in related crys-
talline phases [76].

3.3.1. Phosphorous

All the MLIPs predict predominantly four-coordinated phosphorus,
although a small fraction of three-coordinated species is always present.
The FT-MPO, MATPES-r2SCAN, MATPES-PBE, and DeePMD potentials
yield a relatively high amount of P¥ units (6-8 %) in the pure sulfide
glass, which decreases to 2-3 % for the three MACE models and ~4 % for
DeePMD. In contrast, GRACE-GSE and MPO predict nearly constant
fraction of P¥, around 3.5 % and 2.5 %, respectively. The occurrence of
this species can be attributed to the high quench rate employed in the
simulations. To test this hypothesis, we performed simulations with the
FT-MPO potential at a quench rate of 0.5 K/ps, i.e., ten times slower.
Under these conditions, the fraction of P* dropped to ~0.5 % across all
glasses, while other structural features remained essentially unaffected.

The fraction of structural units was experimentally determined from
31p NMR [23]. It was found that pure sulfide glass is dominated by P!
species that disproportionate to P° and P? when oxygen is added. The
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percentages of SROs obtained experimentally and from simulations are
reported in Fig. 6, as well as the percentage of P'? units.

Fig. 6 shows that none of the tested potentials can reproduce the
experimental amount of P" species and that the improvement of the
finetuning for this property is significant but not sufficient to have a
good description of the SRO trends. FT-MPO (panel a) gives the best
agreement for the pure sulfide glass, and shows a slightly decreasing
trend for P! together with an increasing trend for P? and P° (except for
the initial oxygen addition from O to 0.5) but stays far from a good
reproduction of the disproportionation reaction occurring when oxygen
substitutes for sulfur. This highlights both the importance of training on
system-specific data and the need for improvement of the database. In
particular, including in the training set more polymerized glass-
es—characterized by higher P? contents and a greater number of
bridging units—would likely improve the agreement with experiment.
The P'? amount is slightly underestimated, although it follows the cor-
rect decreasing trend. The three MACE foundation models (MPO, panel
¢, MATPES-r2SCAN, panel d, and MATPES-PBE, panel e) yield similar
results, with nearly 40-50 % of P® and P! in pure sulfide glass. MPO
reproduces the correct decreasing trend of PP, whereas the two
MATPES potentials predict a negligible amount of this unit. Upon oxy-
gen substitution for sulfur, both P! and P? fractions increase while P°
decreases, in contrast with experiment, demonstrating the limited reli-
ability of these UMLIPs in reproducing the short-to medium-range
structural features of these GSEs. Similar considerations apply to the
DeePMD potential which predicts an initial structure (at zero oxygen
content) composed of nearly equal amounts of P®, P!, and P? with no P'F.
As oxygen content increases, the P! fraction rises at the expense of P,
while P° remains constant. GRACE-GSE, instead, predicts the pure sul-
fide glass to consist of ~60 % of P!, ~30 % P°, and ~10 % P2. While this
is qualitatively consistent with experiment—although experimental
data indicate higher P! and lower P° and P2—no clear compositional
trend is observed upon oxygen addition, with values oscillating around
the same values. For the FT-MPO potential, we also analyzed the P"
speciation in the liquidus phase (1800 K) and its evolution during
quenching for glasses with x = 0 and x = 3.5, as reported in Fig. S2 of the
ESI. The oxygen-free glass (x = 0) exhibits a highly depolymerized
structure at high temperature, characterized by a large fraction of P°
species (~80 %) and a smaller fraction of P! (~20 %). During quench-
ing, the amount of P® decreases, while P! and P? progressively increase,
eventually reaching the room-temperature distribution shown in Fig. 6.
The glass with 50 % oxygen substitution (x = 3.5) starts from a markedly
different speciation, with P® and P! both around ~45 % and P? at ~10

Higher
polymerization

Fig. 4. Structures extracted from the 300K MD using MPO MLIP of Na4P»S; O with x = 0 (panel a), x = 1 (panel b), and x = 3.5 (panel c¢). Na, P, S, and O atoms are
represented as blue dots, orange, yellow, and red sticks, respectively. The SRO are highlighted to facilitate the visualization. (For interpretation of the references to
colour in this figure legend, the reader is referred to the Web version of this article.)
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Fig. 5. Graphical representation of p (a), p'? (b), p2Es (¢), and P-P chains SRO units.
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Fig. 6. Percentage of P°, P, P2, and P'? structural units obtaind from MD simulations with FT-MPO (a), MPO (b), MATPES-r2SCAN (c), MATPES-PBE (d), DeePMD
(e), and GRACE-GSE (f) MLIPs. Dashed lines represent experimental values [23]. It should be noted that P! units also include P'".

%. Although the qualitative trends during quenching resemble those of
the oxygen-free composition, the changes are significantly less pro-
nounced. These observations suggest that reducing the quench rate to
values well below those explored here (0.5-5.0 K/ps) would likely
improve the structural description of glasses with low oxygen content,
while potentially worsening that of compositions with higher oxide
character. This is probably due to an excessively polymerized repre-
sentation of the liquidus state in the latter case.

The overall structures for the glasses with x = 0 and 3.5 generated
with the different UMLIPs is reported in Fig. 7. At a first sight, we can
observe that FT-MPO model is the only one not reproducing evident
artifacts such as P-P chains and edge sharing tetrahedra.

In MP0O, MATPES-r2SCAN, and GRACE-GSE simulations of the pure
sulfide Na4P,S7 glass, we observed multiple P-P bonds forming chains of
up to four phosphorus atoms (Fig. 5d), which have not been observed
experimentally or in ab initio MD simulations.

A not negligible amount of P?5E edge-sharing units (Fig. 5¢) -not been
observed experimentally-is predicted by the MPO, MATPES-PBE, and
DeePMD potentials. In particular, MPO predicts that 6-9 % of phos-
phorus atoms are involved in P2E units, with no clear dependence on the
composition, while MATPES-PBE and DeePMD yield a decreasing trend
from ~5.5 % to ~0.5 % and from ~10 % to ~3.5 %, respectively. In
contrast, FT-MP0O, MATPES-r2SCAN, and GRACE-GSE consistently pre-
dict less than 1 % of phosphorus atoms in P2E units across the entire
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MPO

Fig. 7. Final structures of glasses x = 0 and x = 3.5 simulated with FT-MPO (a, b), MPO (c, d), MATPES-PBE (e, f), MATPES-r2SCAN (g, h), GRACE-GSE (i, j), and
DeePMD (k, 1). Artifacts such as P?S or multiple P-P bonds are highlighted in the structures.

glass series. The presence of such structural artifacts is problematic since
strongly impact the computed glass properties and highlights the need
for careful validation and refinement of UMLIPs.

3.3.2. Sulfur and oxygen

The presence of sulfur-deficient units releases free sulfur, which
tends to form S-S chains. All MLIPs predict a nearly constant fraction of
sulfur atoms in such bonds, though with notable differences across
models, as reported in Table S3 of the ESI. FT-MP0, GRACE-GSE, and
MPO give values in 2-4 % range, MATPES-PBE predicts a gradual in-
crease from 1.7 % to 3.2 %, MATPES-r2SCAN gives 1.5-2.5 %, and
DeePMD yields the lowest values, below 2 %. Across all potentials, most
sulfur chains are dimers, but MPO, MATPES-PBE, and FT-MPO also
predict longer chains with average length of 2.0-2.3 and 4-21 % of
three-membered chains. These predictions can be benchmarked against
ab initio MD simulations of Na4P,S; glass, which reported 13.4 % of
sulfur atoms in chains with an average length of 2.14. [22]. The same
study also showed a temperature dependence, with more S-S chains at
high T, and suggested that slower quenching suppresses homonuclear
bonding. Our FT-MPO simulations at a reduced cooling rate (0.5 K/ps)

confirms this: the fraction of sulfur atoms chains decreases below 2 %,
from 1.9 % in the pure sulfide to 0.5 % at 50 % of substitution.

We also analyzed the fractions of bridging (BS, BO) and non-bridging
(NBS, NBO) anions, which can be experimentally determined from the
distributions of structural units [23]. Fig. 8 reports the fractions of BS,
BO, NBS, and NBO obtained from simulations as well as the experi-
mental values [23].

Experimentally, the pure sulfide glass contains mostly NBS atoms,
with a small fraction of BS atoms connecting P* units. Upon oxygen
substitution, the fraction of NBS and BS decreases, while NBO and BO
increase. For homogenous substitution, the crossing points of NBS/NBO
and BS/BO fractions would occur at x = 3.5, but experiments show that
oxygen preferentially occupies bridging sites due to its higher field
strength, causing BS and BO to cross already at x = 2 [27]. The MLIPs
qualitatively reproduce these substitution trends, but their fidelity var-
ies. FT-MPO, MATPES-r2SCAN, and MATPES-PBE correctly capture ox-
ygen's preference for bridging sites, with BS and BO converging around
x = 2.5-3. In contrast, DeePMD, GRACE-GSE, and MPO predict more
random distributions, with MPO even giving inverted NBO/NBS frac-
tions at x = 3.5. This underscores the significant improvement achieved
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Fig. 8. Percentage of BO, BS, NBO, and NBS in the glass series obtaind from MD simulations with FT-MPO (a), MPO (b), MATPES-r2SCAN (c), MATPES-PBE (d),
DeePMD (e), and GRACE-GSE (f) MLIPs. Dashed lines represent experimental values [23].

through fine-tuning (FT-MPO) and the value of high-quality datasets
MATPES compared to MPRelax.

Taken together, the results highlight an important distinction: while
FT-MPO and the MATPES-based UMLIPs reproduce the oxygen and
sulfur speciation across the glass series, they still fail to capture the
short-range disproportionation reaction 2 p! > PO 4 p? upon oxygen
substitution. This point to a limitation of current UMLIPs. The structural
environments contained in their training databases are sufficient to
enforce correct speciation trends but insufficient to reproduce more
subtle network rearrangements.

3.3.3. Sodium

Fig. 9 reports the Na-(S + O) coordination numbers of the NasP,S;.
xOx glasses obtained with the different MLIPs. All models predict
average sodium coordination between 6.5 and 7.5, consistent with
experimental values for related crystalline phases [76]. A general
decrease in coordination is observed with increasing oxygen substitu-
tion, reflecting the shorter Na-O bond length—about 0.5 A less than
Na-S—which constrains the expansion of the Na coordination shell. The
difference between Na-S and Na-O distances is comparable across all
simulations.

The magnitude of this decrease varies across the MLIPs: GRACE-GSE
show the steepest drop, from ~7.4 to ~7.0; DeePMD shows a gentler
decline, starting at ~7.1 and converging to similar final values. FT-MPO
predicts slightly lower values than GRACE-GSE (by 0.1-0.2) and exhibits

an initial plateau or slight increase between x = 0 and x = 1. MATPES-
based models and MPO follow a similar trend, but with consistently
lower coordination numbers (6.5-6.9 for the MATPESs and 6.3-6.6 for
the MP). The differences in the coordination numbers predicted by the
various MLIPs are most likely attributable to differences in their un-
derlying training datasets and model architectures, while no correlation
was found with Na-S and Na-O distances, as reported in Table S4 of the
ESIL. This interpretation is supported by the very similar coordination
numbers obtained with the two MATPES-based potentials.

Across all MLIPs, sodium is found to coordinate preferentially with
sulfur rather than oxygen. The fraction of Na—S decreases from 100 % in
the pure sulfide glass to 63-68 % at x = 3.5 (Na4P2S3 503 5), while Na-O
fraction increases correspondingly to 32-37 %. The persistence of Na-S
preference, even at high oxygen substitution, highlights the stabilizing
role of sulfur in the local sodium environment. This observation is
consistent with the fact that the crossing point between BO and BS oc-
curs before x = 3.5 and the one for NBO and NBS beyond x = 3.5,
confirming that oxygen preferentially occupies bridging positions be-
tween phosphorus atoms rather than directly coordinating sodium.

4. Conclusions
In this study, we assessed six machine learning interatomic potentials

for modelling NasP»S7.4Ox glasses (0 < x < 3.5), a family of glassy solid
electrolytes relevant for all-solid-state sodium batteries. These
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compositions are structurally complex due to the non-linear evolution of
density, conductivity and short-range order with oxygen content.
Experimentally, oxygen incorporation drives a disproportionation re-
action, converting P! units into P° and P?, with oxygen preferentially
occupying bridging sites.

The MLIPs tested include universal models (MPO. MATPES-PBE,
MATPES-r2SCAN, GRACE-GSE), a system-specific DeePMD mode, and
a fine-tuned variant (FT-MPO) MLIP derived from MPO. All of them
demonstrated stable molecular dynamics behavior even when applied to
systems substantially larger than those represented in their training
datasets, like the one used here for the MD simulations.

While universal MLIPs provide stable MD trajectories and reasonable
predictions of density and elastic properties, they often introduce
structural artifacts such as edge-sharing units or P-P chains, and fail to
reproduce the correct SRO evolution. DeePMD, trained via concurrent
learning on crystalline structures shows similar limitations.

Among the UMLIPs, MATPES-based models -especially with r2SCAN
perform better, highlighting the importance of diverse, high-quality
datasets and functional choice. The fine-tuned FT-MPO model, devel-
oped using composition-specific data, significantly improves structural
accuracy, capturing density trends, mechanical properties, and oxygen's
preference for bridging positions. However, it still struggles to repro-
duce the full disproportionation reaction.

These findings emphasize that while UMLIPs are useful starting
points, fine-tuning is essential for accurate modeling of disordered sys-
tems. The training dataset must reflect not only the target composition
but also the relevant structural motifs to ensure fidelity in both short-
and medium-range order. Future work will expand the fine-tuning
dataset to include more polymerized structures, explore MATPES-
based models as starting points, and investigate the interplay between
dispersion corrections and quench rate in shaping glass structure.
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