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ABSTRACT

Universal machine-learned interatomic potentials are widely used as fast surrogates for density functional theory in structural model-
ing. Standard benchmarks emphasize energies, forces, and relaxed geometries. Whether the resulting structures also preserve the density
of states remains largely unexplored. We examine this link across oxides, iodides, and alloys by relaxing structures with four machine-
learned interatomic potentials, recalculating the density of states with a common density-functional protocol, and comparing against fully
density-functional references. Across all three material classes, structural benchmark performance does not predict electronic agreement.
Nevertheless, the hybrid workflow remains useful: single-point density-functional calculations on machine-learned geometries recover Fermi
energies, reduce convergence cost, and approximate the ensemble-averaged density of states of a disordered high-entropy alloy from a
small subset of ordered representatives. These results show that structural benchmarks alone are insufficient for assessing density-of-states
agreement and identify a practical route for reducing the cost of density-functional workflows.

© 2026 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license

(https://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0339982

INTRODUCTION

Machine-learned interatomic potentials (MLIPs) have
become a foundational tool for computational materials science,
approaching density functional theory (DFT) accuracy for energies
and forces at a fraction of the computational cost. Graph neural
network architectures and large-scale training datasets have broad-
ened the range of systems MLIPs can describe and improved how
they handle conditions further from their training data.” > MLIPs
are now routine in structure relaxation, molecular dynamics, and
large-scale materials discovery workflows.”” This success invites an
overdue question: as MLIPs become standard infrastructure, are the
metrics we use to evaluate them keeping pace with the properties we
ultimately want to predict?

The community evaluation paradigm for MLIPs is overwhelm-
ingly structural—energy mean absolute errors (MAEs), force errors,

root-mean-square deviations (RMSDs), and geometric benchmarks
dominate leaderboards and comparative studies.” This paradigm
assumes that the accuracy of predicted energies, forces, and relaxed
structures is a sufficient proxy for downstream properties. For prop-
erties set by the potential energy surface alone—phonon spectra,
elastic constants, and mechanical response*—it largely is. How-
ever, an expanding set of use cases, from catalyst screening® to
optoelectronic design,” depends on the density of states (DOS)
and derived electronic quantities, which MLIPs do not compute
directly. Whether low errors in structural metrics translate into DOS
agreement remains unclear.

Two complementary approaches address the electronic pre-
diction problem. The first trains ML models to predict the DOS
directly from structure.'® A recent example, PET-MAD-DOS,
applies a universal transformer-based architecture to the DOS
across a chemically diverse dataset.'* Its authors pair the model with
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a complementary toolkit—denoising, fine-tuning, and uncertainty
quantification—to support extraction of secondary quantities such
as bandgaps and Fermi levels.'* Direct DOS models are constrained
by training data: electronic structure datasets remain orders of
magnitude smaller than those available for MLIP training.'” The
second approach is hybrid: an MLIP relaxes the structure, and a
single-point DFT calculation on the relaxed geometry produces the
electronic structure. We adopt this hybrid protocol as an evaluation
framework: running the same single-point DFT calculation on
MLIP-relaxed and DFT-relaxed geometries isolates the electronic
consequences of MLIP-induced geometric deviations. To quantify
those consequences, we employ two complementary DOS-based
metrics—cosine distance and Wasserstein distance—developed
previously in the context of high-entropy catalyst screening,’
which capture shape similarity and spectral redistribution,
respectively.

We implement this framework across three representative
material classes—oxides, iodides, and alloys—chosen to span bond-
ing character and electronic complexity. Oxides are among the
most technologically consequential materials for energy applica-
tions, including catalysis, batteries, and thermoelectrics.'”'® Their
electronic structure is governed by localized d-states and crystal-
field effects whose sensitivity to local coordination makes them a
stringent test for whether relaxed geometries preserve the DOS.
Iodides occupy the opposite end of the bonding spectrum: large,
polarizable anions with significant spin-orbit coupling and soft lat-
tice dynamics. Their complex bonding environments expose DFT to
systematic errors—rooted in dispersion and relativistic effects—that
propagate into datasets used to train surrogate models,"”'* making
them a sensitive probe of whether MLIPs reproduce structural fea-
tures relevant to the electronic landscape. Alloys, and in particular
high-entropy alloys (HEAs), provide a metallic baseline where delo-
calized bonding is expected to be more forgiving of small structural
perturbations;”'” configurational disorder nonetheless introduces a
statistical dimension to the electronic structure that must be treated
explicitly.

RESULTS

Models and evaluation protocol

We evaluate four MLIPs: the Message-passing Atomic Clus-
ter Expansion (MACE),"” the Crystal Hamiltonian Graph Neural

DFT relaxation

speedup

MLIP relaxation

pubs.aip.org/aip/aml

Network (CHGNet),”" the Smooth Expressive Neural Network
(eSEN),”! and the Universal Models for Atoms (UMA).”> These
models were selected to span a range of leaderboard performance’
and differ in scale by nearly three orders of magnitude, from
CHGNet (~0.4M parameters) to UMA (~150M). This spread lets
us test whether increasing model capacity, which typically improves
energy and force benchmarks, also improves DOS agreement. For
each of the 1500 systems (500 per material class), we compare the
two pathways of Fig. 1: the reference pathway uses a DFT relax-
ation followed by a single-point DFT evaluation, while the hybrid
pathway replaces the relaxation with each MLIP in turn and holds
the single-point DFT step identical. Architectural details, model
versions, and relaxation settings are provided in the section titled
Methods.

Density-of-states agreement

The full DOS is our primary probe for how MLIP-induced
structural deviations propagate into the electronic structure. Dis-
crepancies between the hybrid-pathway and reference-pathway DOS
are quantified by the cosine distance (1 — cos ), which measures
shape similarity, and the Wasserstein distance (dy ), which captures
the redistribution of spectral weight along the energy axis. Both
metrics are defined in the section titled Methods; smaller values indi-
cate better agreement. Representative examples of large and small
discrepancies are shown in Figs. 2(a) and 2(b).

The distributions of these metrics across material classes
[Figs. 2(c)-2(h)] reveal the central finding of this work: DOS dis-
crepancies occupy a similar range across all four MLIPs. Although
the models exhibit varying accuracy in energy and RMSD (Fig.
S1 of the supplementary material), those differences do not trans-
late into proportional gains in DOS agreement: the cosine distance
shows only weak Pearson correlation with RMSD (r = 0.03-0.24;
symmetry- and topology-resolved versions are shown in Figs. S4 and
S5 of the supplementary material). The largest DOS discrepancies
are, therefore, not captured by RMSD alone. Across material classes,
alloys show the smallest deviations, while oxides and iodides exhibit
broader distributions. MACE tends to yield slightly smaller DOS dis-
crepancies for oxides and iodides, although the differences between
models remain modest. A complete summary of metric values is
provided in Table I.

single point
calculation

new metrics

single point MLIP-DOS
calculation

— via DFT — via MLIP

DFT-DOS

FIG. 1. Evaluation workflow for assessing the impact of MLIPs on electronic structure. In the reference pathway (top), crystal structures are relaxed using DFT, followed by
single-point DFT to obtain the ground-truth DOS (DFT-DOS). In the accelerated pathway (bottom), structures are first relaxed using MLIPs, then evaluated using identical
single-point DFT calculations to obtain the corresponding DOS (MLIP-DOS). Comparing DFT-DOS and MLIP-DOS isolates the effect of MLIP-induced structural deviations

on electronic properties, independent of differences in electronic structure methods.
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FIG. 2. DOS discrepancies between the reference and hybrid workflows. The reference workflow uses full DFT relaxation followed by a single-point DFT evaluation; the
hybrid workflow uses MLIP relaxation followed by the same single-point DFT evaluation (Fig. 1). (a) Representative large DOS discrepancy: NiSnO, [space group 166,
(1-cos 6) =0.32, dy = 1.41]. (b) Representative small DOS discrepancy: NaK [space group 166, (1 — cos 6) = 0.03, dy = 0.08]. (c)-(h) Distribution of the cosine

distance (1 — cos 0) and Wasserstein distance (dy) across iodides, oxides, and alloys.

Fermi-energy residuals

Within the full DOS, the Fermi energy E sets transport, carrier
statistics, and level alignment. Figures 3(a)-3(c) report the Fermi-
energy residuals (hybrid minus reference) for iodides, oxides, and
alloys across the four MLIPs.

Residuals are narrowly distributed and comparable in width
between models, indicating that the single-point DFT step on
an MLIP-relaxed geometry recovers Er reliably and with little
dependence on which MLIP performed the relaxation. System-
dependent trends nonetheless persist. Alloys exhibit the narrowest
residuals, consistent with delocalized metallic bonding that is less
sensitive to small structural perturbations. Oxides and iodides show
broader distributions with a tendency toward underestimation: their

electronic states come from localized atomic orbitals—transition-
metal d states in oxides and heavy-halogen p states in
iodides—whose energies shift when the local geometry devi-
ates from the reference. The Wasserstein distance tracks the
magnitude of these residuals (r=0.60 for oxides, 0.29-0.33 for
iodides and alloys; Figs. S6-S8 of the supplementary material).

Computational efficiency

Beyond DOS agreement, the hybrid workflow delivers a prac-
tical benefit: MLIP-relaxed geometries accelerate single-point DFT
convergence. As shown in Figs. 3(d)-3(f), convergence costs follow
a log-normal distribution across all material classes and relaxation
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TABLE I. Summary of structural and electronic metrics across material classes. Values are reported as mean + standard deviation. Speedup factors (in parentheses) are relative
to full DFT relaxation. Here, Ryip and Rper denote MLIP- and DFT-relaxed geometries, respectively. The term Eper(Ryup) is @ single-point DFT energy evaluated on the

MLIP-relaxed geometry.

Ee(Rwmrp) Enzip (Rymuip) Eprr(Rwurp) CPU hours

MLIP — Er(Rprr)(eV) - Eprr(Rorr)(eV) - Eprr(Rorr)(eV)  RMSD (A) (speedup) 1-cosf dw
Alloys

CHGNet -0.42 + 0.64 -0.03 £ 0.31 0.02 +0.27 0.02 + 0.04 18.8 + 58.6 (x4.0) 0.13+0.15 0.25+0.38

eSEN -0.44 + 0.70 -0.02 £ 0.33 0.00 £ 0.75 0.01 £ 0.03 23.0 + 84.7 (x3.2) 0.12+0.13 0.25+0.38

MACE —0.46 + 0.45 0.02 + 0.40 0.01 £0.13 0.01 £ 0.02 7.0 +20.1 (x10.6) 0.12+0.15 0.25+0.42

UMA -0.47 £ 0.46 0.09 + 0.29 -0.01 £ 0.16 0.01 £ 0.03 21.8 + 81.7 (x3.4) 0.12+0.14 0.24 +£0.42
Todides

CHGNet -0.62 + 1.36 -0.33 £ 0.15 0.01 £0.12 0.06 + 0.06 54.1 + 100.1 (x4.5) 0.24 £ 0.21 0.39 + 0.49

eSEN -0.91 + 1.26 -0.05+0.12 -0.04 £ 0.13 0.03 £ 0.05 46.3 £ 72.0 (x5.2) 0.24 £0.20 0.41 £ 0.56

MACE -0.39 £ 1.12 -0.01 £ 0.15 0.00 + 0.09 0.04 £ 0.05 20.4 £ 329 (x11.9) 021+0.20 0.36 +0.57

UMA -0.91 +£1.19 -0.02 £ 0.12 —-0.04 £ 0.11 0.03 + 0.06 47.0 + 80.5 (x5.2) 0.25+0.21 0.41 £ 0.55
Ocxides

CHGNet -0.68 £ 1.07 -0.39 £ 0.28 —-0.01 £ 0.23 0.05 + 0.06 23.3 + 34.4 (x6.8) 0.20+£0.13 0.43 £0.35

eSEN -0.75+ 1.10 0.42 + 0.58 0.01 +£0.24 0.04 + 0.06 23.9 + 35.1 (x6.6) 0.20 £0.13 0.45+0.33

MACE -0.45 + 0.87 0.00 £ 0.19 0.02 £0.14 0.04 £ 0.06 10.8 + 17.6 (x14.6) 0.16 £ 0.13  0.30 £ 0.32

UMA -0.75 + 1.09 0.45 + 0.59 0.01 £ 0.21 0.04 + 0.07 22.3 +38.3 (x7.1) 0.20+0.13 0.43 £0.29

methods, reflecting the stochastic nature of self-consistent field
convergence.

Among the models, MACE achieves the largest acceleration,
with speedups of 11x-15x%, compared to 3x-7x for the other MLIPs
(Table I). One contributing factor is that MACE-relaxed structures
tend to preserve more crystallographic symmetry and topological
integrity (Table II), which reduces the size of the irreducible Bril-
louin zone and the cost of electronic convergence. MACE is better
able to preserve the connectivity of the crystal structure, maintain-
ing topological preservation for 1133 systems compared to 891-984
for the other models, while keeping the count of broken topologies to
a minimum (245 vs 345-400). This comparison shows that symme-
try and topology preservation are useful diagnostics for the hybrid
workflow. It does not identify why one model preserves them better
than another.

Disordered systems

We examine the implications of these findings for disordered
systems, adopting a supercell ensemble approach™*" in which the
electronic structure is obtained by averaging over a set of ordered
representative configurations. As a test case, we consider equiatomic
Co-Cr-Fe-Mo-Ni, a well-studied HEA whose corrosion resistance,
mechanical properties, and phase stability have been characterized
experimentally.” *’

The convergence behavior is illustrated in Fig. 4. The DOS
converges with an increasing number of sampled configurations,
with only minor changes beyond ~10 snapshots [Fig. 4(a)]. Both
(1 - cos 0) and d,, decrease and reach a plateau at small sample sizes

[Figs. 4(b) and 4(c)]. Using only 10 out of 49 configurations yields
minimal deviation from the fully converged reference obtained from
DFT. The dip in d\ between five and ten samples appears to be a
sampling effect. In that range, the selected configurations happen
to bring the running ensemble-averaged DOS closer to the full 49-
configuration reference. Adding lower-weight configurations then
moves the curve toward its final plateau.

These results indicate that, for disordered systems, the ensem-
ble electronic structure can be approximated using a limited number
of representative configurations. In this benchmark, the MLIP does
not replace the final DFT electronic calculation; it ranks configu-
rations so that the dominant representatives can be evaluated first.
Using MLIPs both to pre-screen the ordered supercell representa-
tives and to accelerate individual relaxations enables a substantial
reduction in computational cost while retaining accuracy in the
resulting electronic properties.

DISCUSSION

Geometric agreement does not guarantee DOS
agreement

The central observation of this work is that MLIP accuracy on
conventional structural benchmarks—energy, forces, RMSD—does
not predict DOS agreement. The four models span nearly three
orders of magnitude in parameter count. Energy, force, and RMSD
performance vary substantially across them, while DOS discrepan-
cies remain of similar magnitude (Fig. 2). This is not an artifact of
poor structural models; all four MLIPs achieve competitive accu-
racy on established structural benchmarks.” The implication is that
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FIG. 3. Fermi-energy residuals and DFT convergence cost for the hybrid workflow. (a) lodide, (b) oxide, and (c) alloy Fermi-energy E residuals (hybrid workflow minus

reference). (d) lodide, (e) oxide, and (f) alloy DFT convergence time in core-hours.

TABLE II. Symmetry preservation and topology classification after MLIP relaxation. Number of systems (out of 1500) whose
symmetry-operation cardinality matches that of the DFT-relaxed reference. Topology categories indicate whether the MLIP-
relaxed structure preserves, degrades, or breaks the connectivity of the DF T-relaxed reference.

MLIP Symmetry-preserved count Topology preserved Topology degraded Topology broken
CHGNet 404 891 138 400
eSEN 324 962 115 356
UMA 415 984 110 345
MACE 1260 1133 104 245

geometric agreement is necessary for reliable electronic-structure
screening, but it is not sufficient to guarantee DOS agreement.

A likely explanation is that the DOS is sensitive to geometric
features that are not well captured by global metrics such as total
energy or average force residuals. Small changes in bond angles near
band edges, shifts in coordination environment, or subtle distortions
of octahedral or tetrahedral cages can redistribute electronic states
without large energetic penalties.” MLIPs trained on energy and
force labels have no direct incentive to preserve these electronically
relevant features if they contribute little to the potential energy sur-
face. This is not a failure of the models—it reflects the objectives they
were trained on. Extending those objectives to include electronic-
structure-aware loss terms or evaluation protocols is a natural next
step and one that the metrics employed here could support. Con-
ventional structural metrics and DOS agreement are largely decou-
pled across all three material classes, so RMSD accuracy cannot

substitute for a DOS-level check. The Wasserstein distance, in con-
trast, correlates directly with the Fermi-level error—most strongly
for oxides—which anchors the metric® to a physically interpretable
observable rather than a purely mathematical shape comparison.

Symmetry preservation

Among the four models tested, MACE preserves crystallo-
graphic symmetry in 84% of systems, compared to 22%-28% for the
other MLIPs (Table II). This difference correlates with the largest
DFT convergence speedups (Table I) and with modestly better DOS
agreement for oxides and iodides.

The connection between symmetry and electronic structure
runs deeper than computational cost. A change in space group
alters the irreducible Brillouin zone and can modify allowed elec-
tronic transitions, shift degeneracies, and open or close gaps at

APL Mach. Learn. 4, 036117 (2026): doi: 10.1063/5.0339982
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FIG. 4. Ensemble DOS convergence for disordered systems. (a) DOS convergence with increasing number of sampled configurations. (b) and (c) Convergence of

(1 - cos 6) and dy, with increasing number of representative configurations.

high-symmetry points.”*”’ In materials where electronic proper-
ties depend sensitively on crystallographic symmetry—for example,
Jahn-Teller distortions in transition-metal oxides,’” spin-orbit-
induced band splittings in heavy iodides, or symmetry-enforced
band crossings in Heusler-type alloys’' —an MLIP that breaks that
symmetry during relaxation may introduce qualitative, not just
quantitative, errors in the electronic structure.

The stronger symmetry preservation observed for MACE is
unlikely to have a single cause. Compared to eSEN-OAM and UMA-
S, the MACE-MATPES-PBE-0 checkpoint used here is addition-
ally fine-tuned on MatPES, another materials-focused dataset with
greater control on convergence and coverage of non-equilibrium
environments.'””"** Greater exposure to periodic crystals in the
training data may, therefore, contribute to the stronger symmetry
preservation observed for MACE. The checkpoints and workflows
differ in more than training data, including model architecture,
model size, and relaxation protocol. These coupled differences pre-
vent us from assigning MACE’s stronger symmetry preservation to
a single factor, such as maximum angular momentum or parameter
count.

The topology analysis shows that coarse structural failures
explain part of the DOS heavy tail. Figures S4 and S5 of the
supplementary material show that topology changes mark many
cases with large Wasserstein distances. Some high-error cases pre-
serve both symmetry and topology. These cases show that binary
structural labels do not capture all electronic errors. A structure
can retain the same symmetry and topology while still shifting DOS
peaks or redistributing spectral weight.

Symmetry breaking during relaxation is not unique to MLIPs.
DFT relaxation can also change the space group of a prototype struc-
ture when the initial configuration sits near a symmetry-breaking
instability. The difference is how the geometry and the electronic
state are resolved. DFT relaxation updates them together, so the
final structure and the electronic state it carries are mutually con-
sistent. An MLIP relaxation, by contrast, sets the geometry on
its own. It does not solve for wavefunctions or the Kohn-Sham
Hamiltonian, even when the model incorporates charge or mag-
netic features during inference. The subsequent single-point DFT
calculation must then build the electronic structure from scratch
on whatever geometry the MLIP provides. Any symmetry the MLIP
fails to preserve, therefore, has to be recovered by the downstream
DFT step, which is a stronger demand than when the two stages
are run self-consistently. Symmetry-aware evaluation deserves
inclusion alongside energy and force metrics in future MLIP
benchmarks.*”

Material-class dependence

The three material classes respond differently to MLIP-induced
structural perturbations. Alloys show the smallest electronic devi-
ations across all metrics, consistent with metallic bonding that
distributes the DOS over a broad energy range and reduces sensi-
tivity to local geometric changes. Oxides and iodides show larger
and broader distributions, reflecting the role of d-orbital localiza-
tion (oxides) and soft, polarizable bonding environments (iodides)
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in shaping the electronic spectrum. We expect similarly broad DOS-
error distributions in other material classes when the target property
depends on local coordination, orbital character, spin-orbit effects,
disorder averaging, or symmetry. The size of the DOS error will
remain chemistry- and dataset-dependent, and energy, force, and
RMSD errors should be checked against electronic metrics before
they are used as surrogates for DOS agreement.

This hierarchy has practical implications. For metallic sys-
tems, including the HEAs studied here and in related work,”"”
the hybrid MLIP-plus-DFT workflow is viable: structural errors
are small, electronic deviations are modest, and ensemble aver-
aging over a limited number of configurations recovers accurate
electronic properties (Fig. 4). For oxides and iodides, the same
workflow remains useful—the convergence speedup is material-
class independent—but the resulting electronic structure should be
interpreted with greater caution, and the DOS metrics employed
here provide a quantitative basis for deciding when that caution is
warranted.

The iodide case is instructive. These systems are known to
challenge DFT itself due to dispersion and relativistic effects,'”'®
and the MLIP models inherit those limitations through their train-
ing data. The broader DOS distributions observed for iodides may,
therefore, reflect not only MLIP-induced structural errors but also
the propagation of systematic biases in the underlying DFT refer-
ence. Disentangling these contributions is an important direction for
future work.

Practical implications and outlook

Two results from this study have immediate practical value.
First, the hybrid workflow delivers consistent convergence speedups
across all material classes and models, making it a low-risk way
to accelerate electronic structure calculations in high-throughput
settings. Second, the ensemble convergence result for disordered
systems (Fig. 4) provides a concrete protocol for reducing the com-
putational cost of electronic structure evaluation in HEAs and other
configurationally complex materials: a small fraction of configura-
tions recovers the full electronic structure to within the resolution of
our DOS metrics.

Looking ahead, several extensions are worth exploring. Incor-
porating electronic-structure-aware labels or descriptors into MLIP
training could narrow the gap between geometric agreement and
DOS agreement. The DOS metrics employed here—cosine dis-
tance and Wasserstein distance®—are not limited to benchmarking;
they could serve as loss components or validation criteria during
MLIP training, providing direct feedback on electronic relevance.
Similarly, the observation that direct DOS prediction models'* "
and the hybrid approach studied here face complementary limita-
tions suggests that combining both strategies—using MLIP-relaxed
geometries as inputs to lightweight DOS models rather than full
DFT—may offer a path toward fast, accurate, and interpretable elec-
tronic structure evaluation at scale. Domain-specific fine-tuning is
likely to improve energy, force, and geometric metrics when the
target chemistry is under-represented and may reduce DOS errors
when those errors are geometry mediated. The impact of chemistry-
specific fine-tuning remains an open question. Fine-tuning only on
energies and forces is not expected, by itself, to guarantee DOS-level
accuracy. Electronic labels, descriptors, or validation metrics would
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still be needed to assess whether the relaxed geometries preserve the
DOS.

CONCLUSION

We examined the relationship between conventional structural
metrics and density-of-states agreement across four MLIPs span-
ning nearly three orders of magnitude in parameter count, applied
to oxides, iodides, and alloys. By combining MLIP-based relaxation
with identical single-point DFT calculations, we isolated the effect of
structural approximations on the resulting DOS.

Three findings emerge. First, improvements in conventional
structural metrics—energy, forces, and RMSD—do not translate
into proportional gains in DOS agreement. DOS discrepancies
remain comparable across models of vastly different scales, show-
ing that geometric agreement is necessary but not sufficient for
electronic-structure screening. Second, symmetry preservation dur-
ing relaxation correlates with DFT convergence speedups, suggest-
ing that symmetry-aware evaluation deserves inclusion alongside
energy and force benchmarks. Third, for disordered systems, the
ensemble-averaged DOS converges with only a handful of represen-
tative configurations, so the full electronic structure is accessible at a
fraction of the cost.

Several directions remain open. Incorporating electronic-
structure-aware labels or descriptors into MLIP training could
narrow the gap between conventional structural metrics and DOS
agreement. The DOS metrics employed here could serve as val-
idation criteria or loss components during training. Combining
MLIP-relaxed geometries with lightweight DOS prediction mod-
els may offer a route toward fast electronic structure evaluation at
scale.

METHODS
Data selection

We selected 500 systems from each of three families of
ordered materials—alloys, oxides, and iodides—to build a repre-
sentative sample, drawn from the CHAOS database (Combina-
torial High-throughput Analysis & Optimization for Synthesis).*’
Table S1 of the supplementary material lists the compositions and
crystallographic prototype identifiers.” Five HEA systems were
separately selected for evaluation within the supercells ensemble
formalism.””*

MLIP models

We evaluate MACE-MATPES-PBE-0 (~9.06M parameters),'’
CHGNet (~0.413M),” eSEN-OAM (~302M),”" and UMA-S
(~150M).”> MACE, eSEN, and UMA are E(3)-equivariant graph
neural network models; eSEN and UMA further incorporate
transformer-based architectures. CHGNet is an invariant architec-
ture that includes charge and magnetic moment features derived
from DFT training data. The models span nearly three orders of
magnitude in parameter count, providing a spectrum of architec-
tural design and capacity.
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Processing pipeline

For each system, a crystal prototype is generated from its
space group and Wyckoff positions.””* Each prototype is then
relaxed using each of the four MLIPs via the ASE Python inter-
face,” with the maximum residual force set to 0.001 eV/A and
a limit of 500 relaxation steps. For a given system, all MLIP and
DFT relaxations start from this same unrelaxed prototype, so differ-
ences in the final geometries arise from the relaxation method rather
than from different starting configurations. The resulting relaxed
structures are used as inputs to single-point DFT calculations
performed with VASP,””" employing PAW pseudopotentials’®
and the PBE generalized-gradient approximation.”” All remaining
parameters—including plane wave cutoffs, convergence criteria, and
Fourier-transform meshes—follow the AFLOW standard.”” Only
electronic convergence is performed; no ionic relaxation is carried
out in VASP.

After relaxation, RMSD and maximum displacement are com-
puted with the StructureMatcher class in pymatgen, which aligns
each MLIP-relaxed structure to the DFT-relaxed reference before
calculating distances.”"” We also use StructureMatcher to clas-
sify topology as preserved, degraded, or broken. In Figs. S4 and S5 of
the supplementary material, degraded and broken cases are grouped
as topology changes. Symmetry preservation is assessed separately
by comparing the cardinality of the symmetry-operation set—as
reported in the VASP OUTCAR—between the MLIP-relaxed struc-
ture and the DFT-relaxed reference. A structure is classified as
symmetry-preserved if the two cardinalities match. This criterion
reflects the symmetry that VASP uses internally to construct the irre-
ducible Brillouin zone, which directly affects the cost of electronic
convergence. For a detailed treatment of crystallographic symmetry
analysis, see Ref. 32.

DOS evaluation

The DOS is computed using the AFLOW static calculation
protocol: 10000 KPPRA with the tetrahedron method and Blochl
corrections for Brillouin zone integration, evaluated at 5000 points
spanning —30 to 45 eV. Because the Fermi-level alignment shifts
the energy grid of each structure independently, the resulting DOS
values are not directly comparable across systems. We, therefore,
interpolate the aligned DOS using SciPy’s** RBFInterpolator with
a Gaussian kernel (0 = 0.05, smoothing = 10™°) and resample at 1000
points from —10 to 10 eV relative to the Fermi level. This restricts
the comparison to the chemically relevant valence and low-energy
conduction states and places all structures on a common grid. We
denote the interpolated DOS as DOSiy (E).

DOS metrics
For each structure, the Fermi-aligned DOS vector is
DOS(i) = DOSint (E(7) + Er), (1)

where Ep is the Fermi level and E(i) spans —10 to 10 eV. Given
the DOS vectors from the DFT-relaxed structure (DOSprr) and the
MLIP-relaxed structure (DOSmrip ), we define the cosine distance,

pubs.aip.org/aip/aml

DOSprr - DOSMLIP

de=1-cosf=1- s 2)
‘ IDOSper [ DOSwLre |
where | - | denotes the L, norm, and the Wasserstein distance,
Fu(x) = f DOS.(¥') d¥/, ke {DFT,MLIP},  (3)
dw = f |Forr (x) = Fywe ()| dx, 4

where Fprr and Fumpp are the cumulative distribution functions
of the two DOS distributions. The cosine distance measures shape
similarity and is insensitive to absolute magnitude; the Wasserstein
distance captures spectral redistribution along the energy axis. Both
integrals are evaluated using the trapezoidal rule.®

High-entropy ensemble averaging

For HEA systems, the electronic DOS is obtained as a
Boltzmann-weighted ensemble average over the ordered super-
cell representatives.”””" In most such systems, the majority of
the probability mass is concentrated in a small fraction of the
representatives—configurations with low energies, high degenera-
cies, or both—motivating the use of MLIPs to rank configurations by
Boltzmann weight and restrict DFT evaluation to the dominant sub-
set. For the convergence benchmark in Fig. 4, the reference ensemble
is the Boltzmann-weighted DOS from all 49 unique ordered super-
cell representatives’ """ after DFT relaxation and single-point DFT
DOS evaluation. The truncated curves are generated by selecting
the highest-weight representatives according to the MLIP ranking,
evaluating only that subset with DFT, and comparing the run-
ning Boltzmann-weighted average with the all-49 DFT reference.
Thus, the MLIP is used for configuration ranking and structural
preconditioning; the reported electronic DOS values remain DFT
calculations.

A direct average of the raw DOS values on the absolute
energy grid is problematic because each finite supercell enforces
its own charge neutrality condition, producing a distinct Fermi
level. In a macroscopic disordered metal, however, the electrochem-
ical potential is uniform: electrons are delocalized across all local
configurations, and a single chemical potential governs the entire
system. The individual supercell Fermi levels are artifacts of the
finite-cell approximation, and averaging the DOS without correct-
ing for them introduces spurious misalignment along the energy
axis. To recover a physically meaningful energy reference, we define
a Boltzmann-weighted Fermi level,

Ep(T) = Z pi(T) Eg, (5)

where pi(T) = gi e B/BT) ¥ 8 ¢ B/5T is the Boltzmann weight for
the i-th representative, g, is its degeneracy, and Ep; is its Fermi
level. All individual DOS are re-aligned to Ep before ensemble
averaging. In the early-stopping protocol evaluated in this work,
the full ensemble is not yet available at the point of trunca-
tion. The Boltzmann-weighted Fermi level is, therefore, computed
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from the subset of structures evaluated so far, and the ensem-
ble DOS is constructed as a running average over the available
representatives.

SUPPLEMENTARY MATERIAL

The supplementary material contains energy residual distribu-
tions, energy parity plots, comparisons between structural deviations
and density-of-states distances, symmetry and topology analyses,
pairwise correlation matrices, and a table of compositions and
crystallographic prototypes.
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