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ine learning model for the
electronic density of states
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Matthias Kellner, Sergey Pozdnyakov and Michele Ceriotti *

In the last few years several “universal” interatomic potentials have appeared, using machine-learning

approaches to predict energy and forces of atomic configurations with arbitrary composition and

structure, with an accuracy often comparable with that of the electronic-structure calculations they are

trained on. Here we demonstrate that these generally-applicable models can also be built to predict

explicitly the electronic structure of materials and molecules. We focus on the electronic density of

states (DOS), and develop PET-MAD-DOS, a rotationally unconstrained transformer model built on the

Point Edge Transformer (PET) architecture, and trained on the Massive Atomic Diversity (MAD) dataset.

We demonstrate our model's predictive abilities on samples from diverse external datasets, showing also

that the DOS can be further manipulated to obtain accurate bandgap predictions. A fast evaluation of the

DOS is especially useful in combination with molecular simulations probing matter in finite-temperature

thermodynamic conditions. To assess the accuracy of PET-MAD-DOS in this context, we evaluate the

ensemble-averaged DOS and the electronic heat capacity of three technologically relevant systems:

lithium thiophosphate (LPS), gallium arsenide (GaAs), and a high entropy alloy (HEA). By comparing with

bespoke models, trained exclusively on system-specific datasets, we show that our universal model

achieves semi-quantitative agreement for all these tasks. Furthermore, we demonstrate that fine-tuning

can be performed using a small fraction of the bespoke data, yielding models that are comparable to,

and sometimes better than, fully-trained bespoke models.
1 Introduction

Machine learning (ML) methods are rapidly gaining popularity
in the eld of computational materials science due to their
ability to predict material properties at a fraction of the cost of
traditional ab initio methods, while maintaining comparable
levels of accuracy.1–3 ML models typically scale linearly with the
system size, in contrast to ab initio methods that are usually
more costly and exhibit poorer scaling behaviour,4 which limits
their usability for large or complex systems.

Early efforts in this domain were focused on highly special-
ized models, designed for specic properties in narrow regions
of the chemical space. Examples of such early developments
include interatomic potentials (IPs)5,6 as well as models
designed to predict bandgaps,7–10 charge densities,11 Hamilto-
nians,12,13 nuclear magnetic resonance (NMR) spectra14,15 or
electronic density of states (DOS).16,17 In recent years, there has
been a shi towards developing universal models, i.e. models
that are capable of generalizing well across a large fraction of
the periodic table, spanning both molecules and extended
Modeling, Institut des Matériaux, École

Lausanne, Switzerland. E-mail: michele.

y the Royal Society of Chemistry
materials.18–20 However, these efforts have been largely focused
on constructing universal ML interatomic potentials (MLIPs) to
enable stable molecular dynamics simulations across diverse
chemistries. Lately, there has been growing interest in building
universal ML models to predict other material properties
beyond energies and forces, such as bandgaps,21–24 Hamilto-
nians,25,26 and the density of states.27–29

Recently, a new universal MLIP, PET-MAD,30 has been
introduced, reaching similar accuracies as existing state-of-the-
art MLIPs for inorganic bulk systems while remaining reliable
for molecules, organic materials and surfaces. The PET-MAD
model employs the Point Edge Transformer (PET) architec-
ture,31 a transformer-based graph neural network that does not
enforce rotational symmetry constraints, but learns to be
equivariant to a high level of accuracy through data augmen-
tation. PET-MAD was trained on the small (containing fewer
than 100 000 structures) but extremely diverse Massive Atomic
Diversity (MAD) dataset.32 It encompasses both organic and
inorganic systems, ranging from discrete molecules to bulk
crystals. The dataset also includes randomized and heavily di-
storted structures to increase stability when performing
complex atomistic simulations. Inspired by the success of the
highly expressive PET architecture and highly diverse MAD
dataset, we decided to apply this same combination to the
Digital Discovery
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prediction of the electronic density of states (DOS), a useful
quantity for understanding the electronic properties of
materials.

The DOS quanties the distribution of available electronic
states at each energy level and underlies many useful opto-
electronic properties of a material, such as its conductivity,
bandgap and optical absorption spectra.33,34 These properties
are highly relevant for applications like semiconductors and
photovoltaic devices. Hence, the ability to easily obtain the DOS
of a material can be instrumental for material discovery, paving
the way for the development of better semiconductors or more
efficient photovoltaics.27 Furthermore, the DOS can also
enhance MLIPs by accounting for nite temperature effects,
such as the temperature dependent electronic free energy35 or
electronic heat capacity,36 thereby broadening their utility.

In this work, we present PET-MAD-DOS, a universal
machine-learning model for predicting the DOS, based on the
PET architecture and MAD dataset. Uncertainty quantication
(UQ) was also performed based on existing UQ methods37,38 to
provide a measure for the accuracy of the DOS predictions at
different energies. We evaluate the performance of PET-MAD-
DOS on atomistic benchmarks and ensemble quantities for
a diverse set of scientically interesting material systems,
namely gallium arsenide (GaAs), lithium thiophosphate (LiPS),
and high entropy alloys (HEA). We compare the ensemble
quantities obtained using PET-MAD-DOS against bespoke
models, i.e. PET models trained solely on those materials, and
ne-tuned versions of PET-MAD-DOS for each material class.
These bespoke models have roughly half the test-set error of
PET-MAD-DOS. The fact that a model specialized for a single
material is only twice as accurate as our universal predictor is
Fig. 1 Rootmean square error (RMSE) of the DOS predictions (orange-lin
the external datasets (b). The blue line shows the rotational discrepan
symmetry error is multiplied by 100 to plot it on the same scale as the test
symmetry error are scaled based on the number of electrons in the syst
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a testament to the robustness of PET-MAD-DOS. At the same
time, having access to more accurate bespoke models trained
on an entirely different specialized dataset allows us to assess
the reliability of PET-MAD-DOS when using it in more compli-
cated simulation workows, whose validation by explicit elec-
tronic structure calculations would be prohibitively expensive.
2 Results

This section covers the performance of PET-MAD-DOS, our
foundation DOS model based on the PET architecture and
trained on the MAD dataset. We report the details of the model
and its training in the Methods (Section 4). We rst showcase
the performance and generalizability of PET-MAD-DOS by
evaluating the DOS predictions on different subsets of the MAD
dataset and several public datasets. Aerwards, we show that
the predicted DOS can be used to obtain accurate predictions of
the bandgap. Finally, we demonstrate the utility of our model
on three case-study materials by evaluating ensemble quantities
derived from molecular dynamics (MD) trajectories. For these,
we compared the performance of PET-MAD-DOS against that of
(1) PET models trained solely on those systems and (2) the
corresponding ne-tuned PET-MAD-DOS models.
2.1 Model performance

We evaluate the performance of PET-MAD-DOS both on the
MAD test set and on samples from other popular atomistic
datasets, covering a broad spectrum of systems from bulk
inorganic systems to drug molecules. The MAD dataset was
originally developed as a compact dataset to train universal
e) on the test set of theMAD dataset across the different subsets (a) and
cy, arising from the fact that PET is rotationally unconstrained. The
RMSE, which is two orders of magnitude higher. Both the RMSE and the
em and have units of eV−0.5 electrons−1 state.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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MLIPs, and is described in detail in ref. 32. It is divided into
eight distinct subsets, which we summarize here:
MC3D & MC2D: materials Cloud 3D (33 596 structures) and 2D
(2676 structures) crystal database respectively.39,40

MC3D-rattled: structures generated by adding Gaussian noise
to the atomic positions of MC3D structures (30 044 structures).
MC3D-random: structures formed by randomizing the
elemental composition of a subset of MC3D structures (2800
structures).
MC3D-surface: surfaces obtained by cleaving a subset of MC3D
structures along random crystallographic planes with lowMiller
index (5589 structures).
MC3D-cluster: clusters formed by randomly subselecting two to
eight atoms from some MC3D structures (9071 structures).
SHIFTML-molcrys & SHIFTML-molfrags: molecular crystals
(8578 structures) and neutral molecular fragments (3241
structures) respectively from the SHIFTML dataset that is
sampled from the Cambridge Structural Database.41,42
Fig. 2 Error distributions in the MAD test set. The top panel shows the n
structure in each subset, represented by different colors, and the CDF of
true DOS (blue dashed)/predicted DOS (red solid) comparisons from diff
each subplot, the atomic configuration of the corresponding structure is d
DOS prediction as estimated by the calibrated last-layer prediction rigid
associated with the prediction at each energy channel. The range of the
and its corresponding uncertainties. The RMSE corresponding to each s

© 2026 The Author(s). Published by the Royal Society of Chemistry
The samples from external datasets are recomputed using
MAD DFT settings to maintain consistency between training
and evaluation data. They come from six sources:
MPtrj: relaxation trajectories of bulk inorganic crystals
dataset.43

Matbench: bulk inorganic crystals from the Materials Project
Database.44

Alexandria: relaxation trajectories of bulk inorganic crystals as
well as 2D and 1D systems.45

SPICE: drug-like molecules and peptides.46

MD22: molecular dynamics trajectories of peptides, DNA
molecules, carbohydrates and fatty acids.47

OC2020 (S2EF):molecular relaxation trajectories on catalytically
active surfaces.48

The errors of PET-MAD-DOS in these datasets are shown in
Fig. 1, with further details of the error distributions in MAD
illustrated in Fig. 2 which also provides a few representative
example of DOS predictions, helping to relate the integrated
ormalized cumulative distribution function (CDF) of the RMSEs of each
the entire MAD test subset in black. The bottom panel shows selected
erent parts of the MAD error distribution, for visual reference. Above
isplayed. The green areas represent the uncertainty associatedwith the
ity (LLPR) ensembles. The routine computes the standard deviation s

x axis has been truncated to ease visualization of the DOS predictions
ubplot in the bottom panel is at the top right corner.
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errors to the visual quality of the predictions. Overall, the
general performance trends of PET-MAD-DOS across the
different datasets are similar to those of PET-MAD. For the MAD
subsets, both models perform worst on the MC3D-random and
MC3D-cluster subsets, likely due to the high chemical diversity
in the subsets and the presence of several extreme cases of far-
from-equilibrium congurations. The accuracy is especially
poor for clusters, which have sharply-peaked DOS and oen
a highly nontrivial electronic structure. As shown in Fig. 2, the
error distribution has a long tail, with a few high-error struc-
tures, but most of the structures having errors below 0.07 eV−0.5

electrons−1 state. Considering the external datasets, Fig. 1b
shows that PET-MAD-DOS performs best on MD22 and SPICE,
which is consistent with the fact that the model performs better
on the molecular part of the MAD dataset (SHIFTML subsets).
Additionally, the performance of PET-MAD-DOS on the MAD
dataset is comparable to that of the external datasets, high-
lighting both the chemical diversity of MAD and the ability of
PET-MAD-DOS to capture the structure–property relationship in
the extrapolative regime. Since the PET architecture does not
impose any rotational constraints on the predictions, a rotated
structure will not necessarily give the same prediction as the
original structure despite the physical DOS being invariant to
rotations. However, Fig. 1 shows that the rotational discrepancy
is two orders of magnitude smaller than the RMSE of the DOS.
Furthermore, recent works have shown that rotational
discrepancies from rotationally unconstrained models have
negligible impact on a model's performance in practical appli-
cations.49 Therefore, the lack of rotational constraint for PET-
MAD-DOS does not impact the reliability of the model.

In Fig. 2, we also provide the uncertainties that have been
quantied at each energy channel using the standard deviation
of the calibrated last-layer prediction rigidity (LLPR) ensem-
bles.37 Information regarding the construction of the LLPR
ensemble can be found in Section 4.8 of the Methods. The
quantied uncertainties correspond well with the error made by
the model for the structures shown on the bottom of Fig. 2. Our
LLPR-based uncertainty quantication (UQ) module is crucial
for ensuring reliability in the model predictions, which is
especially relevant for general-purpose models like PET-MAD-
DOS as they are utilized in the “edge” cases where perfor-
mance may deteriorate without warning. In particular for the
DOS, the model's performance is inconsistent across energy
channels, and thus our UQmodule can be useful for identifying
the model's condence across different energy regions of the
prediction.
Fig. 3 Evaluation of the bandgap in MgCl2, an insulator in the test set
of MAD. The raw prediction of PET-MAD-DOS (solid red) is compared
against that of the denoised prediction (dashed green) and true DOS
(dash-dotted black). The colored vertical lines represent the Fermi
level determined via integration of the corresponding DOS spectra.
The target gap of 5.91 eV represents the HOMO–LUMO gap obtained
from the underlying DFT calculation while the other bandgaps are
obtained from the corresponding DOS spectra, using a threshold of 0.1
eV−1 atom−1 state.
2.2 Predicting the bandgaps

The bandgap plays a fundamental role in the optical and elec-
tronic properties of a material. Its magnitude provides insight
into the electrical conductivity at different temperatures, as well
as the wavelength of light that the material can absorb. Hence,
predicting the bandgap can be very useful for material design in
applications such as electronics, catalysis and photonics.

In this work, we dene the bandgap as the difference
between the valence band maximum (VBM) and the conduction
Digital Discovery
band minimum (CBM). To determine the bandgap from the
DOS, one would normally rst determine the Fermi level by
nding the energy where the integrated DOS equals the total
number of electrons in the system. The positions of the VBM
and CBM can then be estimated to determine the bandgap.
However, the application of this method to predicted DOS
spectra poses several challenges. Although the DOS inside the
bandgap should be zero, due to the use of Gaussian smearing to
construct the target DOS, along with small prediction errors
from the model, the DOS within the bandgap is oen a small
non-zero value. This introduces ambiguity in the choice of
a threshold below which the DOS should be treated as zero.
Another challenge is the determination of the Fermi level,
which depends on the integrated DOS and therefore is very
sensitive to accumulated errors. All these challenges are illus-
trated in Fig. 3 for MgCl2, an insulator in the test set of MAD.
The calculated Fermi level on the raw predicted DOS (red lines)
is offset to the right of the gap by around 0.5 eV due to a slight
underestimation of the integrated DOS. Since the Fermi level
falls into a region with non-zero DOS, the physical interpreta-
tion is that MgCl2 is a metal with no bandgap, which is quali-
tatively wrong. Even if the Fermi level was correctly determined,
the oscillations in the predicted DOS (the most prominent one
around −9 eV) would complicate the assessment of the gap's
magnitude.

Given these issues, one may wonder whether the predicted
DOS can be used to achieve the goals that motivated us to
develop a DOS model in the rst place. To this end, we
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 4 Demonstration of the effects of denoising on two sample
predictions on the MAD test set. The raw prediction of PET-MAD-DOS
(solid red) is compared against that of the denoised prediction (dashed
green) and true DOS (dash-dotted black). The x-axis is truncated to
enhance visualization of the differences between each DOS.
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developed two solutions. The rst solution involves passing the
raw DOS prediction through a denoising lter to eliminate
model noise in gap regions. The denoised DOS is also scaled
such that the DOS integrates to the correct number of electrons
up to the Fermi level, which is predicted by a convolutional
neural network (CNN) (see Section 4.6 in the Methods for
Fig. 5 Comparison of the mean absolute error (MAE) of the bandgap pre
(orange), physically interpreting the denoised DOS prediction (dark blue
ported on the test set of the MAD dataset across the different subsets (
plotted in this figure are listed in Tables I and II in the SI.

© 2026 The Author(s). Published by the Royal Society of Chemistry
details). A demonstration of the denoising algorithm can be
seen in both Fig. 3 and 4. Both gures show that the denoised
prediction (green dashed line) exhibits virtually no oscillations
in the gap regions, unlike the raw prediction (red solid line). For
the case of MgCl2 in Fig. 3, the bandgap obtained from the
denoised DOS is much better thanks to the improved Fermi
level determination and higher quality DOS predictions in the
gap. The second solution relies on a fully data-driven approach:
the raw predicted DOS is passed through a CNN to predict the
bandgap directly. The idea behind this solution is that a trained
CNN should be able to nd a way of dealing with noise that
outperforms our handcraed denoising algorithm, at the cost
of being less elegant. For both approaches, the point that the
CNN is applied is crucial. PET-MAD-DOS predicts atomic
contributions that are summed over the atom indices to
produce the total DOS. It is at this point where the CNN, which
introduces non-linearities, should be applied. Applying it at the
level of individual atomic environments would amount to
making the assumption that a global quantity such as the
bandgap and position of the Fermi level can be written as a sum
of atomic contributions. For the same reasons, the denoising
lter is applied to the total DOS and not to individual atomic
contributions.

The performance of each method's bandgap predictions is
displayed in Fig. 5, accompanied by Tables I and II in the SI. For
the MAD test set, the CNN method achieves MAE errors that are
roughly 4× lower than the raw predictions and 2× lower than
the denoised predictions. In general, using the CNN method
achieves better accuracies for secondary quantities. For
instance, when estimating the DOS at the Fermi level, the MAEs
of the raw predictions, denoised DOS and CNNmethod are 0.15,
0.13 and 0.10 eV−1 atom−1 state respectively. The results suggest
dictions determined by physically interpreting the raw DOS prediction
), and applying a CNN on the raw DOS (light blue). The results are re-
a) and the external datasets (b). The MAE have units of eV. The values
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that the CNN method yields superior performance, although
the denoised DOS offers a reasonable alternative while keeping
the workow physically sound. Physical interpretability can be
an advantage since it allows the derivation of additional prop-
erties from the same DOS without having to train more models.
For example, we use the denoised DOS in Section 2.3.2 to
compute the electronic heat capacity.

The bandgap performance on the different MAD subsets and
the external samples can also be seen in Fig. 5. The performance
on bandgap does not necessarily follow the same trend as that
of the DOS. Amongst the MAD subsets, the bandgap perfor-
mance is best on the MC3D-random subset, where PET-MAD-
DOS struggles to get good DOS predictions. A similar observa-
tion can be made for the Alexandria external dataset. On the
other hand, the bandgap performance is poor on the SPICE and
MD22 datasets, where PET-MAD-DOS performs well. This can
be attributed to the distribution of bandgaps in those subsets.
For instance, the MC3D-random test subset consists entirely of
conductors with no bandgap, and are thus easier to predict
especially when using the raw or denoised DOS which tend to
underestimate the bandgap. A similar argument can be made
for Alexandria, SPICE and MD22, where the error in each task
correlates with its mean and standard deviation. In most cases
the bandgap is predicted with an error around 100 meV, which
is comparable to the Gaussian smoothing we apply to construct
the DOS, and smaller than typical DFT errors.

As a point of reference for the bandgap performance, we
refer to the Matbench mp_gap leaderboards, as of December
2025. Based on the CNN approach, with a MAE and RMSE of
0.1900 and 0.3875 eV, it would be ranked 5th and 1st respec-
tively. However, we emphasize that this is only to give a point of
reference regarding the performance of the model, and not to
make a direct comparison with the models on the Matbench
leaderboards. Firstly, themodels on theMatbench leaderboards
are trained on the Matbench dataset while our model is trained
on the MAD dataset. Secondly, our evaluation is only done on
a small sample of 140 structures, recomputed with MAD DFT
settings while the Matbench leaderboard is based on the entire
test subset, which we cannot use directly because it is computed
with incompatible DFT settings.
Table 1 Comparison of test root mean squared error (RMSE) perfor-
mance for bespoke, low rank adaptation (LoRA), and PET-MAD-DOS
models on different systems. The best performing model for each
material in indicated in bold

RMSE on test subset [eV−0.5 electrons−1 state]

PET-MAD-DOS Bespoke model LoRA model

0.036 0.016 0.018
0.064 0.027 0.030
0.056 0.032 0.029
2.3 Application to nite-temperature material simulations

In addition to benchmarking PET-MAD-DOS on atomistic
datasets, we demonstrate it in realistic applications by using it
out-of-the-box as a general purpose model or as a foundation
model to be ne-tuned. Towards that end, we used PET-MAD-
DOS to predict the nite-temperature thermal-averaged DOS
of two technologically relevant systems, namely gallium arse-
nide (GaAs) and lithium thiophosphates (LPS), and to predict
the electronic heat capacity of a high entropy alloy (HEA).
Specic details with regards to the material simulations can be
found in Section III of the SI.

GaAs is a semiconductor with excellent physical and opto-
electronic properties, making it well suited for photovoltaic
devices for a wide range of applications.50 The Ga–As system
forms a simple binary phase diagram with metallic and
Digital Discovery
semiconducting liquid and solid phases, making it an inter-
esting system to use as a benchmark.

LPS have garnered great interest in the scientic community
for their potential as electrolytes for solid-state batteries.51

Li3PS4, one of the most popular LPS, has been extensively
studied and modelled computationally.52,53 Li3PS4 has three
main polymorphs, a, b, and g. The system is most stable in the
g polymorph at room temperature but it transforms into the
metastable b polymorph at 573 K and then into the a polymorph
at 746K.54 Although the g polymorph is a poor ionic conductor
at room temperature, the b polymorph has high ionic conduc-
tivity for Li+, making it a promising candidate for a solid
electrolyte.

HEAs refer to systems composed of 5 or more metals in
approximately equimolar proportions. These materials typically
have desirable mechanical and catalytic properties.55–58

However, building machine learning models to study HEAs and
explore their composition space is oen challenging due to the
inherently high chemical diversity in these systems. They are
oen used in high-temperature applications, where thermal
electronic excitations become relevant.

For all systems, we built a bespoke model, i.e. a PET model
that is trained solely on the GaAs dataset from Imbalzano and
Ceriotti,59 or the LPS dataset from Gigli et. al.,53 or a subset of
the HEA25S dataset from Mazitov et. al.60 All the datasets are
recomputed with MAD DFT settings. Additionally, we also built
a set of ne-tunedmodels by using the low-rank adaptive (LoRA)
technique on the PET-MAD-DOS model on those datasets.
Details on the ne-tuning procedure are discussed in Section
4.7. The bespoke and ne-tuned models have typically half the
test-set errors, and serve as an assessment of the accuracy of the
zero-shot PET-MAD-DOS in these complex simulations that
would be prohibitively expensive with DFT.

2.3.1 Test set performance. To evaluate the performance of
PET-MAD-DOS, the bespoke model and the LoRA ne-tuned
model, we compare their accuracy on the test subset of those
datasets in Table 1. PET-MAD-DOS performs reasonably well
out-of-the-box, achieving errors that are comparable with those
computed on the MAD subsets. The rst thing to note is that
PET-MAD-DOS errors are roughly twice as high as the errors of
bespoke models in these systems. This is a common fact
observed in other foundation models like MACE19 and PET-
MAD30 and does not diminish the utility of PET-MAD-DOS as
a fast and inexpensive tool for qualitative DOS predictions for
material systems across the periodic table.
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 6 Thermal-average DOS predictions of theMD trajectories of GaAs (top 2 rows) and LPS (bottom row) at different phases. The red solid lines
represent the prediction of the bespokemodel, the blue dash-dotted lines represent the prediction of the low rank adaptation (LoRA) model, and
the green dotted line represents the prediction of PET-MAD-DOS. The colored areas represent the uncertainty associated with the DOS
predictions of the corresponding model, obtained by propagating the uncertainties from each individual snapshot in the MD trajectory. In this
procedure, the thermal-average DOS is computed for each member in the calibrated last-layer prediction rigidity (LLPR) ensemble, and the
standard deviation across the ensemble members is taken as the uncertainty. Each system's phase is labelled at the top right corner of each
subplot. The MD trajectories are obtained using a bespoke PET-MADmodel. The energy axis shared between all systems is truncated to focus on
the model's performance near the Fermi level, hiding the core and high energy states. A plot of the model predictions that includes the core
states can be seen in Fig. 5 of the SI. For all subplots, the DOS is normalized with respect to the number of atoms in the system and the energy
reference is set to the Fermi level determined based on each respective DOS prediction.

Paper Digital Discovery

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

4 
M

ar
ch

 2
02

6.
 D

ow
nl

oa
de

d 
on

 3
/1

1/
20

26
 1

0:
48

:5
5 

PM
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n 
3.

0 
U

np
or

te
d 

L
ic

en
ce

.
View Article Online
Once PET-MAD-DOS is netuned, it offers a performance
similar to or even better than that of the bespoke models. The
ne-tuned models are able to achieve bespoke accuracies
without signicant impact to their performance on the MAD
dataset (Table III of the SI). Furthermore, based on the learning
curves in Section IV of the SI, the ne-tuned models have good
performance even in the low-data regime, where they clearly
outperform the bespoke ones. For the LPS and HEA datasets,
the ne-tuned models are able to achieve bespoke accuracies
using only 20% of the training data.

2.3.2 Thermal-average DOS. In addition to evaluating the
models on their test set performance, we also compare each
model's ability to compute the thermal-average DOS along
molecular dynamics (MD) trajectories of GaAs and LPS in
different phases. Studying phase transitions or interfaces
requires atomistic models of thousands or more atoms, for
which computing thermal-averages of the DOS is beyond the
capabilities of conventional electronic structure methods.
© 2026 The Author(s). Published by the Royal Society of Chemistry
Deringer et al.61 have previously combined MLIPs with ML
models for the DOS to reveal electronic properties in large
amorphous silicon systems up to 100k atoms, proving the
potential of the approach to reach unprecedented system sizes.
However, their study relied on bespoke models. In this section,
we demonstrate that similar results can also be obtained using
only universal models, eliminating the need to train bespoke
models, which can be computationally expensive during both
the training and data generation phase.

For GaAs, we used NVT MD trajectories of Ga, GaAs, and As
in both solid and liquid phases generated with the bespoke
interatomic potential in ref. 30. For the solid systems, the MD
simulations were performed at 150 K, 750 K and 550 K for Ga,
GaAs, and As respectively. Meanwhile, for the liquid systems,
the temperatures are 450 K, 2250 K, and 1650 K for the Ga, GaAs,
and As systems. For both solids and liquids, the temperatures
are chosen to be well into the solid or liquid phases, so as to
avoid spurious phase transitions due to the limitations of the
Digital Discovery
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Fig. 7 Constant pressure electronic heat capacity derived from the
thermal-average DOS of the HEA system at 16 different temperatures
from 500 K to 1200 K. The red solid line represent the prediction of the
bespoke model, the blue dash-dotted line represent the prediction of
the low rank adaptation (LoRA) model, and the green dotted line
represents the prediction of PET-MAD-DOS. The colored areas
represent the uncertainty associated with the DOS predictions of the
corresponding model, obtained by propagating the uncertainties from
each individual snapshot in the MD trajectory. In this procedure, the
heat capacity is computed for the denoised prediction of each
member in the calibrated last-layer prediction rigidity (LLPR)
ensemble, and the standard deviation across the ensemblemembers is
taken as the uncertainty.
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reference DFT energetics. The simulations were performed for 4
ns, using a timestep of 4 fs.

For LPS, we used the MD trajectory generated by the bespoke
interatomic potential in ref. 30. The trajectories for the three
LPS phases were performed in the NpT ensemble at 400 K for
a quasi-cubic cell containing 768 atoms at a pressure of zero
bar. The trajectories were run for 3 ns, sampled every 20 fs.

Fig. 6 shows that PET-MAD-DOS is generally able to quali-
tatively predict the same DOS prole as the bespoke model, up
to roughly 3 eV above the Fermi level. The LLPR module acts as
a good estimate of the model condence, as evidenced by the
good overlap between the uncertainties of all three models. In
this case, the proles are a thermal average of model predic-
tions across a MD trajectory, so we need to propagate uncer-
tainty. To do so, we rst compute the thermal-average predicted
by each LLPR ensemble member. We then take the mean over
LLPR ensemble members to get the nal prediction, and use the
standard deviation as a measure of uncertainty. It is crucial to
note that the decay of the DOS above the Fermi level for the
bespoke model is likely not physical as it arises due to the
limited number of eigenstates in the DFT calculations used for
the training set. For LPS, the predictions are observed to be
offset relative to one another when aligned at the Fermi level.
This is attributed to the difficulty in determining the Fermi level
for a predicted DOS spectra as highlighted in Section 2.2.
However, the shape of the DOS proles still closely matches that
of the LoRA and bespoke models. Along with the overlapping
uncertainties, this highlights the fact that PET-MAD-DOS is able
to yield good qualitative results out of the box in practical
applications.

2.3.3 Electronic heat capacity. For HEAs, we evaluate the
quality of the thermal-averaged DOS by using it to obtain the
electronic heat capacity of a prototypical CoCrFeMnNi alloy.
The electronic heat capacity can be particularly relevant at high
temperatures, making it important for HEAs used in high
temperature applications.

In this work, we calculated the electronic heat capacity from
the HEA MD trajectories obtained using PET-MAD in ref. 30.
The trajectories were obtained using a combination of replica-
exchange molecular dynamics run with Monte-Carlo atom
swaps. The simulation was performed with 16 replicas for 200
ps in the NPT ensemble using a 2 fs timestep at zero pressure
and using a logarithmic temperatures grid ranging from 500 K
to 1200 K.

To derive the heat capacity from the DOS, we used the
denoised DOS as described in Section 2.2 instead of the raw
DOS predictions, due to its higher physical interpretability.
First, the thermal-averaged DOS was computed as the average of
the denoised predictions along the MD trajectory. Then, the
electronic contribution to the internal energy, Uel, was
computed under the rigid band approximation as highlighted
in ref. 62. The electronic heat capacity was then calculated as
the derivative of Uel with respect to temperature using a nite
difference scheme. Further details on the computation of the
electronic heat capacity can be found in Section III of the SI. The
uncertainties for the heat capacities are propagated by
computing the heat capacity for each member in the calibrated
Digital Discovery
LLPR ensemble, taking the mean as the predicted heat capacity
and the standard deviation as the uncertainty. The results are
shown in Fig. 7, where it can be observed once again that PET-
MAD-DOS performs well, being able to capture semi quantita-
tively the trend between heat capacity and temperature.
Furthermore, the overlapping uncertainties reect good agree-
ment between all 3 models.
3 Discussion

PET-MAD-DOS consistently achieves semiquantitative predic-
tions of the DOS and properties that can be extracted from it.
Despite being trained on a small dataset and having a moderate
number of parameters, it performs well across a broad spec-
trum of material classes, even on structures from external
datasets. The generalizability of PET-MAD-DOS exceeds that of
other universal DOS models27,28 which are trained on datasets
consisting solely of inorganic systems. Its performance out-of-
the-box is only a factor of two worse than that of bespoke
models trained on a medium-sized dataset for a specic class of
material. This allows PET-MAD-DOS to yield results that are
close to those of the bespoke models even in practical applica-
tions, highlighting the efficacy of PET-MAD-DOS as a general
© 2026 The Author(s). Published by the Royal Society of Chemistry
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purpose tool for DOS predictions. Furthermore, with the
uncertainty quantication module based on an LLPR ensemble,
it is also possible to have a reliable estimate of the model's error
for both the DOS and the derived quantities at a relatively low
cost. If the projected error is unsatisfactory, the performance
can also be enhanced for particular applications by using PET-
MAD-DOS as a foundation model to be ne-tuned for enhanced
accuracies. The performance of these ne-tunedmodels is close
to the bespoke models, sometimes outperforming them on
their own validation domain. Learning curves show that ne-
tuning works well with only about 100 additional structures,
requiring far less data than bespoke models, and retaining
stable predictions for the more general datasets. Transfer
learning on a small number of reference calculations at a higher
level of theory could be a practical strategy to obtain more
accurate models for the many systems for which PBESol is not
expected to provide a good description of electronic excitations.

Even though the residual noise in the prediction in the gap
makes it somewhat difficult to determine its value from a direct
analysis of the predicted DOS, a simple denoising lter or the
application of a dedicated CNN to the raw prediction makes it
possible to extract electronic properties with good accuracy.
Although the PET architecture employed does not enforce
rotational constraints, PET-MAD-DOS is still able to predict the
DOS with a high level of rotational invariance, with the rota-
tional variability being 2 orders of magnitude smaller than the
accuracy of the model. PET-MAD-DOS is built and integrated
within the metatensor63 ecosystem, allowing the model to be
easily accessible and for the training procedure to be easily
replicated. Based on the accessibility, versatility and utility of
PET-MAD-DOS, we believe that it can serve as a useful tool for
materials discovery, especially in applications that require
explicit information on the electronic structure.
4 Methods

In this section, we introduce details with regard to dataset
construction, model architecture, loss functions for training
and model evaluation, model training procedure, bandgap
model architecture, and model ne-tuning, and uncertainty
quantication. Further details regarding the MD simulations
and hyper-parameters of the model can be found in Sections III
and V of the SI.
4.1 Dataset construction

As the MAD dataset was primarily constructed to t MLIPs, it
was computed using a minimal number of energy bands. The
energy range in which the DOS is well dened, based on the
eigenvalues calculated, varies widely across the dataset. To
increase data representation at energies above the Fermi level,
a small subset of 850 structures was recalculated using four
times the number of valence bands in the system. These
structures are 750 monoelemental systems from the MC3D and
MC3D-rattled subsets, together with the 100 structures that
possess the lowest energy cutoff in the entire MAD dataset.
Including these recomputed structures improves the DOS
© 2026 The Author(s). Published by the Royal Society of Chemistry
predictions in the high energy range, as displayed in Section VI
of the SI. Additionally, for bandgap benchmarking purposes,
a small random subset comprised of 140 structures was taken
from the Matbench dataset and recomputed with the same DFT
settings outlined in ref. 30.

The calculations above were performed using the Quantum
Espresso v7.2 package,64 under a non-magnetic setting with the
PBEsol exchange–correlation functional. The pseudopotentials
used were obtained from the standard solid-state pseudo-
potentials library (SSSP) v1.2 (efficiency set),65 using the highest
settings for the plane-wave and charge density cutoffs across all
85 elements present in the MAD dataset (110 Ry and 1320 Ry
respectively). The Marzari–Vanderbilt–deVita–Payne cold
smearing66 was used, with a spread of 0.01 Ry. For structures
with periodicity, a ne k-point spacing of 0.125 p Å−1 was used
in every periodic dimension while only one k point was used for
the non-periodic dimensions. See ref. 32 for a detailed discus-
sion of the makeup of the MAD dataset. Note that the PBESol
exchange–correlation functional oen predicts band gaps and
electronic excitations which are not in good agreement with
experiment, and that in these cases also PET-MAD-DOS should
not be expected to produce reliable predictions. In such a case,
the most straightforward solution would be to ne-tune PET-
MAD-DOS using data computed at a satisfactory level of theory.

The target DOS for a structure, DOSQA(E), is then built via
Gaussian smearing of the eigenvalues at each k-point and pro-
jecting it on a uniform energy grid as follows:

DOSQ
AðEÞ ¼

X
n˛bands

X
k

wkgðE � 3nðkÞÞ (1)

gðxÞ ¼ 1ffiffiffiffiffiffiffiffiffiffiffi
2ps2

p e�
x2

2s2 ; (2)

where NA represents the number of atoms in the structure. 3n(k)
represents the eigenvalues at each k point, with the energy
reference set to the Fermi level determined by Quantum
Espresso in the quantum chemical calculation. wk represents
the weight of the k-point in the Brillouin zone integral. s is
a Gaussian smearing parameter which is set to 0.3 eV, deter-
mined by comparing the constructed DOS of a sample structure
against that of the same structure computed with a ner k-grid.
E is the energy grid, which is a uniform grid containing 4806
points from −149.65 eV to 80.65 eV, representing 1.5 eV below
and above the lowest and highest eigenvalue cutoff in the
original MAD dataset (excluding recalculated structures). The
lowest eigenvalue cutoff is the lowest eigenvalue in the dataset
while the highest eigenvalue cutoff is the minimum energy of
the highest energy band in the dataset.

4.2 PET model

The Point Edge Transformer (PET)31 architecture combines both
transformers and graph neural networks by using transformers
in the message-passing layer. For every system, a directed graph
is built by dening atoms as nodes and directed edges connect
atoms within a specied cutoff radius. Feature vectors flij are then
built on each directed edge between atoms i and j. These feature
vectors serve as the messages that will be passed in the message-
Digital Discovery
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passing layer, l. The dimensionality of flij is xed and is dened by
a hyperparameter of the architecture, dPET. In each message-
passing layer, a transformer is used to perform a permutation-
covariant sequence-to-sequence transformation. The transformer
takes as input all feature vectors flij, for a given central atom i and
layer l, and outputs the corresponding feature vectors {fl+1ij }j for the
next layer l + 1. This step also incorporates structural and chemical
information regarding the central atom, such as the 3D positions
of the neighbors and chemical species. Aer going through all the
message-passing layers, all feature vectors flij are then used as
inputs for a nal feed-forward network. The output of the nal
feed-forward network is summed across bonds ij and layers l and
represents the nal target property, an array with size 4806
depicting the DOS in this case. To obtain better expressivity, the
PET architecture does not impose any rotational constraints,
allowing a single layer to theoretically access virtually unlimited
body orders and angular resolution. To address the lack of rota-
tional symmetry constraints, data augmentation is employed for
the model to learn the rotational behaviour of the target, i.e.
invariant for the case of the DOS. In this work, the only change
made to the original PET architecture is at the last layer of the nal
feed-forward network, which is modied to give 4806 outputs,
representing the size of the DOS array, instead of 1. For a more
detailed description of the architecture and specic operations, the
reader can refer to the original PET publication.31 PET-MAD-DOS
predicts the DOS of the system from a sum of atomic contribu-
tions, that are then summed to yield the total DOS, which is the
physical target the model is trained on. The atomic contributions
shall not be interpreted physically (e.g. as a projected DOS). Even
though one could imagine tting the atomic contributions to some
projected DOS, the projections are not associated with well-dened
physical observables, and are not uniquely dened. Constraining
the model to be consistent with a given choice of atomic projec-
tions might have a negative impact on the accuracy of the pre-
dicted DOS without providing substantial advantages.
4.3 Training and evaluation functions

A simple mean squared error loss function is unable to properly
reect the underlying physical constraints of the DOS as
a machine learning target, especially in a highly chemically
diverse dataset where each calculation has a different energy
cutoff in the eigenvalues. To account for the lack of an absolute
energy reference in bulk systems,67 we use a loss function that is
agnostic to the energy reference of the prediction and the target.
For this, we compute the loss only on the energy reference that
minimizes the prediction error. We dene the self-aligning loss,
AL, for a single structure A as such:

MSEðyðEÞ; ŷðEÞÞ ¼
ðEmax

Emin

dE ðyðEÞ � ŷðEÞÞ2 þ
ðEmin

Gmin

dE yðEÞ2

(3)

ALAðWÞ ¼ min
D˛0;1;.;c

�
MSE

�
DOSW

A ðE þ ðD� eÞÞ;DOSQ
AðEÞ

��
:

(4)
Digital Discovery
Emin and Emax denote the energy minimum and maximum of
the evaluation window. DOSQA(E) represents the true DOS for
structure A while DOSWA (E) represents the predicted DOS for
structure A given model parameters W. c is an integer that
denotes the maximum number of grid points the energy refer-
ence can shi by and e represents the energy grid interval. Gmin

refers to the minimum energy of the prediction grid and the
second term in the eqn (3) essentially ts the DOS predictions
below Emin to zero to reect that there are no states below the
minimum eigenvalue. This arises due to the fact that this
minimization procedure requires the model to predict the DOS
in a wider energy grid, resulting in Gmin # Emin. The optimi-
zation algorithm then searches for the continuous subset
within the prediction, corresponding to the size of the target,
that minimizes the MSE. Based on preliminary testing, we have
set c to 200, corresponding to the prediction grid being 10 eV
wider. This is similar to the adaptive energy reference used in
ref. 68, with the exception that the loss is now fully minimized at
every epoch instead of being optimized simultaneously with the
model weights, but the energy reference can only shi in integer
multiples of the energy grid interval. By restricting the search
space to only integer multiples, it circumvents the need to
compute derivatives or build splines of the DOS during the
minimization procedure. Additionally, we were able to exploit
full vectorization to evaluate the loss for all values of D simul-
taneously, ensuring that the minimization procedure obtains
the global minima. We demonstrate the signicance of the shi
agnostic training procedure in Section VI of the SI.

Although every system, in principle, has an innite number
of eigenvalues at every k-point, electronic structure calculations
consider only a nite number of them. Due to this restriction,
calculating the DOS based on the method outlined in Section
4.1 will result in a sharp unphysical drop in the DOS to zero,
past the maximum computed eigenvalue. This impacts the
reliability of the DOS targets computed near the highest
computed eigenvalue. To account for this during model evalu-
ation and training, we set Emax in (4) for each structure to 0.9 eV,
corresponding to 3× the smearing value, below the minimum
energy of the highest energy band across every k-point. Since
MAD was computed with a minimal number of energy bands,
a large number of structures have a low Emax, with some Emax

values being lower than the Fermi level. Hence, it is not feasible
to simply set the Emax of all structures to the minimum Emax in
the dataset. Additionally, due to the wide range of Emax in the
dataset, there is an uneven distribution of data across the
energy grid. This results in highly oscillatory predictions at
higher energy levels due to insufficient data in those regions.
These oscillations can contaminate predictions during deploy-
ment if the structure contains atomic environments that comes
from two training structures with very different Emax (Section VII
of SI). To address these oscillations, we introduce a gradient
loss, GL, that imposes a mean squared penalty on the gradient
of the predictions, determined via nite differences, outside
Emax. The gradient loss for a single structure, A, is:
© 2026 The Author(s). Published by the Royal Society of Chemistry
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GLAðWÞ ¼
ðGmax

Emax

dE

 
dDOSW

A

�
E þ �Dopt � e

��
dE

!2

; (5)

where Gmax represents the maximum energy of the prediction
grid and Dopt is the optimal shi determined via (4).

In addition, we also include the loss on the cumulative DOS,
CL, similar to ref. 28 and 69. The loss on the cumulative DOS for
a single structure, A, is expressed as:

CLAðWÞ ¼
ðEmax

Emin

dE
�
cDOSW

A

�
E þ �Dopt � e

��� cDOSQ
AðEÞ

�2
(6)

where cDOS represents the cumulative DOS function. The nal
loss that the model is trained on is as follows:

LðWÞ ¼ 1

N

X
A

1

NA

ðALAðWÞ þ aGLAðWÞ þ bCLAðWÞÞ; (7)

where N refers to the number of structures in the training set
and NA denotes the number of atoms in structure A. The loss is
normalized with respect to the number of atoms in each
structure to make the loss independent of structure size. a and
b are hyperparameters used to scale GL and CL respectively. In
this work, a and b are set to 10−4 and 2 based on preliminary
tests.

For evaluation, the RMSE is also normalized to account for
the difference in the number of electrons represented by the
DOS in the dataset:

nA ¼
ðEmax

Emin

dE DOSQ
AðEÞ (8)

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

N

X
A

ALAðWÞ
nA2

s
(9)

where N represents the number of structures in the evaluation
set. nA represents the number of electrons represented in the
target DOS.

We evaluate the symmetry error as the standard deviation of
the DOS predictions of 38 rotated copies of the each structure,
based on a Lebedev angular grid with a degree of 8. The stan-
dard deviations are only computed up to the point where the
DOS target is dened so that it can be compared to the RMSE of
the DOS predictions. The formula for the symmetry error, srotA , is
as follows:

srot
A ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

38

X38
i¼1

1

nA

ðEmax

Emin

dE
�
DOSi

AðEÞ �DOSm
AðEÞ

�2vuut ; (10)

where i represents the index of the rotated copies, A represents
the structure, DOSiA represents the prediction on the ith rotated
copy of structure A and DOSmA(E) represents the mean prediction
of structure A across all rotations. The symmetry error is
normalized by the number of electrons so that it can be
meaningfully compared against the RMSE in (9).
© 2026 The Author(s). Published by the Royal Society of Chemistry
4.4 Training of PET-MAD-DOS

The structures in each one of the eight subsets in the MAD
dataset were randomly split into training, validation, and test
sets in a 8 : 1 : 1 ratio. We perform a hyperparameter search over
the ve points on the Pareto-front of PET-MAD30 and select the
hyperparameters that yield the best balance of performance and
accuracy. The results are detailed in Section VIII of the SI, where
we also report the computational cost of PET-MAD-DOS. The
resulting optimal hyperparameters are the same as those in
PET-MAD, with a cutoff radius of 4.5 Å, 2 message-passing
layers, each comprising of two transformer layers with a token
size of 256 and 8 heads in the multi-head attention layer. The
output multi-layer perceptron contains 512 neurons, which are
fed to a linear layer to give 4806 outputs, corresponding to the
DOS at each energy channel. This results in a total of 8 625 226
parameters in the model. Model training was performed using
the PyTorch framework and the metatrain package63 on 1 NVI-
DIA H100 GPU with a batch size of 16 structures for a total of
760 epochs, taking roughly 72 hours. For model training, the
Adam70 optimizer was used, with an initial learning rate (LR) of
10−4, using a warmup of 100 epochs that increases the LR
linearly from 0 to 10−4. Aerwards, a LR scheduler was
employed to half the LR every 250 epochs.
4.5 CNN model specications

For the CNN models used to predict secondary quantities like
the bandgap, Fermi level and DOS(EF) model, we utilize
a simple 1D convolutional neural network (CNN) for univariate
sequential input. The model takes the raw PET-MAD-DOS
prediction of a structure as input and is composed of four
sequential convolutional blocks followed by two fully connected
layers. Each convolutional block contains a convolutional layer
with 64 output channels and a SiLU activation function, and
a 1D max pooling layer with a kernel size of 4. The kernel size of
the convolution layer in the rst, second, third and fourth block
is 32, 16, 8 and 8 respectively. The two fully connected layers
contains 1024 neurons each, with the SiLU activation function
to produce a scalar output representing either the target. The
model is trained on the mean squared error (MSE) against the
DFT targets, using the Adam optimizer with an initial LR of 10−4

and 100 warmup epochs that increases the LR linearly from 0 to
10−4. Early stopping is implemented to stop model training if
the MSE on the validation set does not decrease aer 50 epochs.
The model is trained using the Pytorch framework on 1 NVIDIA
H100 GPU with a batch size of 16 for roughly 150 epochs, taking
around 30 minutes. During evaluation, the ReLU activation
function is applied to the predictions of the bandgap model to
remove unphysical negative bandgap values.
4.6 Prediction denoising

As highlighted in 2.2, relying on a physical interpretation of the
raw predicted DOS for the Fermi level and bandgap requires
extremely high DOS accuracies andminimal noise in the gap. As
this is difficult to achieve under the current training approach,
Digital Discovery
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an additional prediction denoising step was applied on the DOS
predictions to obtain a DOS that can be physically interpreted.

Firstly, a CNN model was trained, as described in 4.5, to
predict the position of the Fermi level of a structure based on
the raw predicted DOS. Then, a 1-D Gaussian lter, with
a standard deviation, s, of 0.3 eV was applied on the raw pre-
dicted DOS as follows,

DOSGðEÞ ¼
ðGmax

Gmin

DOSpredðsÞGðE � sÞds (11)

GðEÞ ¼ 1

s
ffiffiffiffiffiffi
2p

p exp

�
� E2

2s2

�
; (12)

where DOSG represents the ltered DOS and DOSpred represents
the raw DOS prediction. Next, the ltered DOS is passed
through a modied sigmoid function,

f ðxÞ ¼ 1

1þ e�aðx�bÞ ; (13)

where the additional constants a and b determine the inection
point and slope of the sigmoid function. In this work, we chose
a to be 0.1 and b to be 100. The output of the modied sigmoid
function, b, is then used as a multiplier on the DOS output to
obtain a thresholded DOS.

DOSthresh(E) = DOSpred(E) × f(DOSG(E)) (14)

In the last step, the thresholded DOS is then scaled such that
the physical Fermi level of the DOS lie on the same point as that
predicted by the Fermi level CNN, described in the rst step.

n ¼
ð3CNN

F

Gmin

DOSthreshðEÞ (15)

DOSclean ¼ nelec

n
DOSthreshðEÞ (16)

where DOSclean represents the nal denoised DOS output, nelec
refers to the number of electrons in the neutral system
(excluding the ones in the pseudopotential), and 3CNNF refers to
the Fermi level of the system predicted by the CNN model
described in the rst step.
4.7 Fine-tuning

The popular low-rank adaption (LoRA) method71 was employed
to ne-tune the pre-trained PET-MAD-DOS models for specic
applications. LoRA was selected for its efficiency and ability to
reduce the impacts of catastrophic forgetting, which refers to
a ne tuned model losing its predictive capabilities on its base
dataset. Instead of ne tuning all the model weights as in
conventional ne-tuning, LoRA instead trains an additional set
of parameters while leaving the original model weights
untouched. These parameters are comprised of two low-rank
matrices which are added to each attention block of the
model, scaled by a regularization factor that controls the
inuence of the matrices on the model's weights. Through
tuning the rank of the matrices and the regularization factor,
a model can be ne tuned to achieve better performance in
Digital Discovery
specic applications without compromising the generalizability
of the model. In this work, we use the same LoRA parameters as
PET-MAD, namely a rank of 8 and the regularization factor set to
0.5.

LoRA-ne-tuned models retain varying degree of accuracy
(see the Table III of the SI for details) on the generic structures
from the MAD dataset, while providing performance compa-
rable to that of a bespoke model, even in the low data regime for
certain systems. Hence, we recommend the use of LoRA when
ne-tuning PET-MAD-DOS for a specic application.
4.8 Uncertainty quantication

To perform uncertainty quantication (UQ) for the PET-MAD-
DOS model, we employed the last-layer prediction rigidity
(LLPR) method by Bigi et al.,37 which computes uncertainties as
the inverse of the prediction rigidity.72,73 The fact that the DOS is
a vectorial prediction target presents limitations in the origi-
nally proposed UQ approach: the last-layer features of each
structure used for DOS prediction is xed for all energy chan-
nels, and calibration factors are obtained “globally” across the
entire dataset, resulting in a xed uncertainty prole for all
structures, only scaled differently based on the relative magni-
tude of the prediction rigidity. We therefore initialize a last-layer
ensemble of 128 models with the weights sampled following
eqn (25) of ref. 37. We perform further calibration of the
ensemble weights with a Gaussian negative log-likelihood loss
as done in Kellner and Ceriotti,38 resulting in a UQ prole that is
far more informative and accurate (see Fig. 12 of the SI).
Furthermore, the UQ prole also accurately reects the adaptive
evaluation window used in the loss function for training. The
model uncertainty increases signicantly when extrapolating
the DOS to high energies, as observed in Fig. 12 of the SI.
Author contributions

WBH worked on the development of the loss function and
integration into metatrain, training PET-MAD-DOS, bespoke
and LoRA models, developed and trained the CNN models and
denoising workows, performed the accuracy, performance,
and speed benchmarks, calculated the ensemble-average DOS
and electronic heat capacity on MD trajectories of the three
material systems, DFT re-computations of a subset of MAD and
DFT computations for the Matbench sample. PF guided the
methodology for the determination of the electronic heat
capacity, denoising and bandgap from the DOS. SC integrated
the UQ strategy described in 4.8 into metatrain, performed the
calibration of LLPR-based last-layer ensembles for UQ, and
aided the evaluation and analysis of the prediction uncer-
tainties of PET-MAD-DOS. AM worked on the creation of the
MAD dataset, sample selection and DFT calculation of the
external datasets, implemented the LoRA training procedure on
metatrain, integrated PET-MAD-DOS within the PET-MAD
repository and performed the MD simulations of surface
segregation in CoCrFeMnNi. FB worked on implementation of
the metatrain infrastructure for training and evaluating the
PET-MAD-DOS model, and supported the development of the
© 2026 The Author(s). Published by the Royal Society of Chemistry

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5dd00557d


Paper Digital Discovery

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

4 
M

ar
ch

 2
02

6.
 D

ow
nl

oa
de

d 
on

 3
/1

1/
20

26
 1

0:
48

:5
5 

PM
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n 
3.

0 
U

np
or

te
d 

L
ic

en
ce

.
View Article Online
infrastructure for UQ. MK performed on the MD simulations of
Ga, GaAs, and As in the solid and liquid phases. SP developed
the original version of PET architecture and the shi invariant
loss function. MC designed and guided the project, and
provided theoretical support. All authors contributed to the
writing of the manuscript.
Conflicts of interest

There are no competing interests to declare.
Data availability

The MAD dataset, benchmarks, and simulation input les are
available as a record [https://doi.org/10.24435/
materialscloud:vd-e8] on the Materials Cloud Archive [https://
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