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1 Introduction

A universal machine learning model for the electronic
density of states

Wei Bin How“, Pol Febrer?, Sanggyu Chong?, Arslan Mazitov?, Filippo Bigi?, Matthias
Kellner?, Sergey Pozdnyakov“, 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 pre-
dict 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 exter-
nal 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 simu-
lations 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.

towards developing universal models, i.e. models that are capable

Machine learning (ML) methods are rapidly gaining popularity in
the field 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 accu-
racy™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®, which limits their usability for
large or complex systems.

Early efforts in this domain were focused on highly specialized
models, designed for specific properties in narrow regions of the
chemical space. Examples of such early developments include in-
teratomic potentials (IPs) as well as models designed to pre-
dict bandgapsZ19, charge densities™, Hamiltonians1213 nu-
clear magnetic resonance (NMR) spectram or electronic den-
sity of states (DOS). In recent years, there has been a shift
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of generalizing well across a large fraction of the periodic table,
spanning both molecules and extended materials1829, However,
these efforts have been largely focused on constructing universal
ML interatomic potentials (MLIPs) to enable stable molecular dy-
namics simulations across diverse chemistries. Lately, there has
been growing interest in building universal ML models to pre-
dict other material properties beyond energies and forces, such as
bandgaps21H24, Hamiltonians2528, and the density of states27729,

Recently, a new universal MLIP, PET—MAD, has been in-
troduced, 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) architecture®1,
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 augmentation. PET-MAD was
trained on the small (containing fewer than 100,000 structures)
but extremely diverse Massive Atomic Diversity (MAD) dataset32,
It encompasses both organic and inorganic systems, ranging from
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discrete molecules to bulk crystals. The dataset also includes
randomized and heavily distorted structures to increase stabil-
ity 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 prediction of the electronic density of states (DOS), a useful
quantity for understanding the electronic properties of materials.

The DOS quantifies the distribution of available electronic
states at each energy level and underlies many useful optoelec-
tronic properties of a material, such as its conductivity, bandgap
and optical absorption spectra®33%, These properties are highly
relevant for applications like semiconductors and photovoltaic de-
vices. 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 pho-
tovoltaics?Z. Furthermore, the DOS can also enhance MLIPs by
accounting for finite temperature effects, such as the temperature
dependent electronic free energy=> or electronic heat capacity=2,
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 archi-
tecture and MAD dataset. Uncertainty quantification (UQ) was
also performed based on existing UQ methods=73¢ to provide a
measure for the accuracy of the DOS predictions at different en-
ergies. We evaluate the performance of PET-MAD-DOS on atom-
istic benchmarks and ensemble quantities for a diverse set of sci-
entifically 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 fine-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 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 com-
plicated simulation workflows, whose validation by explicit elec-
tronic structure calculations would be prohibitively expensive.

2  Results

This section covers the performance of PET-MAD-DOS, our foun-
dation DOS model based on the PET architecture and trained on
the MAD dataset. We report the details of the model and its train-
ing in the Methods (section 4). We first showcase the perfor-
mance and generalizability of PET-MAD-DOS by evaluating the
DOS predictions on different subsets of the MAD dataset and sev-
eral public datasets. Afterwards, 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 mate-
rials by evaluating ensemble quantities derived from MD trajecto-
ries. 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 fine-tuned PET-MAD-DOS models.
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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 MLIPs, and is described in
detail in Ref.22. It is divided into eight distinct subsets, which we
summarize here:

MC3D & MC2D Materials Cloud 3D (33596 structures) and 2D
(2676 structures) crystal database respectively=240

MC3D-rattled Structures generated by adding Gaussian noise to
the atomic positions of MC3D structures (30044 structures)

MC3D-random Structures formed by randomizing the elemen-
tal composition of a subset of MC3D structures (2800 struc-
tures)

MC3D-surface Surfaces obtained by cleaving a subset of MC3D
structures cleaved along random crystallographic planes
with low Miller 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 Databaset142

The samples from external datasets are recomputed using the
MAD DFT settings to maintain consistency between training and
evaluation data. They come from six sources:

MPtrj Relaxation trajectories of bulk inorganic crystals dataset3

Matbench Bulk inorganic crystals from the Materials Project
Database®*

Alexandria Relaxation trajectories of bulk inorganic crystals as
well as 2D and 1D systems4>

SPICE Drug-like molecules and peptides |46

MD22 Molecular dynamics trajectories of peptides, DNA

molecules, carbohydrates and fatty acids“Z

0C2020 (S2EF) Molecular relaxation trajectories on catalyti-
cally active surfaces4®

The errors of PET-MAD-DOS in these datasets are shown in[Fig]
with further details of the error distributions in MAD illus-
trated in[Figure 2]which also provides a few representative exam-
ple of DOS predictions, helping to relate the integrated errors to
the visual quality of the predictions. Overall, the general perfor-
mance 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 config-
urations. The accuracy is especially poor for clusters, which have
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Fig. 1 Root mean square error (RMSE) of the DOS predictions (orange-line) on the test set of the MAD dataset across the different subsets (a) and
the external datasets (b). The blue line shows the rotational discrepancy, arising from the fact that PET is rotationally unconstrained. The symmetry
error is multiplied by 100 to plot it on the same scale as the test RMSE, which is two orders of magnitude higher. Both the RMSE and the symmetry
error are scaled based on the number of electrons in the system and have units of eV~%3electrons ! state.

sharply-peaked DOS and often a highly nontrivial electronic struc-
ture. As shown in Figure |2} the error-distribution has a long tail,
with a few high-error structures, but most of the structures having
errors below 0.07 eV~ 3electrons'state. Considering the exter-
nal datasets, 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, highlighting both the chemical diversity of MAD and the
ability of PET-MAD-DOS to capture the structure-property rela-
tionship 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 invari-
ant to rotations. However, shows that the rotational
discrepancy is two orders of magnitude smaller than the RMSE
of the DOS. Furthermore, recent works have shown that rota-
tional discrepancies from rotationally unconstrained models have
neglible impact on a model’s performance in practical applica-
tions4?. Therefore, the lack of rotational constraint for PET-MAD-
DOS does not impact the reliability of the model.

In [Figure 2| we also provide the uncertainties that have been
quantified at each energy channel using the standard deviation of
the calibrated last-layer prediction rigidity (LLPR) ensembles=Z.
Information regarding the construction of the LLPR ensemble can
be found in of the Methods. The quantified un-
certainties correspond well with the error made by the model for
the structures shown on the bottom of Our LLPR-based

uncertainty quantification (UQ) module is crucial for ensuring re-
liability 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 performance may deteriorate without
warning. In particular for the DOS, the model’s performance is in-
consistent across energy channels, and thus our UQ module can
be useful for identifying the model’s confidence across different
energy regions of the prediction.

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 define the bandgap as the difference between
the valence band maximum (VBM) and the conduction band
minimum (CBM). To determine the bandgap from the DOS, one
would normally first determine the Fermi level by finding the en-
ergy where the integrated DOS equals the total number of elec-
trons in the system. The positions of the VBM and CBM can then
be estimated to determine the bandgap. However, the applica-
tion of this method to predicted DOS spectra poses several chal-
lenges. 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 often a small non-zero value. This introduces ambi-
guity in the choice of a threshold below which the DOS should
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Fig. 2 Error distributions in the MAD test set. The top panel shows the normalized cumulative distribution function (CDF) of the RMSEs of each
structure in each subset, represented by different colors, and the CDF of the entire MAD test subset in black. The bottom panel shows selected
true DOS (blue dashed) /predicted DOS (red solid) comparisons from different parts of the MAD error distribution, for visual reference. Above each
subplot, the atomic configuration of the corresponding structure is displayed. The green areas represent the uncertainty associated with the DOS
prediction as predicted by the calibrated last-layer prediction rigidity (LLPR) ensembles. The routine estimates the standard deviation ¢ associated with
the prediction at each energy channel. The range of the x axis has been truncated to ease visualization of the DOS predictions and its corresponding
uncertainties. The RMSE corresponding to each subplot in the bottom panel is at the top right corner.

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
illustrated in for MgCl,, 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 interpre-
tation is that MgCl, 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 mag-
nitude.

Given these issues, one may wonder whether the predicted
DOS can be used to achieve the goals that motivated us to de-
velop a DOS model in the first place. To this end, we developed

4 Journal Name, [year], [vol.], 1

two solutions. The first solution involves passing the raw DOS
prediction through a denoising filter to eliminate model noise in
gap regions. The denoised DOS is also scaled such that the DOS
integrates to the correct number of electrons at the Fermi level,
which is predicted by a convolutional neural network (CNN) (See
subsection 4.6|in the Methods for details). A demonstration of the
denoising algorithm can be seen in both [Figure 3| and [Figure 4}
Both figures 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 MgCl, in[Fig]
the bandgap obtained from the denoised DOS is much bet-
ter 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 find a way
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Fig. 3 Evaluation of the bandgap in MgCl,, 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 5.91eV represents the HOMO-LUMO gap obtained from the un-
derlying DFT calculation while the other bandgaps are obtained from the
corresponding DOS spectra, using a threshold of 0.1éV~!atom~!state.

of dealing with noise that outperforms our handcrafted denoising
algorithm, at the cost of being less elegant. For both approaches,
the point that the CNN is applied is crucial. PET-MAD-DOS pre-
dicts 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 con-
tributions. For the same reasons, the denoising filter is applied to
the total DOS and not to individual atomic contributions.

The performance of each method’s bandgap predictions is dis-
played in accompanied by tables I and II in the Sup-
plementary Information. For the MAD test set, the CNN method
achieves MAE errors that are roughly 4x lower than the raw pre-
dictions and 2x 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 CNN
method are 0.15, 0.13 and 0.10 eV~ 'atom ™! state respectively. The
results suggest that the CNN method yields superior performance,
although the denoised DOS offers a reasonable alternative while
keeping the workflow physically sound. Physical interpretability
can be an advantage since it allows the derivation of additional
properties from the same DOS without having to train more mod-
els. For example, we use the denoised DOS in|subsubsection 2.3.2)
to compute the electronic heat capacity.

The bandgap performance on the different MAD subsets and
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Fig. 4 Demonstration of the effects of denoising on two sample predic-
tions 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.

the external samples can also be seen in [Figure 5| The perfor-
mance on bandgap does not necessarily follow the same trend
as that of the DOS. Amongst the MAD subsets, the bandgap per-
formance 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 con-
ductors with no bandgap, and are thus easier to predict especially
when using the raw or denoised DOS which tend to underesti-
mate the bandgap. A similar argument can be made for Alexan-
dria, 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 100meV, 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 re-
fer 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 respectively. How-
ever, we emphasize that this is only to give a point of reference
regarding the performance of the model, and not to make a di-
rect comparison with the models on the Matbench leaderboards.
Firstly, the models on the Matbench 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

Journal Name, [year], [vol.], 1 |5
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Fig. 5 Comparison of the mean absolute error (MAE) of the bandgap predictions determined by physically interpreting the raw DOS prediction
(orange), physically interpreting the denoised DOS prediction (dark blue), and applying a CNN on the raw DOS (light blue). The results are reported
on the test set of the MAD dataset across the different subsets (a) and the external datasets (b). The MAE have units of eV. The values plotted in
this figure are listed in Table | and Table Il in the Supplementary Information.

we cannot use directly because it is computed with incompatible
DFT settings.

2.3 Application to finite-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 fine-tuned. Towards that end, we used PET-MAD-
DOS to predict the finite-temperature thermal-averaged DOS of
two technologically relevant systems, namely Gallium Arsenide
(GaAs) and Lithium thiophosphates (LPS), and to predict the elec-
tronic heat capacity of a high entropy alloy (HEA). Specific details
with regards to the material simulations can be found in Section
III of the Supplementary Information.

GaAs is a semiconductor with excellent physical and optoelec-
tronic properties, making it well suited for photovoltaic devices
for a wide range of applications®”. The Ga-As system forms a
simple binary phase diagram with metallic and semiconducting
liquid and solid phases, making it an interesting system to use as
a benchmark.

LPS have garnered great interest in the scientific community for
their potential as electrolytes for solid-state batteriesL. LiPS,,
one of the most popular LPS, has been extensively studied and
modelled computationally>2>3, LizPS, has three main poly-
morphs, «, B, and y. The system is most stable in the y poly-
morph at room temperature but it transforms into the metastable
B polymorph at 573K and then into the o polymorph at 746K=>%,
Although the y polymorph is a poor ionic conductor at room tem-

6 | Journal Name, [year], [vol.], 1

perature, the § polymorph has high ionic conductivity for Lit,
making it a promising candidate for a solid electrolyte.

HEAs refer to systems composed of 5 or more metals in approx-
imately equimolar proportions. These materials typically have de-
sirable mechanical and catalytic properties=>"28. However, build-
ing machine learning models to study HEAs and explore their
composition space is often challenging due to the inherently high
chemical diversity in these systems. They are often 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®? or the LPS dataset from Gigli et. al.®?, or a subset of
the HEA25S dataset from Mazitov et. al.®?. All the datasets are
recomputed with MAD DFT settings. Additionally, we also built a
set of fine-tuned models by using the low-rank adaptive (LoRA)
technique on the PET-MAD-DOS model on those datasets. Details
on the fine-tuning procedure are discussed in[subsection 4.7} The
bespoke and fine-tuned models have typically half the test-set er-
rors, and serve as an assessment of the accuracy of the zero-shot
PET-MAD-DOS in these complex simulations that would be pro-
hibitively expensive with DFT.

2.3.1 Test Set Performance

To evaluate the performance of PET-MAD-DOS, the bespoke
model and the LoRA fine-tuned model, we compare their accu-
racy 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 first
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RMSE on Test subset [eV~%3¢lectrons ! state]

Material PET-MAD-DOS Bespoke Model LoRA Model
GaAs 0.036 0.016 0.018
LPS 0.064 0.027 0.030
HEA 0.056 0.032 0.029

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 mate-
rial in indicated in bold.

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 MACEL?
and PET-MAD®Y 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.

Once PET-MAD-DOS is finetuned, it offers a performance simi-
lar or even better than that of the bespoke models. The fine-tuned
models are able to achieve bespoke accuracies without significant
impact to their performance on the MAD dataset (Table III of the
Supplementary Information). Furthermore, based on the learn-
ing curves in section IV of the Supplementary Information, the
fine-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 fine-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 inter-
faces requires atomistic models of thousands or more atoms, for
which computing thermal-averages of the DOS is beyond the ca-
pabilities of conventional electronic structure methods. Deringer
et. al.®!' 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, elimi-
nating the need to train bespoke models, which can be computa-
tionally 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 inter-
atomic potential in Ref. 30 For the solid systems, the MD simu-
lations were performed at 150K, 750K and 550K for Ga, GaAs,
and As respectively. Meanwhile, for the liquid systems, the tem-
peratures are 450K, 2250K, and 1650K 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 reference DFT ener-
getics. The simulations were performed for 4ns, using a timestep
of 4fs.
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For LPS, we used the MD trajectory generated by the bespoke
interatomic potential in Ref.2?, The trajectories for the three LPS
phases were performed in the NpT ensemble at 400K 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.

shows that PET-MAD-DOS is generally able to quali-
tatively predict the same DOS profile as the bespoke model, up
to roughly 3eV above the Fermi level. The LLPR module acts as
a good estimate of the model confidence, as evidenced by the
good overlap between the uncertainties of all three models. In
this case, the profiles are a thermal average of model predictions
across a MD trajectory, so we need to propagate uncertainty. To
do so, we first compute the thermal-average predicted by each
LLPR ensemble member. We then take the mean over LLPR en-
semble members to get the final 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 eigen-
states 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 diffi-
culty in determining the Fermi level for a predicted DOS spectra
as highlighted in [subsection 2.2] However, the shape of the DOS
profiles still closely matches that of the LoRA and bespoke mod-
els. 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 particu-
larly 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.2,
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 500K to 1200K.

To derive the heat capacity from the DOS, we used the denoised
DOS as described infsubsection 2.2]instead of the raw DOS predic-
tions, due to its higher physical interpretability. First, the thermal-
averaged DOS was computed as the average of the denoised pre-
dictions along the MD trajectory. Then, the electronic contribu-
tion to the internal energy, U®', was computed under the rigid
band approximation as highlighted in Ref.©2. The electronic heat
capacity was then calculated as the derivative of U¢! with respect
to temperature using a finite difference scheme. Further details
on the computation of the electronic heat capacity can be found
in Section III of the Supplementary Information. The uncertain-
ties for the heat capacities are propagated by computing the heat
capacity for each member in the calibrated LLPR ensemble, taking
the mean as the predicted heat capacity and the standard devia-
tion as the uncertainty. The results are shown in|Figure 7, where
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Fig. 6 Thermal-average DOS predictions of the MD trajectories of GaAs (top 2 rows) and LPS (bottom row) at different phases. The red solid
lines represent the prediction of the bespoke model, 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-MAD model. 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
Supplementary Information. 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.

it can be observed once again that PET-MAD-DOS performs well,
being able to capture semi quantitatively the trend between heat
capacity and temperature. Furthermore, the overlapping uncer-
tainties reflect good agreement between all 3 models.

3 Discussion

PET-MAD-DOS consistently achieves semiquantitative predictions
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 spectrum of mate-
rial classes, even on structures from external datasets. The gener-
alizability of PET-MAD-DOS exceeds that of other universal DOS
models2728 which are trained on datasets consisting solely of in-
organic systems. Its performance out-of-the-box is only a factor
of two worse than that of bespoke models trained on a medium-

8 | Journal Name, [year], [vol.], 1

sized dataset for a specific class of material. This allows PET-
MAD-DOS to yield results that are close to those of the bespoke
models even in practical applications, highlighting the efficacy
of PET-MAD-DOS as a general purpose tool for DOS predictions.
Furthermore, with the uncertainty quantification 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 fine-tuned
for enhanced accuracies. The performance of these fine-tuned
models is close to the bespoke models, sometimes outperforming
them on their own validation domain. Learning curves show that
fine-tuning works well with only about 100 additional structures,
requiring far less data than bespoke models, and retaining stable
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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 500K to 1200K. 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 uncer-
tainty 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 ensemble members is taken as the uncertainty.

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 filter or the ap-
plication of a dedicated GNN to the raw prediction make it possi-
ble to extract electronic properties with good accuracy. Although
the PET architecture employed does not enforce rotational con-
straints, PET-MAD-DOS is still able to predict the DOS with a high
level of rotational invariance, with the rotational variability being
2 orders of magnitude smaller than the accuracy of the model.
PET-MAD-DOS is built and integrated within the metatensor®?
ecosystem, allowing the model to be easily accessible and for the
training procedure to be easily replicated. Based on the accessibil-
ity, versatility and utility of PET-MAD-DOS, we believe that it can
serve as a useful tool for materials discovery, especially in applica-
tions that require explicit information on the electronic structure.
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4 Methods

In this section, we introduce details with regard to dataset con-
struction, model architecture, loss functions for training and
model evaluation, model training procedure, bandgap model ar-
chitecture, and model fine-tuning, and uncertainty quantifica-
tion. Further details regarding the MD simulations and hyper-
parameters of the model can be found in sections III and V of the
Supplementary Information.

4.1 Dataset construction

As the MAD dataset was primarily constructed to fit MLIPs, it was
computed using a minimal number of energy bands. The energy
range in which the DOS is well defined, based on the eigenval-
ues 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 mo-
noelemental 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 predictions in the high energy range,
as displayed in Section VI of the Supplementary Information. Ad-
ditionally, 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.20,

The calculations above were performed using the Quantum
Espresso v7.2 package® under a non-magnetic setting with the
PBEsol exchange-correlation functional. The pseudopotentials
used were obtained from the standard solid-state pseudopoten-
tials library (SSSP) v1.2 (efficiency set) ki) using the highest set-
tings 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 smear-
ing®® was used, with a spread of 0.01 Ry. For structures with
periodicity, a fine k-point spacing of 0.125 « A~1 was used in ev-
ery periodic dimension while only one k point was used for the
non-periodic dimensions. See Ref.22 for a detailed discussion of
the makeup of the MAD dataset. Note that the PBESol exchange-
correlation functional often predicts band gaps and electronic ex-
citations 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 straight-
forward solution would be to fine-tune PET-MAD-DOS using data
computed at a satisfactory level of theory.

The target DOS for a structure, DOS/? (E), is then built via Gaus-
sian smearing of the eigenvalues at each k-point and projecting it
on a uniform energy grid as follows:

DOSZ(E)= Y Y wi g(E—ea(k)) 1)
nebands k
(%) = : 672’6722 2)
s 21o? '

where N4 represents the number of atoms in the structure. g, (k)
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represents the eigenvalues at each k point, with the energy refer-
ence set to the Fermi level determined by Quantum Espresso in
the quantum chemical calculation. wy represents the weight of
the k-point in the Brillouin zone integral. ¢ is a Gaussian smear-
ing parameter which is set to 0.3eV, determined by comparing
the constructed DOS of a sample structure against that of the
same structure computed with a finer k-grid. E is the energy grid,
which is a uniform grid containing 4806 points from -149.65eV
to 80.65¢€V, representing 1.5eV below and above the lowest and
highest eigenvalue cutoff in the original MAD dataset (excluding
recalculated structures). The lowest eigenvalue cutoff is the low-
est 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) 3l 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 defining atoms as nodes and directed edges connect
atoms within a specified cutoff radius. Feature vectors fllj 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-
passing layer, /. The dimensionality of fi’j is fixed and is defined
by a hyperparameter of the architecture, dpgr. 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 fllj, for a given central atom i and
layer /, and outputs the corresponding feature vectors { filj“} j
for the next layer [+ 1. This step also incorporates structural
and chemical information regarding the central atom, such as the
3D positions of the neighbors and chemical species. After going
through all the message-passing layers, all feature vectors fllj are
then used as inputs for a final feed-forward network. The out-
put of the final feed-forward network is summed across bonds
ij and layers [ and represents the final 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 virtu-
ally unlimited body orders and angular resolution. To address
the lack of rotational 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 final feed-forward network, which is modified
to give 4806 outputs, representing the size of the DOS array, in-
stead of 1. For a more detailed description of the architecture and
specific operations, the reader can refer to the original PET pub-
lication®®!, PET-MAD-DOS predicts the DOS of the system from a
sum of atomic contributions, 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 fitting the
atomic contributions to some projected DOS, the projections are
not associated with well-defined physical observables, and are not
uniquely defined. Constraining the model to be consistent with a
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given choice of atomic projections might have a negative impact
on the accuracy of the predicted DOS without providing substan-
tial advantages.

4.3 Training and evaluation functions

A simple mean squared error loss function is unable to properly
reflect the underlying physical constraints of the DOS as a ma-
chine 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®®Z, we use a loss function that is agnos-
tic to the energy reference of the prediction and the target. For
this, we compute the loss only on the energy reference that min-
imizes the prediction error. We define the self-aligning loss, AL,
for a single structure A as such:

MSEG(E).(E) = [ B () ~5(E))

Em[n
+ ). dE y(E)? 3)

= mi MSE( DOSYW (E + (A
oin [MsB(DOSY (& + (8 <),

DOSY (E))} . 4

Epin and Ep,, denote the energy minimum and maximum of the
evaluation window. DOS% (E) represents the true DOS for struc-
ture A while DOSY (E) represents the predicted DOS for structure
A given model parameters W. yx is an integer that denotes the
maximum number of grid points the energy reference can shift
by and e represents the energy grid interval. G,,;;, refers to the
minimum energy of the prediction grid and the second term in
the Eq. essentially fits the DOS predictions below E,;;, to zero
to reflect that there are no states below the minimum eigenvalue.
This arises due to the fact that this minimization procedure re-
quires the model to predict the DOS in a wider energy grid, re-
sulting in Gy < Epin. The optimization algorithm then searches
for the continuous subset within the prediction, corresponding to
the size of the target, that minimizes the MSE. Based on prelim-
inary testing, we have set y to 200, corresponding to the predic-
tion grid being 10eV 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 simul-
taneously with the model weights, but the energy reference can
only shift in integer multiples of the energy grid interval. By re-
stricting the search space to only integer multiples, it circumvents
the need to compute derivatives or build splines of the DOS dur-
ing the minimization procedure. Additionally, we were able to
exploit full vectorization to evaluate the loss for all values of A si-
multaneously, ensuring that the minimization procedure obtains
the global minima. We demonstrate the significance of the shift
agnostic training procedure in section VI of the Supplementary
Information.

Although every system, in principle, has an infinite number
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of eigenvalues at every k-point, electronic structure calculations
consider only a finite number of them. Due to this restriction, cal-
culating the DOS based on the method outlined in[subsection 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 eigen-
value. To account for this during model evaluation and training,
we set Egy in for each structure to 0.9 eV, corresponding to
3x 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 E,,, with some E,,, values being lower than the
Fermi level. Hence, it is not feasible to simply set the E,,, of all
structures to the minimum E,,,, in the dataset. Additionally, due
to the wide range of E,,, in the dataset, there is an uneven distri-
bution of data across the energy grid. This results in highly oscil-
latory predictions at higher energy levels due to insufficent data
in those regions. These oscillations can contaminate predictions
during deployment if the structure contains atomic environments
that comes from two training structures with very different E;
(Section VII of Supplementary Information). To address these os-
cillations, we introduce a gradient loss, GL, that imposes a mean
squared penalty on the gradient of the predictions, determined
via finite differences, outside E,,c. The gradient loss for a single
structure, A, is:

2
s (dDOSXV (E +(A0Pf”))) , O

GLa(W) = / dE

EIYIIJX
where G, represents the maximum energy of the prediction grid
and A, is the optimal shift determined via (4).

In addition, we also include the loss on the cumulative DOS,
CL, similar to Ref.28:%9 The loss on the cumulative DOS for a
single structure, A, is expressed as:

Emax
CLA(W) = / dE (cDosXV (E+ (Aopr x €))

2
- cDosg(E)) (6)

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

LW) = %; NLA (ALA (W) + aGLs (W) %)

+BCLA(W)) , ®

where N refers to the number of structures in the training set and
N4 denotes the number of atoms in structure A. The loss is nor-
malized with respect to the number of atoms in each structure to
make the loss independent of structure size. o and f are hyper-
parameters used to scale GL and CL respectively. In this work, o
and B are set to 10~* 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
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the dataset:

EmUX
ny = /E dE DOSZ(E) ©

ALy(W)

— (10)
nA

1
RMSE = | —
v
where N represents the number of structures in the evaluation
set. ny 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 defined so that it can be compared to the RMSE of the
DOS predictions. The formula for the symmetry error, 6%, is as
follows:

38 .
ot _ 1 1 Epnax

o dE (DOS,(E)—DOSY (E))?,  (11)

38 i—1 "A JEpin

where i represents the index of the rotated copies, A represents
the structure, DOS', represents the prediction on the ith rotated
copy of structure A and DOSZ (E) represents the mean prediction
of structure A across all rotations. The symmetry error is normal-
ized by the number of electrons so that it can be meaningfully
compared against the RMSE in (10).

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 five
points on the Pareto-front of PELMAD®Y and select the hyperpa-
rameters that yield the best balance of performance and accuracy.
The results are detailed in Section VIII of the Supplementary In-
formation, 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 4.54, 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 package® on 1 NVIDIA
H100 GPU with a batch size of 16 structures for a total of 760
epochs, taking roughly 72 hours. For model training, the Adam!'7%
optimizer was used, with an initial learning rate (LR) of 1074, us-
ing a warmup of 100 epochs that increases the LR linearly from 0
to 10~*. Afterwards, a LR scheduler was employed to half the LR
every 250 epochs.
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4.5 CNN model Specifications

For the CNN models used to predict secondary quantites like the
bandgap, Fermi level and DOS(Er) 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 convolu-
tional blocks followed by two fully connected layers. Each convo-
lutional block contains a convolutional layer with 64 output chan-
nels 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 first, second, third and fourth block is 32, 16, 8 and 8 re-
spectively. 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 op-
timizer with an initial LR of 10~* and 100 warmup epochs that
increases the LR linearly from 0 to 10~*. Early stopping is im-
plemented to stop model training if the MSE on the validation
set does not decrease after 50 epochs. The model is trained us-
ing 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 relying on a physical interpretation of the
raw predicted DOS for the Fermi level and bandgap requires ex-
tremely high DOS accuracies and minimal noise in the gap. As
this is difficult to achieve under the current training approach,
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 to pre-
dict the position of the Fermi level of a structure based on the
raw predicted DOS. Then, a 1-D Gaussian filter, with a standard
deviation, o, of 0.3 ¢V was applied on the raw predicted DOS as
follows,

Gnax

DOSG(E) = / DOS req (¥)G(E — )dt (12)

‘min

6E) = e E (13)
= ———¢eX _——

ovor P\ 267 )
where DOS represents the filtered DOS and DOS o4 represents
the raw DOS prediction. Next, the filtered DOS is passed through
a modified sigmoid function,

1

S e a9

fx)
where the additional constants ¢ and b determine the inflection
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 modified sigmoid
function, B, is then used as a multiplier on the DOS output to
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obtain a thresholded DOS.

DOSpresh (E) = Dospred (E) * f(DOSG(E)) (15)

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 first step.

SENN
n= G DOSthresh(E) (16)
n
DOSctean = ~“ DOSpres (E) (17)

n

where DOSjean represents the final denoised DOS output, 7,
refers to the number of electrons in the neutral system (excluding
the ones in the pseudopotential), and €MV refers to the Fermi
level of the system predicted by the CNN model described in the

first step.

4.7 Fine-tuning

The popular low-rank adaption (LoRA) method”! was employed
to fine-tune the pre-trained PET-MAD-DOS models for specific ap-
plications. LoRA was selected for its efficiency and ability to re-
duce the impacts of catastrophic forgetting, which refers to a fine
tuned model losing its predictive capabilities on its base dataset.
Instead of fine tuning all the model weights as in conventional
fine-tuning, LoRA instead trains an additional set of parame-
ters 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 regular-
ization factor that controls the influence of the matrices on the
model’s weights. Through tuning the rank of the matrices and
the regularization factor, a model can be fine tuned to achieve
better performance in specific applications without compromis-
ing 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-fine-tuned models retain varying degree of accuracy (see
the Table III of the Supplementary Information for details) on the
generic structures from the MAD dataset, while providing per-
formance comparable to that of a bespoke model, even in the low
data regime for certain systems. Hence, we recommend the use of
LoRA when fine-tuning PET-MAD-DOS for a specific application.

4.8 Uncertainty quantification

To perform uncertainty quantification (UQ) for the PET-MAD-
DOS model, we employed the last-layer prediction rigidity (LLPR)
method by Bigi et al.2Z which computes uncertainties as the in-
verse of the prediction rigidity.7273 The fact that DOS is a vec-
torial prediction target presents limitations in the originally pro-
posed UQ approach: the last-layer features of each structure used
for DOS prediction is fixed for all energy channels, and calibration
factors are obtained “globally” across the entire dataset, resulting
in a fixed uncertainty profile for all structures, only scaled differ-
ently based on the relative magnitude of the prediction rigidity.
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We therefore initialize a last-layer ensemble of 128 models with
the weights sampled following Eq. 25 of Ref.2Z, We perform fur-
ther calibration of the ensemble weights with a Gaussian negative
log-likelihood loss as done in Kellner and Ceriotti®®, resulting in
a UQ profile that is far more informative and accurate (see Figure
12 of the Supplementary Information). Furthermore, the UQ pro-
file also accurately reflects the adaptive evaluation window used
in the loss function for training. The model uncertainty increases
significantly when extrapolating the DOS to high energies, as ob-
served in Figure 12 of the Supplementary Information.
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