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of GW Bethe–Salpeter equation
excitation energies

Dario Baum, Arno Förster and Lucas Visscher *

A persistent challenge in machine learning for electronic-structure calculations is the sharp imbalance

between abundant low-fidelity data like (time-dependent) density functional theory [(TD)DFT] results and

the scarcity of high-fidelity data like many-body perturbation theory labels. We show that transfer

learning provides an effective route to bridge this gap: graph neural networks pretrained on DFT and

TDDFT properties can be finetuned with limited qsGW and qsGW-Bethe–Salpeter Equation (BSE) data to

yield accurate predictions of quasiparticle and excitation energies. Assessing both full-model and

readout-only finetuning across chemically diverse test sets, we find that pretraining improves accuracy,

reduces reliance on costly qsGW data, and mitigates large predictive outliers even for molecules larger

or chemically distinct from those seen during finetuning. Our results demonstrate that multi-fidelity

transfer learning can substantially extend the reach of many-body-level predictions across chemical space.
1 Introduction

Accurate prediction of properties of materials and molecules
underpins advances across chemical physics,1–4 materials
science,5–7 and molecular design8,9 for applications like opto-
electronic materials10–12 and catalysis.13,14 Especially excited-
state properties such as excitation energies are fundamental
for studying processes like photosynthesis15,16 and photovoltaic
energy conversion.10,17,18 For such purposes, computational
methods are frequently employed because experiments on
electronically excited states, such as determining excitation
energies or characterizing short-lived molecular intermediates,
are oen prohibitively complex.19–21 High-level wavefunction
methods, most notably equation-of-motion coupled cluster
(EOM-CC),22,23 provide excellent descriptions of charged and
neutral excitations and systematically converge to the full
conguration interaction limit for weakly correlated excited
states.24–26 Yet even truncated variants such as EOM-CCSD
(single and double excitations) and EOM-CCSDT (single,
double and triple excitations) exhibit steep computational
scaling, restricting their routine use to small molecules.
Conversely, time-dependent (TD)27,28 density functional theory
(DFT)29,30 is dramatically cheaper but also signicantly less
accurate.31 Many-body perturbation theory (MBPT)32,33 offers
a more favourable accuracy-cost balance. In particular, the GW
approximation34–38 to the electronic self-energy and its combi-
nation with the Bethe–Salpeter equation (GW-BSE)39–42 yields
quasiparticle (QP) energies, and optical excitation energies with
accuracy rivaling high-level wavefunction benchmarks.43–51
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Particularly the quasi-particle self-consistent variant (qsGW)52–54

of the GW approximation frequently yields excellent results55–58

and at the same time eliminates the dependence on the
underlying mean-eld reference.59 Although being almost as
efficient as TDDFT,58 qsGW and qsGW-BSE remain computa-
tionally demanding, limiting throughput and the breadth of
chemical space accessible.

Machine learning (ML) models promise to bridge this gap by
providing accuracy of high-delity electronic-structure data at
a fraction of the computational cost. Early work used kernel
methods to predict GW QP energies, Green's functions, and
molecular orbital levels.60–63 Gradient boosting has been trained
to correct from DFT to GW QP energies based on ngerprints
encoding similarity (or dissimilarity) in energy space and in
density of states projections.64 Moving toward neural-network–
based techniques, Variational Autoencoders (VAEs)65,66 have
been employed to obtain compressed latent space representa-
tions of DFT wavefunctions which are then used to predict QP
energies with aMultilayer Perceptron (MLP)67–69 and equivariant
neural networks have been employed to predict Green's func-
tions of molecules and materials.70 In parallel, graph neural
networks (GNNs) have demonstrated accurate and transferable
predictions of total energies, orbital energies, and excited-state
properties, enabled by sufficiently large datasets of molecular
properties.71–73 Models such as MACE,74–76 SchNet,77,78 Di-
meNet++79 and OptiMate80,81 have been successfully trained to
predict molecular and material properties such as eigenvalue-
only self-consistent GW (evGW)82 QP energies and gaps of
organic molecules83 or the dielectric function of semi-
conductors and insulators.80,81

A major bottleneck, however, is the scarcity of high-delity
data, e.g. wavefunction methods, MBPT, or experimental
Chem. Sci.
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labels, relative to the abundance of lower-delity data, e.g. DFT
and TDDFT. Large resources such as OMol25,84 QCML85 and
QCDGE86 provide DFT-labels for tens of millions of molecules or
TDDFT-level labels for hundreds of thousands of molecules.
Opposed to that, existing datasets at the wavefunction or MBPT
level like OE62,87 QM9GWBSE88 and GDB-9-Ex_EOMCCSD89

comprise orders of magnitude fewer samples. This disparity
raises a key question: how can GNN models exploit abundant
low-delity data while achieving high-delity accuracy?

Recent studies have begun to address this multi-delity
challenge through different pretraining and netuning
strategies90–93 and targeting, for example, pretraining on DFT or
semiempirical data and netuning, for instance, on Coupled
Cluster (CC)94–98 or Random-Phase-Approximation (RPA)
labels.99–101 Collectively, these results indicate that representa-
tions learned on low-delity data transfer remarkably well to
high-delity tasks, potentially reducing the need for expensive
reference calculations at the high-delity level.

Contributing to these efforts, we investigate whether such
multi-delity learning can accelerate the prediction of qsGW
and qsGW-BSE properties. We pretrain on DFT molecular
orbital (MO) energies and TDDFT excitation energies and
subsequently netune on qsGW and qsGW-BSE labels, respec-
tively. In contrast to prior neural network models for GW and
GW-BSE which are typically trained from scratch,10,83,102 employ
D-learning relative to DFT,83,103 or use descriptors from elec-
tronic structure calculations,10,102 we leverage the multi-delity
paradigm and provide end-to-end predictions directly from
molecular structures to high-level excited-state observables.
Thus, by using lower-delity data, we demonstrate how to
achieve GW-BSE accuracy at ML computational cost, since no
electronic structure calculation is needed for predictions in that
way. We further demonstrate that a model pretrained on DFT
and TDDFT data reduces the amount of expensive qsGW and
qsGW-BSE data needed for netuning with no loss of accuracy.
Together, these results establish multi-delity learning as
a promising path toward data-efficient surrogate models that
provide MBPT accuracy at ML speed for a diverse chemical
space and thus enable rapid screening of excited states prop-
erties for large sets of diverse molecules, which would not be
feasible with traditional MBPT methods.

2 Methods
2.1 Data preparation

We pretrain models on two types of quantum-chemical data.
For MO energies, we use up to ten million neutral molecules
from the OMol25 dataset with highest occupied molecular
orbital (HOMO) energies, lowest unoccupied molecular orbital
(LUMO) energies and HOMO–LUMO gaps at the uB97M-V/def2-
TZVPD104–106 level of theory, which should give reasonably close
estimates of the rst ionization potential (IP), the electron
affinity (EA), and the fundamental gap (IP–EA) respectively. To
assess the effect of data scale, we also considered one- and ve-
million-molecule subsets. For excitation-energy pretraining, we
used TDDFT excitation energies from the QCDGE dataset at the
uB97X-D/6-31G(d)107–109 level of theory. Finetuning was
Chem. Sci.
performed on qsGW QP energies and qsGW-BSE excitation
energies, both taken from the QM9GWBSE dataset.

As is standard for training of neural networks, we split
QM9GWBSE into training, validation, and test data. The test
data serves as the rst test set to which we refer to as “QM9” for
brevity. Next to that, we test predictions on a subset of the PC9
(ref. 110) dataset, which matches the QM9 element space (H,
C, N, O, F) and molecular size (up to 29 atoms). For the
remaining two test sets, we sampled molecules from OE62 that
obey either (i) the QM9 element restrictions but allow up to 48
atoms, probing extrapolation to larger systems and referred to
as “OE62L”, or (ii) QM9-sized molecules containing up to three
heteroatoms not present in the netuning data, probing
generalization across chemical space and referred to as
“OE62H”. This means that we test our models on four different
datasets in total. All test-set labels were recomputed with the
same qsGW and qsGW-BSE settings used for the QM9GWBSE
dataset. SMILES-based deduplication was applied across all
datasets to prevent any overlap between pretraining, netuning,
and test molecules. Complete dataset specications and
ltering procedures are provided in the SI.
2.2 Machine learning

We employ the ViSNet architecture,111 an SE(3)-equivariant and
thus symmetry-preserving graph neural network designed to
learn scalar-valued molecular properties, such as orbital ener-
gies, and, in principle, also vector-valued properties. In the
present work, we restrict our use of ViSNet to scalar-valued
predictions. A schematic overview of the ViSNet model, illus-
trated for the case of DFT pretraining followed by qsGW ne-
tuning as performed here, is shown in Fig. 1. The model takes
nuclear charges {Zi} and Cartesian atomic coordinates {ri} as
input, which are embedded into initial atomic feature vectors
and radial basis representations respectively. The feature
vectors are subsequently updated within a series of interaction
blocks via message passing, whereby each atomic node inter-
acts with its local environment dened by a cutoff radius. To
model these interactions, ViSNet incorporates interatomic
distances, angles, dihedrals, and improper dihedrals, enabling
accurate geometric representations while maintaining compu-
tational efficiency, which is essential for large-scale pretraining.
In the output block, the target properties, for instance qsGW
quasiparticle energies in this work, are extracted from the
learned atomic feature representations. Further architectural
details are provided in the original ViSNet publication.To assess
the effect of model size, two model variants with different total
numbers of trainable parameters are examined: a small variant
with 8.9 × 105 parameters and a large variant with 2.5 × 106

parameters. Hyperparameters were selected to balance training
efficiency, stability, and the accuracy of baseline (non-
pretrained) models. To isolate the effect of pretraining, we
maintained consistent hyperparameters between pretrained
and non-pretrained runs, modifying them only when required
to ensure stable convergence of training and validation losses.
We consider two netuning strategies. In the “Full” approach,
all model weights are updated during netuning. In the
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 1 Basic flowchart of the ViSNet model for predicting a single scalar-valued property, for instance a DFT orbital energy 3DFT or a qsGW
quasiparticle energy 3qsGW based on the set of nuclear charges {Zi} and atomic coordinates {ri} of an input molecule.
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“Transfer” approach, only weights in the readout layers
followingmessage-passing layers are updated, enabling reuse of
latent representations learned from lower-delity data. Such
transfer-learning strategies have proven effective for multi-
delity molecular property prediction90,112 and motivate their
use here. Detailed hyperparameters and details on the training
procedures are provided in the SI.
3 Results

We investigate whether a multi-delity learning paradigm can
improve the accuracy of GNN-based predictions of qsGW
quasiparticle (QP) energies and qsGW-BSE excitation energies.
Our analysis begins with qsGW QP energies. We start by pre-
training models on DFT MO energies and subsequently ne-
tune them on qsGW QP energies. Note that the DFT pretraining
data is on the range-separated hybrid DFT level which is
a reasonable approximation to corresponding QP energies.113

We then evaluate (1) whether pretraining reduces prediction
errors on the test sets relative to training from scratch, thereby
indicating improved generalization (2) whether pretraining
enables the use of smaller netuning datasets without
Fig. 2 MAE of qsGW QP HOMO predictions from small (a) and large (b)

© 2026 The Author(s). Published by the Royal Society of Chemistry
sacricing accuracy (3) whether model accuracies improve with
pretraining on different but related properties, e.g. pretraining
on HOMO energies and netuning on HOMO–LUMO gaps.
Finally, we pretrain on TDDFT excitation energies, then ne-
tune on qsGW-BSE excitation energies and test, (4), whether
analogous trends as in (1)–(3) arise for this combination of
pretraining and netuning target. All results are compared to
models initialized with random weights and trained solely and
directly on the target property.
3.1 Does pretraining improve generalization?

We rst assess how model accuracy depends on the presence
and extent of pretraining, the total number of trainable
parameters (model size), and netuning strategy. Fig. 2
compares mean absolute errors (MAEs) across all test sets for
the small and large models as a function of pretraining-set size,
with 0 corresponding to baselines trained from scratch. We also
report purely pretrained models (“None”), without any ne-
tuning, to isolate the effect of pretraining alone.

Models undergoing both pretraining and netuning
consistently achieve the lowest MAEs across all test sets. The
effect is particularly pronounced for PC9, OE62L and OE62H,
models pretrained on different numbers of DFT samples.

Chem. Sci.
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Fig. 3 Per-sample absolute errors (AEs) of qsGWQP HOMO energy predictions from small (a) and large (b) models with and without pretraining.
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where reductions of up to two-thirds are observed, for instance,
in the large models on OE62H. Notably, on OE62L and OE62H
the purely pretrained models perform nearly as well as their
netuned counterparts, indicating that for chemically chal-
lenging cases the models rely strongly on knowledge obtained
during pretraining. Nonetheless, the lowest MAEs on every set
are achieved when pretraining is followed by netuning.

Increasing model size generally yields modest accuracy
gains, especially for the OE62-based test sets. Because the larger
model increases the dimensionality of the feature channels, it
reduces information bottlenecks in message-passing and miti-
gates oversquashing114 which is especially relevant for long-
range graph interactions and molecular structures with more
diverse elements. However, for OE62H, both baseline models
perform poorly, with almost no improvement from increased
model size. In contrast, pretraining enables both small and
large models to make accurate predictions despite the presence
of elements unseen during netuning on the target property.

Transfer learning performs at least as well as, and frequently
better than, full netuning for any pretraining-set size. This
Fig. 4 MAE of QP HOMO energy, QP LUMO energy and QP gap predic

Chem. Sci.
indicates that, aer pretraining on DFT level data, only a small
subset of parameters requires updating to achieve optimal
accuracy on qsGW level predictions. For both model sizes,
approximately 10% of the number of parameters are netuned.
This observation aligns with reports of effective transfer
learning in molecular-property prediction, for instance, in drug
discovery tasks.90

To further elucidate the source of these improvements, we
examine per-sample error changes. Fig. 3 compares absolute
errors for models with and without pretraining, using the small
transfer-learning model with 5 000 000 pretraining samples and
the large model with 10 000 000 pretraining samples. In both
plots, samples are sorted in descending order by their error
without pretraining. Errors aer pretraining are shown in the
same order such that the x-axis represents the sample index.

Across all test sets, the largest improvements occur for
samples with the highest baseline errors, while slight increases
in error appear for samples that were already predicted accu-
rately. As shown in Fig. 3, the substantial reduction in errors for
the most challenging samples far outweighs the modest
tions with pretraining on different QP energy targets.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 5 MAEs of QP HOMO energy predictions after finetuning on
different numbers of samples with and without prior pretraining
normalized to the respective MAE when finetuning on the full fine-
tuning-set (120 000 samples).
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increases among the easiest cases, explaining the strong MAE
reductions on PC9, OE62L, and OE62H. The comparatively
smaller improvement on QM9 reects the absence of large
outliers for that test set. The same qualitative trends are
observed for the large model. Analogous analyses for QP LUMO
energies and HOMO–LUMO gaps are provided in the SI and
exhibit similar qualitative behavior.

Considering the trade-off between accuracy and computa-
tional cost, small transfer-learning models with 5 000 000 pre-
training samples represent an effective compromise. This
combination of models and pretraining set are therefore used
as the default conguration in the following unless stated
otherwise.
3.2 Does pretraining reduce data demand in netuning?

Earlier work has shown that transfer learning between low- and
high-delity data can reduce the amount of data required for
netuning.90,97 Here, we assess whether this holds for qsGW QP
energies when pretraining on DFT MO energies. To this end, we
construct netuning sets of 10 000, 20 000, 40 000, 80 000 and,
as before, the full set of 120 000 samples. Each netuning
subset is obtained by independent sampling from the full
QM9GWBSE dataset rather than by incremental augmentation,
ensuring maximal randomization.

Models trained with and without pretraining are evaluated
on all four test sets, and the resulting learning curves for QP
HOMO energies are shown in Fig. 5. Corresponding curves for
QP LUMO energies and gaps are provided in the SI. Each curve
is shied by its nal error (i.e., the error at 120 000 samples) so
that the y-axis reects the deviation from the presumed
minimum MAE. For every netuning-set size, three indepen-
dently sampled subsets are generated, and the reported metrics
© 2026 The Author(s). Published by the Royal Society of Chemistry
are averages over these three runs, reducing the inuence of
small-sample effects.

Despite averaging, models trained from scratch still show
a more irregular convergence, especially for OE62L, whereas the
corresponding curves for pretrained models converge notice-
ably smoother. This is expected: without pretraining, each
netuning sample carries greater weight, and the removal of
a single informative sample can produce abrupt changes in
MAE. Pretraining effectively increases the total amount of
information available, thereby mitigating such uctuations.

Most importantly, Fig. 5 shows that, across all test sets,
pretrained models reach convergence with 40 000 netuning
samples, and oen with only 20 000 samples, even for the most
demanding cases. Thus, at most one-third of the qsGW data
required for training from scratch is sufficient to achieve
comparable accuracy which effectively reducing the computa-
tion cost of prodcuing high-level training data. The same trends
are observed for QP LUMO energies and QP gaps (see SI).

3.3 Does pretraining transfer across properties?

Beyond reduction of test errors and qsGW data requirements, it
is desirable for foundation models pretrained on one property
to be reusable for netuning on related targets. Such cross-
property transfer would obviate repeated costly pretraining.
To assess its feasibility, we examine all combinations of pre-
training and netuning on QP HOMO energies, QP LUMO
energies, and QP gaps, and compare their performance with
baselines trained directly on the target property. The resulting
MAEs are shown in Fig. 4.

In nearly all cases, pretraining on any of the three properties
lowers the MAE relative to the baseline. As expected, the largest
improvements occur when pretraining and netuning targets
coincide. However, substantial gains also arise when the two
targets are information-theoretically linked: QP gap models
benet from HOMO or LUMO pretraining, and conversely,
HOMO and LUMO models benet from gap pretraining.
Because these properties are inherently related, the gap being
the LUMO–HOMO difference, pretraining exposes the model to
patterns directly relevant to the downstream task, yielding
a more favorable initialization than random weights. In
contrast, when pretraining and netuning targets share little
underlying information, the benets vanish and can even
reverse, known as negative transfer,115,116 as reported for
supervised pretraining in molecular representation learning.117

For example, pretraining on QP HOMO energies and netuning
on QP LUMO energies increases MAEs across all test sets.

Conclusively, cross-property transfer can yield sizable error
reductions even approaching the gains of perfectly aligned
pretraining. Nonetheless, realizing the full benet of pretrain-
ing still requires that both targets coincide.

3.4 Does pretraining and netuning carry over to other
excited-state targets?

Finally, we assess whether our multi-delity strategy extends to
qsGW-BSE excitation energies. First, we test whether netuning
on qsGW-BSE benets from pretraining on TDDFT excitation
Chem. Sci.
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energies. Because both methods describe neutral excitations,
we expect reasonable alignment between the two targets. In all
experiments, we use the lowest excitation energy per molecule.
For comparison, we also evaluate models pretrained on DFT
MO energies, hypothesizing that TDDFT should provide a more
suitable pretraining signal than DFT. For DFT pretraining, we
construct a 500 000-sample set of DFT gaps from our OMol25
subset restricted to molecules containing H, C, N, O, and F and
with at most 32 atoms, mirroring the element and size limits of
the QCDGE dataset used for TDDFT pretraining. This isolates
the effect of the pretraining target from the effect of dataset size
and diversity. We additionally pretrain a second model on the
full, unconstrained 5 000 000-sample DFT dataset used earlier
to probe whether increased size and chemical diversity can
compensate for a less well-aligned pretraining target. The
resulting MAEs are shown in Fig. 6 where the constrained DFT
set is denoted “DFT constr.”. Note that the y-axis is split because
the OE62H errors are reported on a different scale.

On QM9, baseline errors are already low and netuning has
only minor impact as observed before for QP energies. On PC9
and OE62L, TDDFT pretraining clearly improves MAEs, albeit
less strongly than the transfer from DFT to qsGW observed
earlier. DFT pretraining on the constrained DFT set yields only
marginal gains on OE62L and slightly worsens performance on
PC9. The reason for that could be the misalignment between
DFT gaps and qsGW-BSE excitations and is therefore in line
with our previous ndings about negative transfer due to
insufficient alignment.

For OE62H, both TDDFT pretraining and DFT pretraining
with a constrained dataset signicantly increase the MAE. This
is plausible, as both pretraining datasets span only a narrow
element distribution, whereas OE62H contains a much more
diverse range of elements. In contrast, DFT pretraining on the
large, unconstrained dataset, despite its weaker target align-
ment, markedly reduces MAEs on OE62H presumably due to its
broader coverage of chemical space. Similarly, although con-
strained DFT pretraining slightly increases the MAE on OE62L,
the unconstrained model offers modest improvement. Notably,
Fig. 6 MAE of qsGW-BSE excitation energy predictions after pre-
training on DFT and TDDFT data.

Chem. Sci.
TDDFT pretraining still outperforms both DFT-based
approaches on OE62L, underscoring its stronger alignment
with qsGW-BSE. These trends suggest that larger and more
chemically diverse TDDFT datasets could further lower MAEs
across PC9, OE62L, and especially OE62H, potentially matching
the gains observed with unconstrained DFT pretraining. Such
datasets, however, are not currently available.

Second, we examine whether pretraining reduces the
amount of costly qsGW-BSE data required for netuning.
Following the procedure used for QP energies, we construct
netuning sets of 10 000, 20 000, 40 000, 80 000, and the full
120 000 samples. Again, each of those subset is drawn inde-
pendently from the QM9GWBSE dataset. As before, models with
and without pretraining are evaluated on all four test sets. For
each test set, we apply the model variant that, in the previous
analysis (Fig. 6), achieved the lowest MAE when pretrained on
the respective target property (DFT or TDDFT gap). Specically,
models pretrained on DFT gaps are used for PC9 and OE62H,
while those pretrained on TDDFT gaps are used for QM9 and
OE62L. The resulting learning curves are shown in Fig. 7. Each
curve is shied by its nal error (i.e., theMAE obtained with 120
000 netuning samples), such that the y-axis reects the devi-
ation from that nal error on the full netuning set.

As in the QP energy analysis, pretraining clearly accelerates
convergence of the test set errors, most notably for PC9, OE62L,
and OE62H. Quantitatively, the curves indicate that approxi-
mately 40 000 samples, about one-third of the full qsGW-BSE
netuning set, are sufficient to reach convergence across all
test sets. This mirrors the behavior observed for qsGW QP
energies and again demonstrates that pretraining can markedly
reduce the amount of high-level data required to achieve target
accuracy.

In summary, the multi-delity paradigm extends naturally to
qsGW-BSE excitation energies, reducing test errors and
Fig. 7 MAEs of qsGW-BSE excitation energy predictions after fine-
tuning on different numbers of samples with and without prior pre-
training normalized to the respective MAE when finetuning on the full
finetuning-set (120 000 samples).

© 2026 The Author(s). Published by the Royal Society of Chemistry
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reducing the computational cost of producing high-level labels
for training. However, our ndings also suggest that realizing
the full benets requires large pretraining datasets that are both
well aligned with the target property and sufficiently broad in
chemical diversity.

4 Conclusions

In this work, we investigated transfer learning from lower-
delity DFT and TDDFT data to higher-delity qsGW and
qsGW-BSE targets. Models were pretrained on DFT molecular
orbital energies or TDDFT excitation energies and subsequently
netuned on qsGW quasiparticle energies or qsGW-BSE exci-
tation energies, either by updating all weights or by restricting
training to the readout layers following message-passing layers.
The impact of these strategies was assessed across four test sets,
including one containing molecules larger than those used
during netuning on the target property and another contain-
ing heteratoms also unseen during netuning.

Our results show that pretraining on DFT- and TDDFT-level
data provides a more favorable initialization of model weights
than standard random initialization for learning qsGW and
qsGW-BSE properties. Notably, accurate models can be ob-
tained by leveraging only a modest subset of the abundant DFT
data and by training only a fraction of the model parameters,
thereby reducing cost for both data-generation and training. We
observe lower test errors, driven in particular by a reduction of
large outliers observed without pretraining. On top of that, we
demonstrate decreased requirement for expensive qsGW and
qsGW-BSE data. Specically around 20 000 instead of 120 000
netuning samples for qsGW and around 40 000 instead of 120
000 netuning samples for qsGW-BSE suffice to converge the
errors on our most challenging test sets. We also show evidence
of the transferability of foundation models across distinct QP
properties. This presents a promising opportunity to “recycle”
existing foundationmodels rather than generating new datasets
and retraining models from scratch for each target property.
Thus, with our proposed strategy we lower the expected amount
of data needed for both pretraining and netuning. We
emphasize that predictions made far outside the chemical
space covered by our training and test sets (see the detailed
composition of all datasets in the SI), for example, for molecules
containing more than 250 atoms or transitionmetals, should be
treated with caution. Although our results demonstrate that
DFT pretraining can substantially reduce prediction errors for
qsGW quasiparticle energies and GW-BSE excitation energies
within a given chemical subspace and even beyond it, this study
does not establish that such extrapolation reaches undenitely
far into all chemical space. Likewise, predictions for systems
exhibiting pronounced multi-reference character should be
handled with caution, as our models are pretrained on DFT and
TDDFT data and netuned exclusively on single-reference
systems.

Overall, this study demonstrates that data-efficient GNN
models capable of end-to-end prediction at the level of MBPT
can be realized, with generalization extending into regions of
chemical space not encountered during netuning. At the same
© 2026 The Author(s). Published by the Royal Society of Chemistry
time, our ndings underscore key challenges, including the
need for sufficiently large and chemically diverse low-delity
datasets. We show that the careful selection of pretraining
targets of adequate level of theory that sufficiently align with
netuning targets are crucial to fully unlock the benets of
pretraining. Future work could explore whether the strategy of
DFT or TDDFT pretraining followed by GW-BSE netuning can
be extended to additional target quantities, including other
scalar properties such as oscillator strengths, as well as vector-
valued properties such as transition dipoles.
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