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Abstract

Machine-learning based modeling of molecular crystals is limited by representations that encode geo-
metric structure while overlooking the electronic features that often govern solid-state behavior. We in-
troduce a multimodal learning framework that integrates crystal graphs with solid-state Quantum Theory
of Atoms in Molecules (QTAIM) informed molecular graphs for enhanced predictions of solid-state prop-
erties. Our architecture employs modality-specific graph neural network encoders and a bi-directional
gated fusion mechanism to capture complementary information between the two representations. When
applied to band-gap prediction in organic molecular crystals, the fused model outperforms geometry-only
and molecular-only baselines. Analysis of the learned representations reveals that QTAIM descriptors
contribute interpretable signals associated with intermolecular interactions and density redistribution
within the crystal, highlighting the value of quantum-informed learning for advancing data-driven solid-
state modeling.

KEYWORDS: Multimodal Learning; Molecular Crystals; QTAIM; Solid-State Property Prediction

Introduction
A central objective of machine learning (ML) in chemistry and materials science is to learn effective represen-
tations of atomic structure that enable accurate structure–property prediction. Representation learning is
therefore fundamental to materials modeling, as predictive performance depends critically on how structural
and electronic information are encoded.[1] In crystalline solids, ML models must account for periodicity,
long-range interactions, and collective electronic effects that arise from the infinite repetition of a unit cell
in three dimensions.[2, 3] These challenges are especially pronounced in organic molecular crystals, whose
solid-state properties arise from a delicate interplay between intramolecular electronic structure and emergent
collective properties mediated by weak intermolecular packing forces.[4] Unlike ionic or covalent inorganic
solids dominated by strong extended bonding networks, molecular crystals are governed primarily by van der
Waals interactions, π–π stacking and hydrogen bonding, among several others (such as halogen bond, chalco-
gen bond, charge transfer, dipole-dipole and quadrupolar interactions).[5–7] Consequently, their electronic
properties are highly sensitive to subtle variations in molecular conformation, packing geometry, and charge
redistribution.[4, 8–11] A clear example of this sensitivity is the electronic band gap of molecular crystals,
which is technologically central to organic semiconductors,[12] optoelectronic materials,[13, 14] and energy
conversion devices,[15]. Even modest changes in crystal packing or density redistribution can strongly impact
energetics, transition probabilities and redox behavior.[16, 17] Accurate prediction of electronic properties
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in these systems therefore requires representations that capture both local bonding environments and non-
local intermolecular effects. As a result, developing representations that more directly incorporate electronic
information remains a bottleneck for materials discovery, particularly when high-throughput screening is
desired. In this work, we aim at developing an approach that provides high-throughput accurate prediction
of electronic properties by taking advantage of multimodal representations that capture both local bonding
environments and non-local intermolecular effects using features based on electronic information available
from quantum mechanical methods.

Current approaches have demonstrated that graph neural networks (GNNs),[18–20] trained directly on struc-
tural data, can learn structure-property relationships for molecules, inorganic solids, and organic crystals.[21–
26] Crystal graph models such as CGCNN,[23] ALIGNN,[25], MEGNet[22], and other variants, encode the
periodic arrangements of atoms in crystalline systems and have achieved strong performance on tasks involv-
ing inorganic materials,[27] and more recently, organic molecular crystals.[28–31]. Still, current approaches
rely almost exclusively on geometry-derived representations, implicitly assuming that interatomic distances
and connectivity encode all information relevant to the electronic structure. This assumption is frequently
violated in molecular crystals since systems with nearly identical geometric motifs can exhibit markedly dif-
ferent electron-density distributions due to subtle polarization effects, variations in hydrogen-bond networks,
or packing-induced charge redistribution.[32] Such electronic differences are not recoverable from geometry
alone and may underlie persistent challenges in modeling polymorphs and crystals with strong intermolecular
electronic coupling.[33]

Several efforts have attempted to enrich crystal graph representations by incorporating higher-order geomet-
ric information, such as angular terms or extended neighbor interactions.[25, 34, 35] While these strategies
improve the description of local coordination environments, they remain fundamentally geometric proxies.
Existing crystal representations are still largely limited to distance-based features, or atom-type embeddings,
and even advanced architectures operate without direct access to the electronic degrees of freedom that gov-
ern optical and electronic properties of such systems. Consequently, contemporary GNNs are constrained
by an inherent representational bias where the model struggles to learn information that is absent from its
input. Recent work has begun to account for non-local charge transfer[36] and intermolecular interactions
explicitly,[37] highlighting their importance for predicting solid-state properties. Nevertheless, explicit elec-
tronic structure information-derived from the quantum mechanics of the system- remains largely absent from
graph-based models of molecular crystals, despite successes of quantum-chemically augmented ML strategies
when applied to molecular and reaction representations.[38–43] As a result, the connection between crystal
geometry and the underlying electronic landscape remains only indirectly captured.

In this work, we address this limitation by introducing a quantum-informed multimodal graph framework
that augments crystal-graph representations with a second modality derived from the periodic charge den-
sity. Specifically, we construct a quantum-augmented graph that encodes electron density-derived topological
descriptors computed in the solid state according to the Atoms in Molecules formalism, and integrate it with
a conventional crystal graph through parallel message-passing networks. This approach enables the model
to access electronic features, yielding a joint structural–electronic representation tailored for predicting the
solid-state properties of solid-state materials.

The Quantum Theory of Atoms in Molecules (QTAIM) provides a principled, transferable way to encode
electron-density topology in both molecules and periodic solids.[44–46] QTAIM descriptors quantify features
such as electron density at bond critical points, local curvature of the density, Laplacian, energy-density sig-
natures, and other quantities linked to chemical bonding and intermolecular interactions.[47] Prior studies
have shown that QTAIM-derived descriptors can significantly improve the performance of machine-learning
models for predicting molecular properties and energy barriers.[48–50] In molecular solids, these descriptors
are routinely used to rationalize charge redistribution, hydrogen bonding strength, van der Waals contacts
and aromaticity.[51–53] Yet they have rarely been used in machine-learning models for solid-state materials,
and- to our knowledge- have not been systematically integrated into GNNs architectures for molecular crys-
tals. Here, we introduce a crystal quantum-informed multimodal graph framework that combines (i) a crystal
graph encoding the periodic atomic arrangement and (ii) a QTAIM graph encoding electron-density–derived
topological descriptors computed in the solid state, XQTAIM-MM. The two graphs represent complemen-
tary modalities where the crystal graph captures lattice geometry, while the QTAIM graph embeds local
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electronic environments and intermolecular electronic coupling. More broadly, the framework establishes a
generalizable route toward quantum-aware multimodal learning for molecular crystals and other electroni-
cally complex solids.

Methods

Training Data
This study uses data extracted from the Organic Materials Database (OMDB-GAP1 dataset)- an open source
dataset of organic molecular crystals with computed band gap energies, comprising approximately 12,500
structures.[54] For each crystal, periodic DFT band gaps were obtained from the source calculations, and
solid-state QTAIM descriptors were computed via cluster-based QM embedding calculations (see section 2.2
for details). Structures that failed quantum-mechanical processing were excluded to ensure data consistency
and reliability. The final dataset for training included 10,472 crystal structures.

Organic Materials Database (OMDb)

The OMDB-GAP1 dataset provides density-functional-theory (DFT) band gaps for organic molecular crys-
tals alongside their experimentally reported crystal structures. All band gaps correspond to periodic bound-
ary condition DFT calculations performed at the Perdew–Burke–Ernzerhof (PBE)[55] level of theory and
are defined as the energy difference between the valence-band maximum and conduction-band minimum,
without distinction between direct and indirect gaps (Figure 1).
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Figure 1: Statistical overview of the OMDB-GAP1 dataset used in this study. (a) Distribution of PBE band
gaps (eV); the histogram is approximately unimodal with a pronounced central maximum near 3 eV and
a right-skewed tail toward larger gaps. (b) Relative frequencies of the eight most common crystallographic
space groups. (c) The most common elements occurring all the structures.

Quantum Mechanical Calculations and QTAIM analysis
To obtain electronic-structure descriptors representative of the solid-state, we performed quantum-mechanical
calculations on finite molecular clusers extracted from experimental crystal structures. This approach builds
directly on previous work where embedded cluster QTAIM analysis was shown to capture packing-induced
electronic effects relevant to solid-state reactivity. For each crystal, a spherical cluster of 10 Å radius centered
on a reference molecule (corresponding to the asymmetric unit, or Z’ molecule) was constructed from the
periodic structure (Figure 2).
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Figure 2: ONIOM substractive embedding scheme of molecular crystals

Electronic structure calculations were carried out using a hybrid ONIOM[56]-style embedding scheme de-
signed to balance accuracy and computational efficiency. The central molecule was treated at the density
functional theory (DFT)[57] level using the same reference PBE functional used to compute the band gaps, in
combination with the def2-TZVP basis set,[58] as implemented in ORCA 5.0.4.[59] The surrounding molecules
within the cluster were modeled using the semiempirical extended tight-binding (xTB)[60] method for an
approximate but efficient description of the electrostatic environment and intermolecular polarization effects
imposed by the crystal packing.

Single-point calculations were performed without geometry optimization in order to preserve the experimen-
tally observed crystal geometry. The resulting embedded wavefunctions were subsequently analyzed within
the QTAIM framework. Topological analysis of the electron density was carried out using the Multiwfn pro-
gram,[61] identifying nuclear critical points (NCPs) and bond critical points (BCPs) associated with both
intra- and intermolecular interactions.

We note that the use of a molecular cluster embedding instead of periodic DFT is motivated by both practical
and methodological considerations. Cluster-based calculations enable access to a broader range of QTAIM
descriptors and allow the use of electronic structure methods that are currently not readily available in pe-
riodic implementations, particularly those required for future extensions to excited-state and multireference
treatments. Additionally, cluster models provide greater flexibility in systematically analyzing local chemical
environments and in selecting the level of theory and basis set. To validate the embedded-cluster approach,
we performed convergence tests with respect to the ONIOM embedding radius for representative crystals
spanning both strongly hydrogen-bonded and weakly dispersion-bound packing motifs, and compared con-
verged embedded-cluster QTAIM descriptors with periodic DFT results. These analyses demonstrate that
the QTAIM descriptors associated with the central molecule converge rapidly with embedding radius and
closely reproduce the corresponding periodic electronic topology (see Supporting Information, Section S2).
Nevertheless, periodic DFT remains a viable alternative framework, and its integration with QTAIM analysis
will be explored in future work.

Overview of the Multimodal Crystal Graph Neural Network Framework
We propose a multimodal learning framework for materials property prediction that integrates two comple-
mentary graph-based representations of crystalline systems: (i) periodic crystal structure graphs encoding
atomic geometry and lattice periodicity, and (ii) Quantum Theory of Atoms in Molecules (QTAIM) graphs
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encoding electron density topology and bonding characteristics derived from first-principles calculations.
The proposed architecture employs modality-specific GNN encoders followed by a bi-directional gated fusion
mechanism[62] that enables controlled cross-modal information exchange prior to final prediction.

An overview of the architecture is shown in Figure 3.

INPUT GRAPHS

Crystal multigraph

QTAIM ”crystal” graph

CGNN

MPNN

CRYSTAL EMBEDDING

QTAIM MOL EMBEDDING

⊕

𝒚"

Spatial information

electronic information

Fusion model

QM

xTB

NCP Features
BCP Features

Figure 3: Overview of Multimodal Model for crystal property prediction

Graph-Based Data Representations
A full description of the graph modalities and their attributes is included in the supporting information.

Crystal Graphs

Crystal structures were converted into graph representations in which nodes correspond to atoms and edges
are defined based on interatomic distances within a specified cutoff, as defined by Xie et al.[23]

QTAIM Graphs

From the QTAIM analysis, a diverse set of electron-density derived descriptors was extracted at both nuclear
and bond critical points (Table S1). These descriptors include local measures of electron density accumu-
lation, curvature, and energy density, which collectively characterize the nature and strength of intra- and
intermolecular interactions in the crystal. Unlike geometry-based features that depend solely on atomic po-
sitions and connectivity, QTAIM descriptors explicitly reflect how electron density is redistributed by crystal
packing, polarization, and intermolecular coupling. The extracted quantities were assembled into molecular
graph representations, where nodes and edges are augmented with electron-density–derived attributes, and
subsequently used as input features for the QTAIM branch of the multimodal learning framework.

Modality-Specific Encoders
Crystal Encoder: GATGNN

The crystal modality is encoded using a Graph Attention Network with Global Attention (GATGNN).[63]
This architecture augments node features with edge-aware multi-head attention and incorporates a composition-
sensitive global pooling mechanism.
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Augmented Graph Attention (AGAT). Node updates jointly incorporate atomic and bond features
via
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Global Attention Pooling. Crystal-level embeddings are obtained via
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QTAIM Encoder: FiLM-SchNet

To effectively integrate electron-density derived information into geometric message-passing architectures
while preserving chemical interpretability, we encode the QTAIM modality using a feature-wise linear mod-
ulation (FiLM) mechanism.[64] Specifically, we leverage the mainstream SchNet[24] model as encoder whose
core architecture is well suited for this integration given its design to process 3D molecular graphs using
continuous-filter convolutions that operate on interatomic distances, allowing messages to be conditioned
smoothly on spatial relationships. The proposed FiLM-conditioned SchNet (FiLM-SchNet) incorporates
QTAIM descriptors directly into the mssage-passing mechanism, rather than appending them as post-hoc
global features.[65] Prior multimodal GNN studies typically incorporate expert-crafted descriptors by con-
catenating them with the learned molecular embedding at the readout stage;[66] however, this late fusion
strategy restricts descriptors to act only as global corrections and prevents them from influencing local atomic
interactions. In contrast, our approach injects QTAIM edge descriptors into the continuous filter network via
FiLM, allowing electronic-structure information to modulate the radial basis features that govern message
passing (Figure 4). As a result, interaction strengths become explicitly conditioned on the local electronic
environment, with QTAIM descriptors encoding bond character, charge redistribution, and density topology
beyond simply geometric proximity. Moreover, the learned FiLM scaling and shifting parameters (γ and β)
provide a direct mechanism for interpreting the relative influence of individual electronic descriptors on the
learned interactions, enhancing model explainability.

Gaussian Distance Expansion.

ϕk(dij) = exp
[
−γk(dij − µk)

2
]
, k = 1, . . . ,K.

FiLM Conditioning.
ϕ̃(dij) = ϕ(dij)⊙

(
1 + γ(e

(q)
ij )

)
+ β(e

(q)
ij ).

FiLM(x|c) = γ(c)⊙ x+ β(c)

Continuous-Filter Convolutions.

mij = h
(ℓ)
j ⊙Wϕ̃(dij), h

(ℓ+1)
i = h

(ℓ)
i +

∑
j∈N (i)

mij .

Bi-Directional Gated Fusion
To integrate geometric and electronic representations while preserving their complementary information, we
employ a bi-directional gated fusion mechanism.[62] In contrast to static fusion schemes such as concate-
nation, this approach allows each modality to selectively modulate the contribution of the other through
learned gating functions.
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Figure 4: FiLM-Schnet Architecture
Adapted from DOI:10.48550/arXiv.2211.13853

Crystal-Gated QTAIM Pathway.

gc→q = σ(Wcz
(c)), f c→q = Wout

(
gc→q ⊙Wqz

(q)
)
.

QTAIM-Gated Crystal Pathway.

gq→c = σ(W′
qz

(q)), fq→c = W′
out

(
gq→c ⊙W′

cz
(c)

)
.

Fusion and Prediction.

fcombined = tanh([f c→q ∥ fq→c]) , ŷ = MLPfusion(fcombined).

Multimodal Training
Beyond the multimodal design that leverages different modality encoders as described above, a key fea-
ture of the model is the use of disentangled gradient learning (DGL),[67] which decouples optimization of
modality-specific encoders from the fusion module. This prevents gradient interference between structural
and electron-density representations, allowing each modality to learn stable, physically meaningful features
while still benefiting from cross-modal interactions during fusion. Detailed descriptions of the DGL procedure
is included in the supporting information.

XQTAIM-MM architecture. A schematic of the proposed XQTAIM-MM architecture with DGL train-
ing is shown in Figure 5. Within the disentangled gradient scheme, gradients from the fusion module are not
propagated back into the modality-specific encoders, and conversely, encoder-specific losses do not update
the fusion block. This gradient truncation prevents cross-modal interference and single-modality dominance
effects, ensuring that each encoder learns modality-consistent representations while the fusion module oper-
ates on fixed latent embeddings. As a result, cross-modal interactions are learned at the representation level
without destabilizing the underlying feature extractors.
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Figure 5: XQTAIM-MM architecture comprising modality-specific encoders, latent projection, a gated cross-
modal interaction block, and a fusion module for property prediction. During training, gradients are selec-
tively truncated (as shown with the X marks): encoder-specific losses do not update the fusion module, and
fusion gradients are not backpropagated to the encoders.

All machine learning training and inference experiments were conducted on the Bridges-2 supercomputing
cluster at the Pittsburgh Supercomputing Center using NVIDIA H100 (90 GB) GPUs.

Results and Discussion
We first evaluate the predictive performance of established crystal graph neural networks (CGNNs), which
serve as strong geometry-only based baseline models for band-gap prediction in organic molecular crystals.
Model performance is assessed on held-out test sets using mean-absolute-error (MAE), root-mean-square
error (RMSE), and coefficient of determination (R2). For all models, hyperparameters were independtly
optimized for each representation to ensure a fair comparison.
Table 1 summarizes the performance of representative crystal GNN architectures, including CGCNN, SchNet,
GATGNN, MEGNet and ALIGNN, alongside the proposed multimodal XQTAIM-MM model on the OMDb
dataset. Consistent with prior studies, geometry-only crystal GNNs achieve strong predictive accuracy, with
ALIGNN and MEGNet outperforming earlier architectures. However, incorporating QTAIM-derived elec-
tronic descriptors through multimodal fusion yields a systematic improvement over all unimodal baselines.
The XQTAIM-MM model achieves the lowest prediction error, with an MAE of 0.23 eV and an RMSE of
0.32 eV (Figure 6) This performance gain indicates that electron-density information provides task-relevant
signals that are not recoverable from atomic positions and connectivity alone, even when higher-order geo-
metric features are included such as ALIGNN’s line graph angular information.

Table 1: Test-set performance of crystal graph neural networks and the proposed multimodal XQTAIM-MM
model on the OMDb dataset. Reported values are averaged over three random seeds; numbers in parentheses
indicate the corresponding standard deviations.

Model MAE RMSE R2

CGCNN 0.2728 (0.010) 0.3831 (0.010) 0.8542 (0.010)
SchNet 0.2680 (0.015) 0.3817 (0.021) 0.855 (0.015)
GATGNN 0.263 (0.023) 0.376 (0.023) 0.860 (0.025)
MEGNet 0.239 (0.006) 0.332 (0.007) 0.884 (0.005)
ALIGNN 0.234 (0.003) - 0.893 (0.002)
XQTAIM-MM 0.235 (0.008) 0.321 (0.014) 0.903 (0.004)
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Figure 6: Parity plot comparing predicted vs DFT band gaps for XQTAIM-MM

We further examine the dependence of predictive performance on training set size (Figure 7). Geometry-only
unimodal crystal graph models exhibit a strong reliance on data availability, with accuracy degrading rapidly
in low-data regimes. In contrast, models incorporating QTAIM molecular graphs maintain substantially bet-
ter performance when trained on limited data.

Figure 7: Data-set size sensitivity analysis plot for different molecular crystal graph representation and their
respective unimodal model vs XQTAIM-MM. All models were trained using the same data split seed for 100
epochs.

Generalizability
More importantly, we show that this improvement persists under out-of-domain evaluation and is particularly
pronounced for polymorphic systems and polycyclic aromatic hydrocarbons (PAHs). PAHs are prototypical
organic semiconductors whose band gaps depend sensitively on molecular conjugation length, topology, and
functionalization, as well as on crystal packing effects such as π–π stacking and polymorphism.[68, 69]
We use the PAH101 dataset,[70] which comprises crystalline PAHs with various electronic and excited state
properties computed at the PBE-DFT and GW+BSE levels of theory, respectively (Figure 8).
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Figure 8: Statistical distributions for the PAH101 dataset. Histograms of (a) the number of atoms per
molecule, (b) the number of atoms per crystal unit cell, and (c) the electronic band gap across the dataset.

For our evaluation, we perform zero-shot transfer learning, and test the performance of models trained
exclusively on the OMDb dataset without any fine-tuning on the target domain. This evaluation is par-
ticularly informative given the nature of the OMDb dataset, which is chemically diverse and structurally
heterogeneous but does not explicitly targets PAHs as focused material family or include polymorphs. Since
PAHs electronic properties are governed by subtle electronic-structure effects, including π-electron delo-
calization and intermolecular π-π interactions, a physically-informed model is expected to generalize more
reliably across this chemically coherent data system. As shown in Figure 9, geometry-only crystal graph
models exhibit substantial performance degradation under zero-shot transfer, with MAEs ranging from 0.40
to 0.50eV. In contrast, the proposed XQTAIM-MM model achieves a markedly lower MAE of 0.36eV (Fig-
ure 10), corresponding to a relative improvement of approximately 10–20%. This result demonstrates that
incorporating electron-density derived descriptors leads to representations that are not only more accurate
in-distribution but also substantially more transferable across chemically distinct regimes. Furthermore,
to probe transferability, we evaluate zero-shot performance on polymorphs of ROY (red-orange-yellow), a
benchmark molecular crystal known for its rich polymorphism driven by subtle conformational and pack-
ing differences.[71] Predicting properties across ROY polymorphs is challenging due to their sensitivity to
small structural changes, making this test a stringent assessment of whether our quantum-enriched multi-
modal model is truly capturing transferable physics. Consistent with prior results, our model outperforms
geometry-only crystal graph baselines with an MAE of 0.124 eV compared to 0.4977 for eV CGCNN (Figure
S11-12).

Physical interpretation
Beyond predictive accuracy, the proposed architecture allows for physical explainability through its explicit
integration of electron-density descriptors into the message-passing process. In the FiLM-SchNet encoder,
QTAIM edge descriptors modulate the continuous-filter network via learned scaling and shifting parameters
(γ and β), whose magnitudes can be directly inspected to infer how specific electronic features influence
interatomic interactions. We observe that the model places the highest importance on descriptors that char-
acterize electron localization, the deviation of the electron density from a non-interacting reference state, and
the specific nature of the bond. Specifically, the promolecular density difference (∆gpromolecular), the electron
localization function (ELF), the average local ionization energy, and the η index of bond character induce
the largest modulation amplitudes in the radial basis filters (Figure 11). The high importance of the η index
(η = |λ1|/λ3) is particularly notable, as it allows the network to explicitly differentiate between shared-shell
covalent interactions (η > 1) and closed-shell interactions (η < 1). This suggests that the network strongly
conditions learned interaction strengths on regions where electrons are highly localized, or where it must
distinguish between strong intramolecular bonds and weaker intermolecular contacts. By contrast, basic
density and gradient magnitudes (such as the electron density ρ, its gradient norm, and ellipticity) exhibit
the lowest FiLM weights. This pattern indicates that the model relies less on the raw magnitude or sim-
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ple anisotropy of the density, and more on complex, derived quantities that capture bonding heterogeneity,
π-electron delocalization, and subtle charge redistribution effects. These effects are especially relevant for
PAH crystals, where band gaps are known to be sensitive to local bonding environments and intermolecular
electronic coupling mediated by π-π interactions and packing-induced polarization.

It is worth noting that while these FiLM weights provide insight into the model’s internal representations,
the exact ranking of feature importance may exhibit some variability depending on model initialization,
hyperparameter configuration, descriptor correlations, and the underlying distribution of interaction motifs
within the dataset. In particular, descriptors associated with specific interaction types may become more or
less influential depending on their prevalence in the training data (see Supporting Information, Section S8).
Nevertheless, this analysis demonstrates a concrete pathway for extracting physical insights from the inte-
gration of quantum-chemical features into graph neural networks.

Figure 11: FiLM layer weights

Conclusion
We presented a multimodal graph learning framework that combines crystal-structure graphs with QTAIM-
derived electron-density graphs for band-gap prediction in organic molecular crystals. The proposed XQTAIM-
MM model integrates an attention-based crystal graph encoder and a QTAIM FiLM-conditioned SchNet
encoder through bi-directional gated fusion and a disentangled gradient training strategy. Across the OMDb
dataset, this approach consistently improves prediction accuracy relative to established crystal graph models.
More importantly, our contribution remains notably under zero-shot transfer to polycyclic aromatic hydro-
carbons and polymorphs, which confirms that the learned representations capture electronic effects that are
not well described by simply geometric connectivity descriptors.

Analysis of the FiLM module and learned representations shows that QTAIM descriptors influence the
model at the level of local interactions. These observations are consistent with the role of charge redistri-
bution, bonding topology, and intermolecular interactions in influencing the electronic properties of organic
semi-conductors.

Finally, the present framework has several limitations. The FiLM-SchNet encoder conditions geometric
filters on electronic descriptors but does not impose explicit physical constraints, such as energetic consistency
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or density conservation, which may limit its applicability to force-field learning or molecular dynamics.
Future work will explore physics-informed loss functions, multi-task training with electronic and energetic
targets, and alternative message-passing schemes. More broadly, this study demonstrates that incorporating
electron-density topology into graph-based models improves both predictive performance and transferability
for molecular crystals properties.
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