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Accurate atomistic simulations are essential for understanding organic light-emitting diode (OLED)
materials in complex condensed-phase environments. However, ab initio methods are computationally
demanding, whereas classical force fields often lack sufficient accuracy to represent complex molecular
behavior. In this work, we present a high-dimensional neural network potential (HDNNP) framework
specifically optimized for complex OLED systems. Detailed atomic-level analysis reveals that local
environments, measured by intramolecular neighbor density, serve as a key factor in force prediction
heterogeneity. To reduce force prediction errors arising from intrinsic molecular complexity, we
introduce a conceptually simple yet effective strategy: relabeling atoms exhibiting large force errors as
distinct pseudo-elements. By providing more environment-specific local descriptors, this targeted
refinement improves force and total-energy prediction accuracy. Such accuracy gains lead to higher

fidelity in the reproduction of key simulation observables. To demonstrate the transferability of the
Received 23rd December 2025 l t-relabell trat lied it to chemically di b h K t ificall .
Accepted 19th March 2026 element-relabeling strategy, we applied it to chemically diverse benchmark systems, specifically aspirin

and double-walled carbon nanotubes. Our approach substantially reduces the accuracy gap with state-

DOI: 10.1039/d5dd00579e of-the-art graph-based models while preserving the computational efficiency of conventional HDNNPs,
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Introduction

Organic light-emitting diode (OLED) technology has emerged as
a prominent innovation in the modern display and lighting
industries." Over the past few decades, atomistic simulations
have significantly advanced the understanding of key aspects of
OLED materials, including molecular configurations and
charge carrier mobility.>® These simulations play a crucial role
in bridging microscopic properties with macroscopic behavior,
thus providing an efficient pathway for the design and optimi-
zation of OLED devices.* The accuracy and relevance of insights
derived from these simulations fundamentally depend on the
precision and reliability of the interatomic potentials
employed.>® Accordingly, ongoing efforts to refine these
potentials are essential to enhance the predictive capability of
simulation-based approaches.
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enabling large scale simulations, exemplified by accurate glass transition temperature prediction.

Classical molecular dynamics (MD) has long served as
a foundational tool for investigating molecular behavior.”
However, the use of general organic force fields, such as the all-
atom optimized potential for liquid simulations (OPLS-AA),*® in
the study of OLED materials can lead to deficiencies in accu-
rately capturing the specific interactions and electronic prop-
erties essential for OLED functionality. These limitations
necessitate an extensive parameterization and validation
process, which must be benchmarked against experimental or
high-level computational data.>*** Even with rigorous param-
eterization, accuracy may still be constrained by the intrinsic
functional forms of the force field (e.g:, bonds, angles, and
torsions). On the other hand, ab initio molecular dynamics
(AIMD) simulations,' based on first principles, offer higher
accuracy in describing the intricate behavior of molecular
systems."® Nevertheless, the considerable computational cost
associated with AIMD often restricts its applicability to smaller
systems and shorter timescales. Predicting certain properties,
such as the glass transition temperature, remains prohibitive
using ab initio methods.>"*

Machine learning interatomic potentials (MLIPs) offer
a promising hybrid approach that integrates the accuracy of ab
initio methods with the computational efficiency of classical
MD."¢ By learning the potential energy surface (PES) with
quantum chemical accuracy, these potentials enable energy
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evaluations at speeds that are orders of magnitude faster than
conventional methods."” MLIPs can be classified based on how
they encode atomic environments and propagate that infor-
mation to approximate the PES. Local MLIPs—such as the
Behler-Parrinello high-dimensional neural-network potential
(HDNNP),"®* Gaussian Approximation Potential (GAP)," the
spectral neighbor analysis potential (SNAP),>® atomic-cluster
expansion (ACE)* and moment-tensor potentials (MTP)**—
encode atomic neighborhoods via compact, symmetry-invariant
basis expansions. Their inherent computational efficiency
enables large-scale and long-timescale molecular dynamics
simulations to be performed on standard computing architec-
tures.”® In contrast to local-descriptor models, graph-based
MLIPs represent molecular structures as atomic graphs, where
node embeddings are iteratively refined via message-passing
neural networks (MPNNs).>* Widely adopted examples include
SchNet,* DimeNet,** GemNet,”” SpookyNet,*® M3GNet*® and the
E(3)-equivariant family comprising NequlP,** MACE*' and
Equiformer.** Iterative message passing significantly improves
predictive accuracy by capturing higher-order many-body
correlations within the interaction cutoff. However, repeated
neighbor communications introduce substantial computa-
tional overhead. Recent equivariant architectures that reduce
the depth of message passing (e.g., two-layer higher-order
MACE?****") or eliminate it entirely (Allegro®) have achieved
substantial computational speedups while maintaining state-
of-the-art accuracy. Despite these advances, comprehensive
benchmarks indicate that, on standard CPUs, graph-based
MLIPs generally remain slower than local-descriptor models,
and comparable throughput typically requires specialized GPU
acceleration—thereby underscoring the fundamental trade-off
between accuracy and efficiency.>***

Although local-descriptor MLIPs have successfully modeled
small gas-phase molecular systems,**™** their applicability to
large m-conjugated molecules, especially in condensed-phase
environments, has not been thoroughly explored. In this
work, we demonstrate that the predictive accuracy of local
descriptor-based HDNNPs can be substantially improved for
structurally complex molecular systems, such as condensed-
phase OLED molecules, without compromising their intrinsic
computational efficiency. Atomic-level analyses reveal a strong
correlation between force prediction accuracy and the local
density of intra-molecular neighboring atoms, indicating
systematically higher force errors for atoms situated in densely
coordinated environments. Such structural heterogeneity
requires advanced approaches capable of accurately capturing
subtle atomic-scale variations. To address this, atoms with large
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prediction errors were reassigned to distinct pseudo-element
labels, allowing descriptors to better capture their unique
chemical environments. This strategy overcomes a fundamental
limitation of conventional local-descriptor methods, which
typically assign a uniform descriptor to all atoms of a given
element, irrespective of significant variations in their local
chemical environments. With improved atomic force and total-
energy predictions, the proposed approach reliably reproduces
key structural and thermodynamic properties. Additionally, we
demonstrate the generality and broad applicability of the
element-relabeling strategy by validating its performance across
chemically and structurally diverse molecular systems. The
element-relabeled HDNNP substantially narrows the accuracy
gap with state-of-the-art graph-based models, while its simpler
architectural design facilitates superior parallelization and
enhanced computational scalability. Such computational effi-
ciency is particularly advantageous for accurately predicting
properties that necessitate extensive sampling over nanosecond
timescales and large molecular ensembles, exemplified by
calculations of the glass transition temperature.

Methods
Workflow for OLED HDNNP development

The construction of an HDNNP for OLED materials involves
several sequential steps. Fig. 1 provides a schematic overview of
the workflow, which includes the following key processes:

1. Enhanced sampling method: to efficiently explore
a diverse ensemble of condensed-phase configurations, replica
exchange molecular dynamics (REMD) simulations are per-
formed using the OPLS-AA classical force field.*®

2. Database selection: a representative subset of structures is
selected using the farthest point sampling (FPS) algorithm*? to
ensure configurational diversity while minimizing redundancy.

3. Ab initio molecular dynamics: short AIMD simulations (1
ps) based on density functional theory (DFT) are employed to
augment the dataset and mitigate limitations inherent to
configurations generated via classical MD force fields.

4. Reference forces and energies: for each configuration ob-
tained from AIMD simulations, the reference forces and ener-
gies are recomputed using a more rigorous computational
framework to ensure high-fidelity training data.

5. Neural network training: the neural network is trained to
reproduce the reference forces and energies using a composite
loss function that balances force and energy contributions.

6. Validation: finally, model accuracy and generalization are

evaluated against independent test sets and reference
Enhanced ab initio Reference Neural et
sampling Daltal:.ase molecular forces and network Validation
method 2 CCLON dynamics energies training
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Fig.1 Schematic workflow for constructing an HDNNP for OLED materials, comprising sampling, data selection, reference calculations, model

training, and validation.
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calculations to validate the predictive performance of the con-
structed HDNNP. To further assess possible train/test leakage
arising from short AIMD trajectories, we also examined
a trajectory-wise split in which paired endpoint configurations
from the same AIMD trajectory were always assigned to the
same subset.

Training data generation for OLED HDNNPs via REMD and
AIMD

The construction of a robust dataset is a fundamental step in
developing any machine learning model. However, collecting
training data for HDNNPs tailored to OLED molecules in the
condensed phase poses unique challenges. OLED molecules are
typically large, conjugated systems with many degrees of
freedom, enabling them to adopt a wide range of conforma-
tions. In the amorphous condensed phase characteristic of
OLED devices, this diversity is further amplified by intermo-
lecular interactions. As a result, the configuration space that
needs to be explored expands substantially, making it increas-
ingly difficult to generate a training dataset that captures all
relevant molecular conformations.

OLED material configurations are typically simulated using
molecular dynamics (MD), where atomistic interactions are rep-
resented through classical force fields. However, achieving high
accuracy with these force fields demands extensive
parameterization.>*** Even with careful parameterization, the
attainable accuracy is still constrained by the inherent limita-
tions of predefined functional forms such as bonds, angles, and
torsions. In contrast, AIMD computes forces and energies on-the-
fly without relying on predefined potentials, making it well suited
for systems with complex, dynamic interactions. While this
approach captures true physical behavior more accurately, it is
computationally intensive, with each ab initio calculation gener-
ating a single, often highly correlated data point that limits
sampling efficiency and introduces redundancy.

In this study, we employ methods from different theoretical
levels to construct a comprehensive dataset. First, we utilize REMD
using the classical OPLS-AA force field (with only atomic partial
charges reparameterized®) to broadly sample the configuration
space of OLED materials. Also known as parallel tempering,
REMD enhances phase-space sampling by enabling exchanges
between replicas simulated at different temperatures.*** In this
work, REMD simulations were conducted with LAMMPS (2 Aug
2023), and the corresponding initial molecular packings were
generated with Packmol (v20.14.2). For details on the REMD
methodology, refer to the Computational details section of the SI.

To assess the difference in sampling regions explored by
regular MD and REMD, we projected the resulting structures
into a low-dimensional space. The low-dimensional map
provides a visually interpretable representation, simplifying the
identification of a diverse set of structures.*"**** This approach
provides an efficient way for conducting comparative analysis.
Each structure is encoded by a vector of atom-centered
symmetry functions (ACSF), and a two-dimensional projection
of the data was obtained through principal component analysis
(PCA) implemented using the ASAP48 code. As shown in Fig. 2a,
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Fig.2 PCA projections of MD simulation structures, where each point
represents the averaged ACSF descriptor of a training set structure. (a)
Configuration space comparison between REMD and regular MD
simulations at 300 K. (b) REMD simulation structures obtained at
temperatures ranging from 300 to 1468 K and densities of 1.1, 1.2, and
1.3 g cm~>. Parenthetical values indicate densities at 300 K, with
12 g cm™ used as default when unspecified. Black dots indicate
configurations selected using the FPS algorithm.

REMD samples a significantly broader conformational space
than regular MD. Moreover, the dihedral angle distributions of
a representative OLED molecule, Bathocuproine (BCP), further
confirm this enhanced diversity (Fig. S1). Fig. 2b illustrates that
REMD explores a broader range of structural variations across
diverse thermodynamic states. To minimize structural redun-
dancy, we employ the FPS algorithm* to select a representative
subset of 1000 snapshots from a pool of 3500 initial configu-
rations. Fig. S2 presents the number of snapshots selected by
FPS under various temperature and density conditions.

Due to the high degrees of freedom in large OLED molecules,
traditional force field parameter fitting becomes increasingly
challenging. To overcome potential deficiencies in the dataset
obtained from classical MD, we performed short AIMD simu-
lations (1 ps) for each selected snapshot CP2K (v9.1). These
AIMD runs capture a broad range of energy distributions during
equilibration (Fig. S3) and yield diverse geometric structures,
which together enrich the structural diversity of the dataset
(Fig. S4). The use of structures obtained from REMD enables the
parallel execution of AIMD simulations, with simulation
temperatures naturally determined by the REMD protocol.
However, due to the high computational cost of performing
AIMD on all 1000 selected structures, we adopted a cost-
effective strategy: after a 1 ps AIMD run, the reference ener-
gies and forces were recalculated for the initial and final

© 2026 The Author(s). Published by the Royal Society of Chemistry
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snapshots of each trajectory using a more rigorous computa-
tional setup. Because both endpoint structures from each short
AIMD trajectory were incorporated into the reference dataset,
we additionally examined whether a configuration-level random
split could introduce train/test correlation. To address this
possibility, we performed an additional trajectory-wise split in
which the paired initial and final configurations from each
AIMD trajectory were always assigned to the same subset. The
resulting force and energy prediction errors were comparable to
those obtained from repeated random splits (Fig. S7), indi-
cating that the reported model performance is not driven by
inadvertent separation of paired AIMD endpoint structures
across the training and test sets. The use of approximately 1 ps-
scale structure saving is also consistent with prior dataset-
generation practice; for example, Williams et al. reported
sampling structures every 1 ps for reference-dataset construc-
tion and noted that longer MD trajectories help reduce
temporal correlation between sampled structures.* Further
details regarding the AIMD simulations, recalculation proce-
dure, and split validation are provided in the Computational
Details section of the SI

Behler-Parrinello symmetry functions

We employed the HDNNP framework, originally introduced by
Behler and Parrinello.*® This section provides a concise overview
of the functional forms and parameterization of the two
primary families of ACSFs employed in this study. Further
details regarding the construction and theoretical background
of ACSFs are available in previous literature.’*** Within this
framework, the total energy of a system is expressed as the sum
of atomic contributions:
N
E=) E(G)

J=1

where N is the number of atoms and G, is the descriptor that
characterizes the local environment of atom j. ACSFs, which are
rotationally, translationally, and permutationally invariant,
serve as local structural descriptors for the input layer of the
HDNNP. In this study, both radial (G;2) and angular (G;3) ACSFs
were employed, defined as follows:

G2 =S e R 1 (Ry)

VEall

G} = 217:2(1 + 2 cos 0ij_k)Ce—n(Rl,-2+R,,(z+R]kz)ﬁ (Rij) (R C(Rj/c)

Jk#i

where R;; is the distance between atoms 7 and j, and 6, is the angle
formed by atoms i, j, and k with i as the vertex. The shape of the
radial symmetry functions is controlled by the parameters 1 and
R, whereas the angular symmetry functions depend on 7, £, and A.
A cutoff function f.(R;), defined with a cutoff radius R. is given by

R

tanh’ (1 - ﬁ)’ (R;=R.)

fo(Ry) =
0, (R; > R.)

© 2026 The Author(s). Published by the Royal Society of Chemistry
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An initial pool of 138 ACSFs was generated per element. A
subset of ACSFs was selected to optimally represent the diverse
atomic environments encountered in the training dataset.
Specifically, 113, 111, and 79 functions were selected for
hydrogen, carbon, and nitrogen atoms, respectively. Further
details on symmetry function selection are provided in the
Computational Details section of the SI. A cutoff radius of 12
Bohr (6.35 A) was applied to define the local atomic
environment.

Results and discussion

Force prediction error evaluation at the atomic level in
HDNNPs

Neural network parameters were optimized using the n2p2
package (v2.2.0)** to accurately reproduce reference forces and
energies. Further details regarding the neural network training
protocol are presented in the Computational Details section of
the SI. Throughout this study, an ensemble of four HDNNP
models with distinct random seeds was employed to ensure
robustness and reduce variance in predictions for the OLED
system.

Due to their larger size compared to typical organic mole-
cules, OLED molecules frequently contain atoms of the same
element occupying distinctly different local atomic environ-
ments. The structural heterogeneity inherent to OLED systems
presents challenges for HDNNPs based on local descriptors.
Accordingly, force predictions were used to assess atomic-level
accuracy rather than global accuracy. Analysis of force errors
at the individual-atom level provides detailed insight into the
capability of the HDNNP to capture subtle variations in forces
across diverse atomic environments. This type of analysis helps
pinpoint where the HDNNP systematically underperforms,
thereby enabling targeted refinements. Fig. 3 shows the distri-
bution of per-atom force root mean square errors (RMSEs)
within the carbon framework of a BCP molecule. The per-atom
force RMSE distribution spans a broad range (99-160 meV A™1),
reflecting pronounced site-to-site heterogeneity. Our analysis
reveals that carbon atoms located in sterically congested
regions, such as the central rings of the polyaromatic core,
exhibit markedly higher force RMSEs. Conversely, terminal or
peripheral atoms situated within sparsely populated environ-
ments exhibit comparatively modest errors. In a recent study,>
specific atomic environments were found to exhibit signifi-
cantly elevated force errors. Notably, this heterogeneity was
consistently observed across multiple MLIP frameworks, irre-
spective of whether the underlying models employed kernel-
based methods or neural networks.

Local structure-error correlation in OLED molecules

The present analysis examines the correlation between force
RMSE and the number of atoms within a defined cutoff sphere
(Fig. 4a). This correlation analysis aims to uncover the under-
lying factors responsible for the observed variations in force
RMSE distributions. At a 3 A cutoff radius, RMSE values
increase monotonically with the number of neighboring atoms
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http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5dd00579e

Open Access Article. Published on 22 March 2026. Downloaded on 6/14/2026 5:05:31 PM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Digital Discovery

H
@C
ON
(b) 150
e ® p
| & @ 140 o
131 138 138 132 g
e &0 130 &
1’52 125 122 .5%.21 120 '§‘
120 122 - ‘2
@2 =
o?’ (e 110 >
100

Fig. 3 (a) Chemical structure of the BCP molecule. (b) Spatial distri-
bution of per-atom force RMSEs for carbon atoms. Nitrogen and
hydrogen atoms are shown in gray for clarity.

for both carbon and hydrogen atoms (Fig. 4b), suggesting
a strong positive correlation between local atomic density and
force prediction error. This observation reveals that local
structural complexity, as measured by neighbor density, is a key
factor in force prediction errors, with highly coordinated atomic
sites exhibiting higher RMSE values. To quantify this
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Fig.4 (a) Schematic illustration of the BCP molecule highlighting local
atomic environments defined by cutoff spheres. (b) Correlation
between the number of neighboring atoms within a 3 A cutoff sphere
(x-axis) and the force RMSE (y-axis) for carbon and hydrogen atoms. (c)
Pearson correlation coefficient between the number of atoms within
the cutoff sphere and the force RMSE for carbon atoms as a function of
cutoff distance. “Total atoms” refers to the combined intra- and inter-
molecular contributions. (d) Percentage of intramolecular and inter-
molecular atoms among total atoms within the cutoff sphere for
carbon atoms, as a function of cutoff distance.
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relationship more systematically, Pearson correlation coeffi-
cients were computed as a function of cutoff distance, with
specific focus on carbon atoms (Fig. 4c). In this analysis, atoms
within each cutoff sphere were classified into two distinct
groups: intramolecular atoms (belonging to the same molecule)
and total atoms (including both intra- and intermolecular
neighbors). This classification enables a more detailed assess-
ment of how each neighbor group contributes to force predic-
tion accuracy. As shown in Fig. 4c¢, both correlation curves reach
their maximum near 3 A, indicating that short-range neigh-
borhoods are most informative for predicting force errors.
Notably, intramolecular neighbor density exhibits a consis-
tently stronger correlation with force errors compared to the
total atomic density within the same cutoff radius. This stronger
correlation observed for intramolecular neighbors likely results
from inherently stronger covalent interactions compared to
weaker intermolecular forces. These findings imply that, even in
the condensed phase, force-prediction heterogeneity is
primarily determined by the intrinsic complexity of molecular
structure. These observations further suggest that simple
structural descriptors, such as intramolecular coordination
number or local neighbor density, may serve as practical
predictive criteria for identifying candidate atoms for relabel-
ing. In this study, however, we retained the diagnostic error-
based procedure, as it directly identifies the atomic environ-
ments associated with the largest residual errors in the baseline
model and thus provides the most conservative basis for atom
selection. Fig. 4d presents the relative proportions of intra- and
intermolecular neighbors as a function of cutoff distance,
revealing the expected decay of intramolecular influence at
longer distances.

Element relabelling for capturing structural complexity in
HDNNPs

Addressing the structural-complexity-driven heterogeneity in
force-prediction errors requires descriptors that accurately
capture subtle variations within local atomic environments.
However, modifying the descriptor architecture on a per-atom
basis is infeasible, as the standard neural network imposes
a fixed functional form and uniform parameterization across all
atoms of a given element. Although each descriptor value
changes with geometry, the use of a fixed functional form may
inadequately represent the diversity of local atomic environ-
ments. A straightforward yet effective approach is to reclassify
as a pseudo-element “X,” thereby enabling the design of
descriptors that capture environment-specific features. As
illustrated in Fig. 5, relabeling specific carbon atoms as pseudo-
element X requires modifications to their symmetry function
vectors and corresponding atomic neural network parameters.
Specifically, introducing pseudo-element X requires defining an
additional atomic neural network and constructing symmetry
functions to explicitly encode interactions between X and
hydrogen, carbon, and nitrogen atoms. In practice, this
approach involves simply relabeling selected atoms in the
dataset by changing their elemental labels in the position and
force datasets and incorporating the newly defined symmetry

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 5 Schematic representation of the modifications in symmetry
function vectors and the corresponding atomic neural networks (NNs)
following the relabeling of carbon atoms as the pseudo-element "X".
For clarity, only two representative components of the radial symmetry
function vector are shown in the schematic; angular symmetry func-
tion components (typically three per triplet interaction) are omitted for
simplicity.

functions. This method was applied to the ten carbon atoms
within the BCP molecule that exhibited the highest force RMSE
values. These atoms are characterized by a high density of
intramolecular neighbors and a lack of covalent bonds to
hydrogen (Fig. 3b), representing structurally challenging envi-
ronments for force prediction. Here, the pseudo-element X is
not intended to represent a new chemical species, but rather
a label for a distinct local-environment class among atoms that
remain chemically carbon. This relabeling therefore provides
a separate descriptor-to-network mapping for these crowded
carbon environments, rather than forcing all carbon atoms into
a single shared representation. Initially, standard sets of
symmetry functions were utilized for each relevant elemental
interaction. To mitigate the combinatorial increase in feature
dimensionality resulting from additional element types,
symmetry functions exhibiting negligible variability across the
dataset were eliminated. Specifically, symmetry functions with
dataset ranges (maximum-minimum values) below 0.01 were
discarded. Further methodological details are provided in the
Computational Details section of the SI.

Data-driven element-relabeling improves HDNNP accuracy

Fig. 6 shows that element relabeling markedly improves atomic
force predictions: the mean force RMSE for carbon reduced
from 129.5 to 98.0 meV A~!, while its standard deviation
reduced from 33.5 to 23.4 meV A~". The reduction in RMSE
variability reflects decreased heterogeneity in force predictions,
indicating that the element-relabeled HDNNP attains more
uniform accuracy across chemically diverse atomic environ-
ments. Such improved uniformity is essential for ensuring
energy conservation and maintaining stability in long-timescale
MD simulations. These gains are transferable, lowering the
mean force RMSE for hydrogen (69.3 — 53.7 meV A™) and
nitrogen (137.4 — 97.0 meV A™') even though only carbon
atoms were relabeled. This transferability arises because
relabeling carbon atoms as the pseudo-element X modifies not
only the descriptors of the relabeled sites themselves, but also
those of neighboring atoms through the introduction of X-

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig.6 Individual atomic force RMSE variations before and after carbon
relabeling with pseudo-element 'X'. Initial RMSE values, arranged by
magnitude, are depicted using bar colors corresponding to the stan-
dard atomic colors for carbon, nitrogen, and hydrogen, while dark-
colored bars represent the RMSE values after relabeling. In the upper
panel, a dashed line separates the atoms; those to the left of the line
correspond to sites where carbon was relabeled as 'X'.

containing interaction channels in the ACSF representation.
Consequently, hydrogen and nitrogen atoms located near rela-
beled carbon sites are described by more environment-specific
descriptors, and this improved local representation is further
reflected in the force predictions because atomic forces are
obtained as derivatives of the total HDNNP energy. Because the
HDNNP represents the total potential energy as an explicit sum
of atom-centered contributions, improvements in per-atom
force predictions naturally propagate to the global scale.
Accordingly, the total energy RMSE decreased from 419.5 to
293.6 meV, confirming that the relabeled model yields more
accurate and internally consistent energetics. This targeted,
data-driven relabeling strategy, guided by atomic-level force-
error analysis, proved more effective than conventional
heuristic approaches, such as differentiation based on hybrid-
ization states (e.g., sp” vs. sp°), typically employed in force-field
parameterizations (Fig. S5). These results underscore the
advantages of employing data-driven, error-based strategies to
systematically enhance the predictive accuracy of HDNNPs.

Validation beyond force and energy: RDF and PMF
comparisons

While improvements in atomic force and total-energy predic-
tions are beneficial, such refinements alone may not ensure
overall fidelity in MD simulations. Thus, rigorous validation of
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Fig. 7 RDFs and PMFs obtained from MD trajectories using the
baseline HDNNP (left) and the element-relabeled HDNNP (right). For
quantitative assessment, these properties were converted to numer-
ical scores using established difference metrics (see ref. 46 for details).
The resulting evaluation scores are shown in the figure for direct
comparison.

MLIPs should extend beyond force and energy accuracy to
include their ability to accurately reproduce physically relevant
simulation observables.**** Such comprehensive validation
requires assessing the accuracy of simulation observables pre-
dicted by HDNNPs with respect to AIMD reference data. To this
end, we conducted a comparative analysis of structural and
thermodynamic properties derived from 60 ps trajectories
generated by AIMD, baseline HDNNP, and element-relabeled
HDNNP. Specifically, we employed a quantitative evaluation
framework that measures deviations from AIMD reference
trajectories using percentage-based accuracy metrics.*® Struc-
tural accuracy was evaluated by computing radial distribution
functions (RDFs) with respect to the OLED molecule's center of
mass, while molecular flexibility was characterized through
potentials of mean force (PMFs) as a function of the dihedral
angle ¢. The results of these validation analyses are summa-
rized in Fig. 7. Our analysis demonstrates that the element-
relabeling strategy enhances the reproduction of key
simulation-derived properties, such as RDFs and PMFs, in
addition to improving the accuracy of both atomic force and
total energy predictions.

Application to other systems

To evaluate the transferability and robustness of the element-
relabeling strategy, we applied it to two chemically and struc-
turally distinct systems: aspirin (MD17 dataset®”) and double-
walled carbon nanotube (MD22 dataset®). This extension
demonstrates that our approach is not limited to specific
molecular structures but can be generalized across diverse
chemical environments and molecular systems. The accuracy
improvements for these two systems are presented in Fig. 8. To
benchmark our approach against graph-based models, all
prediction errors were recalculated in terms of mean absolute
error (MAE) for direct comparison with EGraFFBench results.>
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Fig. 8 (a) Spatial distribution of per-atom force MAEs for carbon
atoms in aspirin. Oxygen and hydrogen atoms are shown in gray for
clarity. (b) Schematic illustration depicting the relabeling of three
carbon atoms with high MAEs as the pseudo-element 'X'. (c) Individual
atomic force MAE before and after relabeling selected carbon atoms
as pseudo-element 'X'. Initial MAE values, arranged by magnitude, are
depicted using bar colors corresponding to the standard atomic
colors, while dark-colored bars represent the MAE values after relab-
eling. (d) Spatial distribution of per-atom force MAEs for carbon atoms
in a double-walled nanotube with hydrogen atoms depicted in gray for
clarity. (e) Schematic illustration depicting the relabeling of carbon
atoms in the outer nanotube as the pseudo-element X' (f) Individual
atomic force MAE before and after relabeling outer-shell carbon
atoms as pseudo-element X'. Initial MAE values, arranged by magni-
tude, are depicted using bar colors corresponding to the standard
atomic colors, while dark-colored bars represent the MAE values after
relabeling.

For aspirin, the baseline HDNNP yielded energy and force MAEs
of 12.31 meV and 31.45 meV A™*, respectively. Analysis of the
force error distribution identified the three carbon atoms with
high MAEs, which were subsequently relabeled. Application of
the element-relabeling strategy lowered the MAEs, 12.31 — 6.61
meV for energy and 31.45 — 19.79 meV A™* for force. When

© 2026 The Author(s). Published by the Royal Society of Chemistry
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compared with the median error values of eight equivariant
GNNs in EGraFFBench (7.4 meV and 13.95 meV A~ respec-
tively®®), the relabeled HDNNP achieved comparable accuracy,
indicating that element relabeling markedly enhances the
performance of conventional HDNNPs and narrows the
performance gap relative to state-of-the-art GNNs (Table 1).
Similarly, for the double-walled carbon nanotube, energy and
force MAEs were reduced from 146.0 meV and 88.93 meV A™* to
113.5 meV and 61.76 meV A™*, respectively, although a different
strategy was used. We first confirmed that a force-error-based
selection also reduces the error in the nanotube system, indi-
cating that it provides a consistent and effective starting crite-
rion across the systems examined here. However, for the highly
symmetric DWCNT system, relabeling the carbon atoms in the
outer shell proved even more effective, as it provides a cleaner
structural partition of distinct local environments (see Fig. S8).
The consistent accuracy improvements observed across chem-
ically and structurally diverse systems indicate that the element-
relabeling strategy offers a generalizable framework for
systematically improving the performance of local-descriptor-
based HDNNPs.

Local descriptors vs. graph-based models: trade-offs in
accuracy and efficiency

Graph-based MLIPs achieve remarkable accuracy by explicitly
propagating information across neighboring atomic environ-
ments.> However, this often entails computational overhead
from message passing®**” and from equivariant tensor-product
contractions.”®* Message-passing architectures employing
angular/triplet interactions (e.g., DimeNet* and GemNet27)
scale nearly quadratically with the number of neighbors, since
each central atom forms k(k — 1)/2 triplets, yielding an overall
O(NK?*) complexity (N: total atoms; k: average neighbors within
cutoff r..) that limits their applicability to large condensed-
phase systems. Although Allegro reduces some overhead by
enforcing strict cutoffs and eliminating explicit message
passing, it remains substantially slower than descriptor-based
HDNNPs on equivalent CPU hardware.**?®

In contrast, the local descriptor-based HDNNP is inherently
more computationally efficient. By leveraging ACSFs, the
framework enables efficient parallelization and exhibits near-
linear scaling with system size, facilitating simulations at the
nanosecond timescale or at the billion-atom scale.®*** The
present element-relabeling strategy should be situated within
this local-descriptor paradigm rather than among hybrid or
equivariant architectures. Specifically, it does not introduce
message passing or equivariant tensor operations, but instead
increases representational flexibility at the descriptor level by
assigning distinct pseudo-element labels to atoms associated
with systematically underrepresented local environments. In
this sense, the method may be viewed as a descriptor-level
refinement of the HDNNP framework that improves the reso-
lution of local structural heterogeneity while retaining the
practical efficiency advantages of descriptor-based models. We
further mitigated ACSF combinatorial growth by eliminating
symmetry functions with negligible variability and retaining
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informative descriptors. Our approach reduces the accuracy gap
with state-of-the-art graph-based models while maintaining
high computational efficiency, which is particularly advanta-
geous for simulations over extended timescales and large
system sizes. To make this point more explicit, we summarize
the descriptor growth and the effect of pruning in Table S3 of
the SI; in the present case, the total number of symmetry
functions increases from 414 to 928 upon introducing X, but
pruning reduces this to 619, indicating that a substantial frac-
tion of the formally introduced channels is not informative in
practice. At the same time, this mitigation does not remove the
intrinsic combinatorial growth of ACSF-based descriptors.

Leveraging the efficiency of local descriptors for large-scale
molecular simulations

To evaluate the practicality and scalability of the element-
relabeling HDNNP in OLED applications, we applied it to
predict the glass transition temperature (T,). Predicting T, of
amorphous OLED materials represents a demanding task,
requiring nanosecond-scale sampling and extensive molecular
ensembles. Previous studies have primarily relied on classical
MD simulations to meet these computational demands.>** The
present approach aims to deliver DFT-level accuracy by
leveraging the computational efficiency of HDNNPs. The initial
dataset consisted exclusively of high-density configurations
(1.1, 1.2, and 1.3 g cm™?). To broaden configurational diversity
required for T, prediction, additional low-density (0.7 and
0.9 g cm %) and high-temperature (825 and 1202 K) structures
were incorporated. Each density-temperature combination
contributed 100 structural snapshots, resulting in a total of 400
configurations. Glass transition temperatures were predicted
using the computational protocol established by Lin et al.®> The
simulation protocol began with classical equilibration of 128
BCP molecules (6144 atoms), followed by a 2.5 ns NPT equili-
bration at 800 K and 1 atm performed using the element-
relabeled HDNNP. The equilibrated system was subsequently
subjected to linear cooling from 800 K to 0 K at a rate of 50 K
ns~ ', during which density and temperature were continuously
recorded. To ensure robust T, estimation, linear regressions
were performed on density-temperature data across three
temperature intervals (200, 250, and 300 K). Despite
pronounced density fluctuations attributable to the small
system size (128 molecules), high coefficients of determination
(R* > 0.9) confirmed the robustness of the linear regressions
within the selected temperature intervals (Fig. S6). Although the
estimated glass transition temperatures varied slightly
depending on the regression interval (200, 250, and 300 K), the
overall trends remained consistent. The resulting 7, values were
116.6 + 12.7 °C for HDNNP-MD and 152.3 + 7.2 °C for classical
MD, reported as the mean and standard deviation of estimates
obtained from three distinct temperature intervals (200, 250,
and 300 K). The T, predicted by HDNNP-MD showed closer
agreement with the experimental value (89 °C),** indicating
improved accuracy over classical force fields. Throughout the
cooling process, HDNNP-MD trajectories consistently exhibited
higher bulk densities by 0.02 to 0.25 g cm > than those obtained
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Fig. 9 Density—temperature plots obtained from the OPLS-AA force
field and the element-relabeled HDNNP, shown on the top and
bottom panels, respectively. Blue data points indicate instantaneous
values of bulk density obtained during linearly controlled cooling
simulations. Colored solid lines denote linear least-squares fits applied
within distinct temperature windows (200 K, 250 K, and 300 K). The
intersection of linear regressions in the high- and low-temperature
regimes defines the glass transition temperature for each simulation
method.

from classical MD simulations. The higher densities observed
in HDNNP-MD trajectories suggest tighter molecular packing
relative to classical MD. One possible contributor is differences
in the treatment of short-range exchange (Pauli) repulsion:
HDNNP inherits this from the underlying electronic-structure
data, whereas many classical force fields rely on Lennard-
Jones-type repulsion, whose short-range behavior can be inad-
equate for some systems.* These findings demonstrate that the
element-relabeled HDNNP can be effectively utilized for pre-
dicting properties derived from large-scale MD simulations,
with improved accuracy over classical potentials (Fig. 9).

Conclusions

In this study, we presented a HDNNP framework specifically
designed to address the computational challenges associated
with structurally complex OLED systems. Atomic force analysis

© 2026 The Author(s). Published by the Royal Society of Chemistry
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reveals that force errors are strongly correlated with intra-
molecular neighbor density, increasing consistently with higher
coordination numbers. These insights motivated us to imple-
ment an element-relabeling strategy, relabeling high-error
atoms as pseudo-elements to provide environment-specific
descriptors. The accuracy of the HDNNP was improved using
an element-relabeling strategy designed to overcome the limi-
tations inherent to single-descriptor approaches when applied
to diverse local environments. Relative to conventional
approaches, the developed HDNNP framework demonstrated
superior accuracy in predicting atomic forces and total-energy
and in reproducing essential structural and thermodynamic
characteristics of OLED materials. Application across chemi-
cally and structurally diverse systems confirmed the generality
of the proposed framework. This strategy preserves the
computational efficiency of HDNNPs while achieving accuracy
comparable to graph-based MLIPs, enabling large-scale mate-
rials simulations such as glass transition temperature predic-
tion. This represents a significant advancement in the modeling
of OLED materials. Nonetheless, one important limitation
should be noted. Although descriptor pruning substantially
reduces the number of formally introduced symmetry func-
tions, the present approach does not eliminate the intrinsic
combinatorial growth of ACSF-based descriptors. As additional
relabeled classes and elemental species are introduced, the
resulting increase in descriptor dimensionality, memory
demand, and training cost will become increasingly significant.
The method is therefore best regarded as a targeted and prac-
tically useful refinement strategy when only a limited number of
distinct environment classes require separate treatment.
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