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Generalization of Long-Range Machine Learning Poten-
tials in Complex Chemical Spaces

Michat Sanocki,* and Julija Zavadlav * ¢

The vastness of chemical space makes generalization a central challenge in the development of
machine learning interatomic potentials (MLIPs). While MLIPs could enable large-scale atomistic
simulations with near-quantum accuracy, their usefulness is often limited by poor transferability
to out-of-distribution samples. Here, we systematically evaluate different MLIP architectures with
long-range corrections across diverse chemical spaces and show that such schemes are essential, not
only for improving in-distribution performance but, more importantly, for enabling significant gains
in transferability to unseen regions of chemical space. To enable a more rigorous benchmarking,
we introduce biased train—test splitting strategies, which explicitly test the model performance in
significantly different regions of chemical space. Together, our findings highlight the importance
of long-range modeling for achieving generalizable MLIPs and provide a framework for diagnosing
systematic failures across chemical space. While this study focuses on metal-organic frameworks and
related systems, the proposed methodology is not limited to this class of materials and may inform
the design of more robust and transferable MLIPs in other systems."

Introduction

One of the largest issues in data-driven chemical modeling is the
generalizability of the developed methods over the vast chemical
spaced™3. In fact, even the chemical space of only small organic
molecules has been estimated to encapsulate around 10% possi-
bilities®. This challenge is not limited to computational methods,
as experimental methods also struggle with the sheer enormity
of the possible molecular space™. Paradoxically, the difficulty in
exploring chemical space has often been the reason for adopting
data-driven approaches@m. Navigating such a vast chemical space
poses a fundamental challenge for predictive modeling: no mat-
ter how large a dataset is, it will inevitably cover only a minute
fraction of possible chemistries. As a result, the core problem
for universal models is not whether they can interpolate within
known regions of chemical space, but whether they can general-
iZze to unseen regions.

This is especially problematic for the development of machine
learning interatomic potentials (MLIPs), which have become in-
creasingly popular in recent years due to their ability to deliver
near-DFT accuracy at a fraction of the computational cost®, en-
abling simulations of larger systems and longer timescales that
would otherwise be unfeasible?10, The increasing popularity of
MLIPs has also led to a surge in new architectures, with graph
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neural networks (GNN) emerging as a particularly promising
approach®™. Further advances, such as equivariant GNNs (en-
suring the preservation of physical symmetries) and message-
passing, have significantly improved the viability of these mod-
els12. This has made MLIPs a practical alternative to both classi-
cal force fields and quantum methods. However, their usefulness
is ultimately constrained by the issue of generalization to out-of-
distribution samples®3. This limitation arises from not only the
vastness of chemical space but also the conformational diversity
of individual molecules. At the same time, there has been a grow-
ing interest in developing universal or foundational MLIPs1417,
This trend is motivated by the desire to cover broader regions of
chemical space with a single model, making generalizability even
more important.

Achieving a truly generalizable MLIP would require capturing
different types of interactions without overestimating any single
one. Typically the total energy of a system is decomposed into
Egg (short-range) and Ejr (long-range) contributions:

Eiotal = EsRr + ELR- €Y)

Due to computational constraints, MLIPs can only access interac-
tions within a finite effective cut-off radius. Thus, they are likely
to overestimate short-range interactions to compensate for the
missing or incorrectly modeled long-range contributions, espe-
cially in strictly local models such as Allegro2, which only ex-
change information within a short cut-offi¥ (see Figure . This
would suggest that such models may overfit to the training data,
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Fig. 1 Difference between strictly local, message passing, and long-range methods in MLIPs. We refer to the cutoff extended by message passing
layers as the effective cutoff to differentiate it from the cutoff present in strictly local models.

thereby reducing their generalizability.

The issues with strictly local cutoffs can also be partially offset
by message-passing neural networks (MPNNSs), which gained sig-
nificant popularity partially due to their longer effective receptive
fields. However, they face challenges related to parallelization
and scalability®, particularly in the context of molecular dynam-
ics simulations of large systems, due to the growth of their re-
ceptive fields'?, bottlenecks in per-layer communication'®, and
layer-wise synchronization barriers1?. These limitations have mo-
tivated the development of strictly local models, which are well
suited for incorporating long-range correction schemes due to
their lower computational cost'!. Additionally, increasing the
number of propagation layers beyond a certain point leads to di-
minishing returns and eventually feature collapse’2?. We hypothe-
size that separate modeling of short- and long-range energy con-
tributions may improve performance by encouraging more bal-
anced representations of both interaction types. While such sep-
aration does not by itself guarantee improved generalization, it
may mitigate overfitting arising from compensatory adjustments
within the short-range component.

Recently, many different approaches to long-range modeling
have been proposed with solutions ranging from charge equi-
libration schemes?1723 to charge-independent methods such as
self-consistent neural networks?%, reciprocal space transforma-
tions22, Gaussian multipliers2®, attention-based architectures27,
and methods based on Ewald summation8, It is worth noting
that, despite their proven viability, many foundational models do
not incorporate long-range schemes1>22 which may explain why
they often struggle to predict experimental measurements=2,

The challenges with chemical diversity and long-range effect
modeling outlined above are particularly pronounced in the con-
text of metal-organic frameworks (MOFs). As their modular ar-
chitecture allows for precise control over porosity, surface area,
and chemical functionality, making them highly tunable for a
wide range of applications, including gas storage, catalysis, sep-
arations, and sensing®132, Unlike traditional porous materials
such as zeolites, MOFs offer exceptional structural diversity; tens
of thousands of variants have already been synthesized 3, and
computational design opens the door to virtually limitless hypo-
thetical structures®#32, This vast chemical and configurational

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

space makes it essentially impossible to identify optimal materials
for specific applications through empirical methods alone=0-38,
Computational methods are therefore essential to accelerate MOF
discovery and to probe their behavior under working conditions,
using methods such as classical MD=2, DFT#Y, and grand canoni-

cal Monte Carlo4i42,

However, classical modeling techniques face several limitations
in their applicability to MOF modeling, as they face trade-offs
between accuracy and computational efficiency, making accurate
large-scale MOF simulations unfeasible®843, Therefore, MOFs
present an ideal application for MLIPs, as classical force fields of-
ten lack the accuracy required to capture the complex interactions
and are very difficult to parameterize, while DFT is too computa-
tionally expensive to model structures with large unit cells and
at longer time scales? 1944 thus making MLIPs a perfect candi-
date for large scale MOF simulations. As a result, a wide range of
studies have employed MLIPs to investigate the chemical and me-
chanical properties of MOFs 24345548l However, two issues limit
the usefulness of MLIPs. First, they often struggle to generalize to
out-of-distribution samples, which confines their applicability to
a narrow region of chemical space'l. Second, long-range effects
and electrostatics, which are particularly challenging to model
for MLIPs1®, can significantly affect MOF behavior#220, Addi-
tionally, foundational models also struggle with modeling MOFs,
often failing to outperform simple classical force fields>L, suggest-
ing that large training sets might not be enough to achieve truly
universal MLIPs. All of these factors make MOFs an ideal tar-
get for our study, as they are highly relevant to experimental and
computational chemists, have been previously investigated using
MLIPs, and exhibit a vast and complex chemical space, provid-
ing an ideal test case for evaluating model generalizability across
chemical space.

In this work, we test the generalizability of three widely
used baseline architectures: DimeNet++22, MACE®3, and Alle-
gro12, on diverse chemical spaces defined by subsets of QMOF=4,
ODAC2524, and OMOL2522 datasets. We perform a direct com-
parison of different long-range correction schemes; thus, we test
two recently introduced frameworks in combination with differ-
ent baseline models: the Charge Equilibration Layer for Long-
range Interactions (CELLI), recently introduced by the authors>,
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and Euclidean Fast Attention (EFA)2Z. We show that such cor-
rections not only allow cheaper models to achieve state-of-the-
art accuracy but are also essential for improving generalizabil-
ity across chemical space, even in MPNNs. Unlike most prior
works=027 which have mainly focused on conformational gen-
eralization, we center our analysis on chemical diversity. Fur-
thermore, we demonstrate that partial charges cannot be inferred
without training on reference partial charge labels in the case of
challenging datasets such as the ones tested in this work. This
is also the case for the Latent Ewald Summation (LES)2® frame-
work, which recently claimed the opposite2858-60, I these chal-
lenging environments, models trained with CELLI based on refer-
ence charges consistently produce physically meaningful results,
highlighting that leveraging accurate charge information remains
critical for developing truly generalizable long-range MLIPs.

Methods

Experiment Design

To evaluate generalizability, we use three datasets: QMOF34,
ODAC25°%, and a metal-complex subsplit of OMOL25°2, The
QMOF dataset contains MOFs with up to 500 atoms per unit cell
in their ground state, which is particularly suitable here since our
focus is on generalizability across chemical space. By contrast,
ODAC25 and OMOL25 include non-ground-state structures. To
ensure methodological consistency, maintain acceptable compu-
tational cost for training a large number of MLIPs, and focus on
chemical space generalization, we constructed subsplits contain-
ing only the lowest-energy molecules. Although OMOL25 does
not include MOF structures but only metal-organic complexes, we
incorporated it due to the lack of alternative MOF datasets. To our
knowledge, OMOL25 also lacks ground-state structures, so we se-
lected the lowest-energy conformer for each molecule (see Sup-
porting Information section 2 for details on subsplit construction).
Likewise, for ODAC25, we used up to the 10 lowest-energy con-
formations per molecule, otherwise, the resulting subsets would
be too small to train or evaluate models reliably. The resulting
subsets comprise 76,525 unique molecules from OMOL25 (up to
350 atoms), 20869 MOFs from ODAC25 (up to 616 atoms), and
the full QMOF dataset with 20,407 MOFs (up to 500 atoms).

To evaluate how well different MLIPs generalize to out-of-
distribution samples, we consider four evaluation strategies.
First, we use a previously introduced method, where the model
is trained on a subset of structures with 100 or fewer atoms
and then tested on a subset of larger molecules*?. Since larger
molecules are likely to be significantly different from those in
the smaller subset. Secondly, we introduce two additional biased
train-test split methods: cluster and maximal separation, to sys-
tematically investigate differences in model generalization to un-
seen regions of chemical space. Lastly, a regular random split was
used as a comparison to biased split methods.

To create our biased split methods, we employ SOAP (Smooth
Overlap of Atomic Positions) descriptors®, which combine ra-
dial and angular information into rotationally invariant atomic
features. First, we calculate SOAP descriptors of each atom
and average them to create a global similarity measure®®2, Un-
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fortunately, this vector is uninterpretable; however, it allows
us to define an architecture-independent descriptor space for
molecules, enabling the investigation of MLIP’s performance in
out-of-distribution samples. The SOAP average similarity ker-
nel has also been previously utilized by Rosen et al.| on the
QMOF dataset to identify local trends in feature space and for
band gap predictions, achieving good results®% and demonstrat-
ing SOAP’s ability to produce a meaningful representation of the
MOF’s atomic environment.

The cluster method groups molecules into structurally similar
clusters using K-Means clustering on their SOAP descriptors. A
subset of clusters is then randomly selected for the training set,
while the remainder forms the test set. This enforces a structural
distinction between splits.

The maximal separation method computes pairwise cosine
similarities between descriptor vectors A and B
A-B
Similarity(A,B) = ———. 2
) AT
Starting with a random training data sample, the maximal sep-
aration method iteratively adds a candidate to the test dataset.
The selected candidate A has minimal similarity to training data
samples B

A=arg  min ( max Simﬂarity(A,B)) . 3)

AcRemaining \ BeTrain

The proposed biased split methods evaluate distinct aspects of
generalizability: the small-large split assesses performance on
cells of varying sizes; the maximal separation method measures
performance on a subset maximally different from the training set
to stress-test MLIP; and the cluster method examines generaliza-
tion to distinct structural families by partitioning chemical space
into structurally coherent clusters. This addresses a critical lim-
itation of MLIPs: available datasets likely under-sample the vast
chemical space, creating biases that may lead to overoptimistic
performance evaluation and, as a result, limit their applicability
to only its narrow part.

To ensure a sufficiently large test set for meaningful general-
izability analysis, we allocated 50% of the OMOL25 and QMOF
datasets, and 30% of the ODAC25 dataset, to testing. In all cases,
the validation set was drawn from the training data, compris-
ing 10% of its datapoints. To account for random effects intro-
duced by the splitting process, we generated each split three times
with different seeds for the ODAC25 and QMOF datasets, and
only once for OMOL25 due to higher computational cost. Then,
to visualize how different split methods divide given chemical
space, we applied Uniform Manifold Approximation and Projec-
tion (UMAP)®3, a nonlinear dimensionality reduction technique
that preserves both local and global structure, and has been often
used to visualize chemical spacel®4°  Figure [2| shows that the
proposed biased splitting methods, and especially the maximal
separation method, produce splits that are significantly different
(at least in the SOAP descriptor space) and can serve as a chal-
lenging benchmark for evaluating the generalizability of MLIPs.
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Cluster

Fig. 2 Overview of the max separation, cluster, size-based splits, and random for QMOF (top), ODAC25 (middle), and OMOL25 (bottom). Each
split is visualized on the UMAP dimensionally reduced chemical space. In both cases, the goal is to create a train—test split that introduces significant
differences between the subsets to account for the inherent bias in the available chemical space and to establish a stress test—like scenario for evaluating

the generalizability of MLIPs.
section 2.

The SOAP descriptors were generated using the Dscribe pack-
age®2 and parameters provided by [Rosen et al.?%. The maximal
separation method is computationally expensive and scales poorly
with dataset size, as it requires computing similarity between all
members of the training set and remaining molecules. For this
reason, in the OMOL25 dataset, a simplified version was used,
where similarity was computed only between subsets of 1000
molecules in the training set and the remaining molecules. For
the cluster method, the number of clusters was set to 20, and
50% (70% in ODAC25) were used for training.

Architectures and Long-Range Corrections

As baseline models, we consider DimeNet++22 MACE=3, and
Allegro2, which represent distinct design paradigms: Alle-
gro is an equivariant, strictly local, edge-centric model; MACE
is an equivariant, message-passing, node-centric model; and
DimeNet+ + is an invariant message-passing architecture that in-
corporates explicit three-body interactions. In order to show that
the improvements resulting from the introduction of long-range
methods cannot be achieved by simply increasing the effective
cutoff via additional message passing steps, we trained an addi-
tional baseline model with two additional (four in total) message
passing layers, which we refer to as the MACE-MP4 model. MACE
and Allegro models also included CELLI?% and EFA2Z long-range
corrections schemes. Although both EFA and CELLI have shown
effectiveness at modeling long-range interactions327, they are

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

Here we show one split for each dataset, while the remaining splits are reported in the Supplementary Information

based on fundamentally different design principles. Specifically,
EFA relies on attention mechanisms to learn global representa-
tions of chemical systems, whereas CELLI is grounded in physics-
based design and dynamically redistributes charge to account for
long-range interactions and charge transfer.

These differences make them ideal candidates for this study,
as they allow for a comparison of the advantages and disadvan-
tages of physics-inspired versus purely Al-driven approaches. In
principle, physics-based models are expected to generalize better
due to their grounding in physical theory®”Z. However, imposing
such constraints may also limit the expressiveness of the model©8.
On the other hand, data-driven methods often offer greater flex-
ibility but are prone to overfitting and may generalize poorly to
out-of-distribution samples’®. In addition, when fitted to par-
tial charges, CELLI can only model electrostatic interactions and
charge transfer, whereas EFA can represent all long-range effects,
including van der Waals interactions. To ensure comparability,
the same hyperparameters were used for each architecture across
different splits.

CELLI

The Charge Equilibration Layer for Long-range Interactions
(CELLI) is a model-agnostic component that enables the inte-
gration of non-local electrostatics into local equivariant GNN
architectures. CELLI follows the charge equilibration (Qeq)
framework, computing partial charges based on environment-
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dependent electronegativities, species-dependent hardnesses,
and charge radius??. Electronegativity values are predicted per
node by aggregating local scalar edge features using an MLP-
based mechanism. Hardness and atomic radius values are de-
rived from species embeddings, with radii initialized from cova-
lent radii and scaled by a learned, positive factor.

Those parameters are then used to redistribute charge based
on the following energy minimization problem. The total Qeq
energy is defined as

FZo™ @

erf( a,jr,J)Q 0+ Z 206,, ©)

Ucoul (R,
coul(R, Q) = ZZ P f

i j>i

Al Ji
UQeq(R7 Q) =Ucou(R, Q) + Z |:le1+ = Q1:| (6)

where the final term captures the atomic contributions through
previously computed electronegativities j;, atomic radii 9;, and
chemical hardnesses J;;°?. The minimum of Uqgeq is the solution
of the linear system

{aZUCoul
00;00;

R+Jn} Qj=—1 7

under the charge conservation constraint.

Once charges are obtained, they are embedded into the GNN by
generating charge-dependent feature vectors via a second MLP,
which are combined with existing latent scalar features through
a residual update. This allows downstream layers to incorporate
non-local information while maintaining the local structure of the
network. Although CELLI is model agnostic and can be utilized
with multiple frameworks, it’s best suited for strictly local models
such as Allegro'l2, as the benefits of long-range scheme correction
are larger compared to message passing architectures. However,
here we also consider an MACE implementation. Regardless of
the MLIP architecture used, the long-range electrostatic interac-
tions could be partially accounted for by the long-range contri-
bution and partially by the short-range contribution to the total
energy. However, when CELLI is trained on partial charges, elec-
trostatic interactions are assumed to be entirely accounted for by
the long-range contribution. In other words, the electrostatic in-
teractions are not double-counted.

EFA

Euclidean Fast Attention (EFA) encodes atomic spatial informa-
tion into feature representations by combining distance-aware
modulation with rotational invariance through integration over
the unit sphere. EFA builds on Euclidean Rotary Positional En-
coding (ERoPE)Z% which maps 3D positions into complex-valued
feature vectors using frequency-based phase shifts=”

Specifically, given a position vector r € R3, a feature vector x, a
frequency ® € R, and a unit vector u € $2, ERoPE modulates the
feature as

Ou(x,r) =X - £/PUT (8)
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where the dot product u-r projects the position onto the direction
u. To ensure rotational invariance, EFA averages over all direc-
tions u on the unit sphere $2, resulting in the attention mecha-
nism

1 N
EFA(X,R);, T ¢., Qs Tm) Z Ou(Ky, 1)V, du,  (9)
where q,,, k,, and v, are the query, key, and value vectors for

atoms m and n, respectively, and r,,, r, are their 3D coordinates.

By integrating over all directions on the unit sphere, the re-
sulting attention weights depend only on interatomic distances,
ensuring rotational invariance. To support directional reasoning,
EFA incorporates a tensor product with spherical harmonics, al-
lowing the mechanism to operate on equivariant inputs. This en-
ables the network to model both long-range interactions and ge-
ometric relationships without requiring explicit neighbor cutoffs,
making it well-suited for large atomistic systems.

Originally, the EFA scheme was proposed for a generic MPNN
architecture, which consisted only of node features and a message
passing step, which strongly limits its applicability. Thus, there is
a need to adapt this scheme to popular frameworks. Unlike in
the network utilized by |[Frank et al., there are several ways in
which EFA can be integrated into MACE or Allegro. However, the
detailed analysis of the optimal EFA implementation is outside of
the scope of this study, and in this section, we provide a basic
description of our integration.

The EFA block takes as input the current node embeddings and
atomic positions. To integrate it with MACE, the output is then
fused with the node features before being passed into subsequent
MACE interaction layers. By inserting EFA at configurable points
in the message passing stack, the architecture captures long-range
geometric dependencies prior to or between equivariant tensor-
product updates. This design enables the network to blend fast,
global spatial awareness with deep local equivariant reasoning,
allowing for flexible integration of EFA alongside or in place of
conventional MACE message passing without disrupting equiv-
ariance or scalability.

In the Allegro integration, EFA features are combined with the
original species embeddings and linearly projected into a refined
feature space just before the Allegro tensor product layer (initial
invariant scalar latent features in the first MLP only utilize orig-
inal species embeddings). This insertion point ensures that EFA-
enhanced node-level information flows into the pairwise feature
prediction pipeline of Allegro. EFA was initially implemented for
MPNNs, however, message passing is not fully required and can
be combined with a strictly-local Allegro architecture.

LES

Unlike charge-equilibration approaches, LES does not solve a
redistribution problem. Instead, LES learns latent electrostatic
charges directly from local atomic descriptors and uses them to
compute a long-range energy contribution through an Ewald for-
mulation?®, These charges are not constrained to match refer-
ence partial charges and are optimized solely through the global
energy and force loss terms. As a result, they do not conserve
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the total charge. For periodic systems, the reciprocal-space Ewald
term is used:

Un(Rq) = T o 10)
1Ir ,q) = ) B
28V 0<|k| <k, |k|
N e
=Y g™, (11)
i=1

where V is the simulation cell volume and o is a Gaussian smear-
ing parameter.
For isolated systems, LES uses a screened direct Coulomb sum:

ki)
—1j>i Tij V2o

LES also enables computation of Born effective charge tensors,
which can be used for simulations of systems under an electric
field=?(for details, see Supplementary Information section 9). Af-
ter computing the long-range energy, LES includes electrostatic
information into the model only through its total energy contri-
bution. No additional solvers, constraints, or charge-conservation
steps are utilized. In this work, we utilized the MACE=3/71
grations of LES due to the high computational cost of CACE (for
details on reproducibility of previous results, see Supplementary
Information section 8).

Ur(R,q)

(12)

inte-

Total Charge Embeddings

First, we extend the standard MACE node-embedding layer to in-
corporate a global conditioning on total charge alongside atomic
species. In addition to the species embedding, a separate embed-
ding is learned and projected into the same scalar feature space
and broadcast across all nodes. The species and charge embed-
dings are fused and refined through an MLP. This modification
injects global charge information into every node before message
passing, enhancing expressivity without affecting the symmetry
guarantees of the core MACE architecture.

For Allegro, we combine learned embedding of total charge
with the species embeddings and linearly project into a refined
feature space just before the Allegro tensor product layer (simi-
larly to the EFA integration initial invariant scalar latent features
in the first MLP, only utilize original species embeddings). Al-
though Allegro is strictly local, the global charge embedding pro-
vides a simple mechanism to modulate all node features consis-
tently based on system-level charge, enhancing expressivity with-
out modifying the underlying equivariant structure.

Model Training

All baseline, CELLI and EFA models were trained in JAX using
chemtrainZ?, adapted JAX-MDZ3 packages together with JAX-
compatible implementations of AllegroZ# DimeNet+ +2272 and
MACE=3l70yia the Force Matching methodZ277, For the OMOL25
and QMOF datasets, models with CELLI were first pretrained us-
ing only charges, and subsequently trained on charges, forces,
and energies. Since the ODAC25 dataset does not include force
information, it was excluded from this training procedure. For

6 | Journal Name, [year], [vol.], 1
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details on training, data preprocessing, and hyperparameters, see
Supplementary Information (sections 3-5). We restrict our eval-
uation to molecules containing only species that appear at least
10 times in the training set, as it is unrealistic to expect accu-
rate modeling of rare elements. Species that occurred only in the
test set were also discarded. Models with LES were trained using
MACE?3/78 and LESZ? PyTorch implementation.

Results

Increased Generalization of Long-Range Models

Our results show that the integration of long-range correction
schemes has a significant effect on both MACE and Allegro and
is necessary for the latter to achieve SOTA performance on the
QMOF dataset (see Figure [3). For Allegro, this improvement in
Root Mean Squared Error (RMSE) is noticeable even in the sim-
plest benchmark (random split), which aligns with our expecta-
tions, as Allegro is strictly local and therefore struggles to model
systems where long-range interactions can be significant. How-
ever, incorporating EFA into Allegro yields a smaller performance
gain compared to CELLI, especially for the cluster and maximal
separation splits, suggesting that EFA does not generalize as well
to out-of-distribution samples as CELLI. This difference may be
influenced by two factors: (1) the inherent generalizability of
physics-based models, and (2) the large chemical diversity of the
QMOF dataset relative to its size (only 20,387 samples), as EFA
may outperform CELLI in larger datasets.

For MACE trained on the random split, the effect of adding
long-range schemes is minimal and comparable to statistical
noise; however, in more challenging test cases (maximum sep-
aration split), the improvement becomes evident even for MACE,
as it fails to generalize to out-of-distribution test sets. Although
CELLI and EFA models also struggle with biased splits, they per-
form significantly better than baseline models, suggesting that
long-range corrections are crucial for achieving robust general-
ization. Our results also show that increasing the number of mes-
sage passing steps can lead to overfitting and a decrease in perfor-
mance compared to the baseline model. For example, in the clus-
ter and maximum separation splits, an increase in the number of
message passing steps more than doubles the RMSE, showing that
the addition of separate long-range corrections is advantageous.

Interestingly, DimeNet+ +, which obtains reasonable results in
the random, size, and maximum separation splits, fails to gen-
eralize under cluster split. This shows that the proposed bench-
marks probe different aspects of generalizability and can be used
in future studies focusing on the development of long-range cor-
rection schemes. Our results also support our earlier hypothesis
on the necessity of inclusion of a dedicated mechanism for mod-
eling long-range interactions. The issues with generalizability are
particularly significant for MACE, as foundational and universal
models have been developed using this architecturel#16, How-
ever, our results show that MACE without any long-range cor-
rection does not generalize well to out-of-distribution samples,
suggesting it may not be suitable for this task.
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Fig. 3 Long-Range schemes increase generalizability of MLIPs. A Average model performance across maximum separation, cluster, size, and random
data splits on the QMOF dataset measured by Root Mean Squared Error (RMSE). Each model was trained three times with different initializations.
The QMOF dataset provides only energies and no force labels. B Average error on the QMOF test space of the max separation split for (short-range)
Allegro (left) and (long-range) Allegro-CELLI (right). The highlighted molecules represent areas of chemical space with similar biases. Detailed results
and plots for all models are available in the Supporting Information section 7.

Modeling Charged Systems

The biased dataset splits introduced in this study also allow us
to visually investigate the generalizability of MLIPs across chem-
ical space. To illustrate this, we visualized the prediction error
of each model on the test portion of the max separation split of
the QMOF dataset (see Figure[3|B). Interestingly, although the Al-
legro—CELLI model achieves significantly better overall accuracy,
both the baseline Allegro and Allegro-CELLI exhibit similar re-
gions of bias across chemical space. The magnitude of the error
is substantially larger for the baseline Allegro model, and only a
few regions show qualitatively different types of error (i.e., over-
estimation versus underestimation). This observation suggests
that certain areas of chemical space are inherently challenging
for both models. Possible explanations include intrinsic difficulty
in modeling complex structures, inaccuracies within the QMOF
dataset, or undersampling of specific chemical motifs. Never-
theless, the model incorporating long-range corrections performs
uniformly better, highlighting that such corrections are essential
for improving the generalizability of MLIPs. It should also be
noted that near-zero average error does not necessarily mean that
the error is smaller, only that it does not exhibit bias.

In our next benchmark, we utilized the OMOL25 dataset
to evaluate the performance of different schemes on charged
molecules. First, we trained MACE and Allegro on the neutral
molecules of our OMOL25 subset, with and without long-range
schemes. While performance on the neutral subset is not strongly
affected by CELLI, the baseline versions of both MACE and Allegro
are degenerate with respect to total charge, meaning they cannot
distinguish between molecules with different charge states and

assign identical energies to species that differ only in charge. This
limitation becomes critical once multiple charge states are present
(see Figure [4); therefore, we limited our subsequent analysis to
the charge-dependent models.

To enable a fair comparison for CELLI, we added total charge
embeddings to baseline Allegro and MACE (for details, see Meth-
ods). Interestingly, models with total charge embeddings perform
slightly better compared to CELLI in the majority of cases. This
demonstrates that CELLI can effectively act as a total charge em-
bedding scheme, while also offering two key practical advantages
over explicit embeddings: 1) it provides long-range capabilities,
which are likely to be relevant in simulations of larger systems,
and 2) although accounting for nonzero total charges is neces-
sary for training, MD simulations are typically conducted under
neutral conditions, meaning those embeddings would not be used
outside of training. Additionally, total charge embeddings can
also be combined with all long-range methods, including CELLI;
hence, they should not be viewed as a replacement, but rather as
a potential extension. The integration of these embeddings into
long-range schemes is, however, beyond the scope of this study.

Inferring Charges from Forces and Energy

In contrast to the other two datasets, ODAC25 does not pro-
vide reference partial charges, meaning that CELLI has no tar-
get charge values to fit. Although it is technically possible to use
CELLI without reference charges, there is no guarantee that the
inferred charges would accurately represent the underlying elec-
trostatics of the system. Importantly, in this dataset, EFA and
CELLI do not lead to improvements in either forces or energies
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Fig. 4 Accuracy on Charged vs.

Neutral Systems Parity plots for three Allegro models with and without long-range corrections trained on only

neutral (A) and both neutral and charged molecules (B) from the OMOL25 dataset. Colors correspond to the total charge. Baseline Allegro and
Allegro-EFA models exhibit a significant increase in error when trained on charged samples. C Model performance across maximal separation, cluster,
size, and random data splits on the OMOL25 dataset measured by Mean Absolute Error (MAE). Blue bars correspond to energy MAE, while green
bars correspond to force MAE. “C - EMBEDDING" corresponds to models with an additional embedding for total charge; see Methods for details.

(see Figure [5). A pronounced increase in error is observed for
MACE-based models in the size split, where their performance is
significantly poorer than in the other benchmarks. A closer in-
spection reveals that CELLI-based models were unable to infer
meaningful charges in the absence of suitable reference data and
effectively predicted zero charge for the majority of atoms (see
Figure[f]A), even on a random split. Consequently, unlike in ear-
lier benchmarks, Allegro with EFA outperforms CELLI across most
benchmarking subsplits. Therefore, we recommend using CELLI
only when reference charges are available, at least for complex
systems such as MOFs.

The issue of relying on partial charges to model electrostatic in-
teractions is well known'®®, as charge-based schemes require pre-
defined charges and their accuracy depends strongly on the cho-
sen charge partitioning method, which often yields significantly
different results®?. To address this, several approaches have been
proposed to bypass the need for reference charges by inferring
them directly from forces and energies, such as the LES frame-
work28:2829l [King et al.| demonstrated that LES can successfully
infer charges for small systems (e.g., polar dipeptides from the
SPICE dataset228l); however, to our knowledge, it has never
been tested on MOFs, which exhibit significantly more complex
electrostatic environments than small biomolecules.

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

The MACE-LES model trained on the random split achieved
MAE of 8.7 meV/atom and a force MAE of 24.6 meV/A, meaning
that the force error is around 50% higher than that of the baseline
MACE model, whereas energy error is 50% lower (we also tested
whether we can reproduce results reported before by [King et al.
to ensure that this is due to performance of the MACE framework
rather than technical issues on our side for details see Supporting
Information section 8). Further investigation shows that LES is
also unable to infer correct charges without reference, and simi-
larly to CELLI, it predicts most partial charges to be almost zero.
To further validate this result, we trained an additional MACE-
LES model on the QMOF dataset, which includes DFT-derived
partial charges and allows direct comparison to reference val-
ues. As shown in Figure[f] the same behavior was observed: LES
again failed to infer meaningful charges and collapsed to predict-
ing near-zero values. Although LES frequently assigns charges
opposite in sign to the reference values, this is not inherently
problematic-Coulomb’s law is symmetric under global charge in-
version, meaning forces and energies would remain unchanged if
all charges were flipped. What is problematic is the lack of con-
sistency, as LES sometimes predicts correct signs and sometimes
their opposites. Based on this, we attribute better performance
on energies of MACE-LES compared to baseline MACE are likely
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Fig. 5 Long-range modeling without reference charges. Model performance across maximal separation, cluster, size, and random data splits on the
ODAC25 dataset. Blue bars correspond to energy MAE, while green bars correspond to force MAE.

due to discrepancies in MACE implementations rather than prop-
erties of LES. Namely, baseline MACE was trained in JAXZ® and
MAGE-LES in PyTorch”, However, given that the ODAC25 sub-
sets used in this study are relatively small, we cannot rule out the
possibility that CELLI or LES may recover correct charge distribu-
tions when trained on sufficiently large datasets. Nevertheless,
these results indicate that when no partial charges are available,
other approaches are necessary, as none of the schemes achieved
a significant improvement, except for the Allegro-EFA model. We
would also like to highlight that in this work, accurate partial
charge prediction is not treated as a goal in itself, but rather as a
diagnostic indicating whether a model is able to infer meaningful
long-range electrostatics, with the near-zero charges predicted by
LES and CELLI in the absence of reference data signaling a failure
to capture such effects in MOFs.

Conclusions

Overall, our results establish a clear framework for evaluating
long-range MLIPs on complex, chemically diverse systems and
demonstrate that physically grounded treatments of electrostat-
ics are essential for robust generalization. The presented biased
split methods provide a robust test for generalizability to out-of-
distribution samples, which is necessary for practical MLIP appli-
cations. They are also more broadly applicable than alternative
functional group-based biased splits (for example, training on all
structures except aliphatic hydrocarbons and testing on those),
as they do not rely on predefined chemical heuristics. The pro-
posed methods could capture differences arising from coordina-
tion environments, pore geometries, or topology features that are
especially important in the context of MOFs, where structural di-
versity extends far beyond simple chemical fragments. Thus, they
provide a more flexible and less assumption-driven assessment of
MLIP generalizability and can be easily applied to other datasets
with minimal modifications.

Nevertheless, the reliance on SOAP descriptors may partly
explain the limited decrease in performance observed for the
ODAC25 subset, as this representation likely restricts the effec-
tiveness of our splitting strategy. SOAP may fail to provide a
sufficiently meaningful representation of certain atomic environ-
ments, resulting in a biased split that, in practice, is not very dif-
ferent from a random one. Additionally, SOAP descriptors are
inherently short-ranged, and therefore may not fully distinguish

structures that differ primarily in long-range electrostatics, po-
tentially limiting how strictly these splits probe out-of-distribution
behavior with respect to long-range physics. Nevertheless, if long-
range interactions are not properly captured, models may com-
pensate by overfitting short-range contributions, which can de-
grade short-range generalizability across chemically diverse envi-
ronments. Future work could explore alternative representations,
such as learned embeddings, electronic descriptors®3, or graph
similarity measures®® to construct more reliable biased splits.
However, results from the QMOF dataset suggest that this limita-
tion is not universally detrimental, and that SOAP-based splits can
still expose meaningful performance differences when applied to
sufficiently diverse datasets.

The performed benchmark tests clearly show that the incor-
poration of long-range schemes is necessary to achieve accurate
and generalizable MLIPs. Especially in the QMOF benchmark,
both Allegro and MACE benefited from the introduction of either
EFA or CELLIL and only models based on CELLI exhibited good
results in all three biased split benchmarks. We also show that
the same cannot be achieved by increasing message passing lay-
ers. Furthermore, all variants share identical hyperparameters
and nearly identical parameter counts, hence the observed im-
provements cannot be attributed to increased model capacity and
instead arise from explicit long-range corrections. Although total
charge embeddings can recover much of CELLI’s performance on
the OMOL25 dataset, they lack true long-range capabilities and
generalize poorly in size-based extrapolation, indicating that em-
beddings alone cannot substitute for physically grounded treat-
ments. In contrast, charge-based methods such as CELLI are
inherently suited to modeling charged systems without relying
on auxiliary embeddings, making them more robust and trans-
ferable, while embeddings should be viewed as complementary
enhancements rather than replacements.

Interestingly, our results reveal some discrepancies with ear-
lier studies that introduced several of the long-range methods
evaluated here. For instance, Fuchs et al.| reported that adding
CELLI to MACE does not substantially improve performance over
the baseline model, whereas in our out-of-distribution test cases,
we observe clear gains. Similarly, our results indicate that LES
is not able to infer charges from forces and energies alone, in
contrast to conclusions drawn from smaller and less complex sys-
tems®2, These differences can likely be attributed to two main
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factors: our use of out-of-distribution splits and the fact that we
apply these models to more challenging systems than those com-
monly considered in similar studies. In addition, LES relies on a
fixed smearing parameter®>, which may further restrict transfer-
ability across chemically diverse environments&®. This also high-
lights a broader issue in the development of long-range meth-
ods: they are often benchmarked on datasets containing relatively
small molecules or systems in which long-range interactions are
weak or negligible. Our results indicate that such evaluations can
be misleading. Long-range schemes should instead be tested on
more challenging systems, such as MOFs, where the electrostatic
environment is highly complex and long-range contributions play
an important role.

We should also note that long-range interactions can extend
beyond pairwise Coulomb terms due to polarization and higher-
order multipole effects2®. Those effects are not explicitly mod-
eled in the present CELLI and LES implementations. However,
they can, in principle, capture polarization through charge pre-
diction at each timestep. Future work could explore replac-

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

ing QEq with polarizable charge equilibration schemes such as
PQEQ88788 o1 employing more expressive long-range kernels,
including sum-of-Gaussians approaches (SOG-Net)<®, to better
capture these contributions. In addition, EFA may also capture
higher-order and polarization effects. While detailed inference-
time benchmarking is beyond the scope of this work, existing
studies indicate that the considered long-range approaches do
not significantly increase evaluation time®327, further suggesting
that they can be routinely integrated into MLIPs.

Our results also provide a cautionary perspective on the limits
of inferring charges solely from energy and force. While CELLI de-
livers substantial improvements when reliable reference charges
are available, its performance collapses in their absence, as it
fails to recover meaningful electrostatic information and degrades
overall accuracy. LES, which was designed with charge infer-
ence in mind, exhibits a similar breakdown in MOFs, as it con-
sistently converges to near-zero or inconsistently signed charges
across both ODAC25 and QMOF, suggesting that charge inference
becomes unreliable once the electrostatic environment becomes
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too complex. Collectively, these findings suggest that charge-
inference schemes, while appealing, are not yet robust enough
for systems with complex long-range physics such as MOFs. Al-
though none of the tested models were able to correctly infer
charges without reference data, it is possible that more robust
architectures or optimized hyperparameter choices could achieve
this; however, a systematic investigation of such configurations is
beyond the scope of this study. A potential solution to this issue
may involve pretraining on reference charges followed by train-
ing solely on forces and energies, resulting in a scheme at least
partially decoupled from the chosen charge partitioning method.
Other promising directions could include modifying the loss func-
tion, introducing additional constraints into the learning process,
predicting the whole electron density, or using methods that skip
charges altogether, like EFA. Ultimately, the most appropriate
long-range strategy depends on whether access to accurate par-
tial charges is beneficial. CELLI is preferred when reliable elec-
trostatics and charge-transfer are important and difficult to infer
directly from data, whereas charge-free approaches such as EFA
can be used for systems where explicit electrostatic information is
not needed.
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