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A shortcut towards simulating millions of atoms usingmachine learning potentials
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1. Introduction
This work answers the following question: how can

machine learning potentials simulate millions of atoms
without requiring thousands of GPUs?
Ab initio molecular dynamics (AIMD)[1, 2] sim-

ulations have become the gold standard for inves-
tigating material behaviour under varying temper-
ature and pressure conditions, enabling the study
of diverse dynamical phenomena including cataly-
sis, ionic diffusion, phase transitions, and interfa-
cial reactions. However, the cubic scaling of con-
ventional density functional theory (DFT) calcula-
tion, 𝑂 (𝑁 3), renders AIMD prohibitively expensive
for systems exceeding ∼1000 atoms or timescales be-
yond tens of picoseconds, severely limiting its ap-
plicability to realistic materials processes. Machine
learning interatomic potentials (MLIPs) [3, 4] are
transforming the landscape of molecular dynamics
(MD) by achieving near-DFT accuracy whilst achiev-
ing orders-of-magnitude speedups. MLIPs based on
Graph Neural Networks (GNNs) [5, 6] are the most
accurate ML models for predicting individual DFT-
based targets such as the formation energy/atom,
electronic bandgap, mechanical properties, and vi-
brational properties (MegNet [7] and coNGN [8]), as
well as the atomic forces and lattice stress (CHGNet [9]
M3GNET [10], MACE [11], and DIEP [12]), achieving
broad chemical coverage by training on large-scale
datasets comprisinghundreds of thousands of diverse
structures.
However, graph-based architectures that explicitly

encode many-body interactions—particularly three-
body (triplet) terms—scale unfavourably with system
size and cutoff radius: molecular system with thou-
sands of atoms must be encoded as graphs with mil-
lions of duplets (two-body interactions) and billions
of triplets, making it hard to simulate realistic sys-
tem with millions of atoms. Recent advances have
demonstrated remarkable scalability: Guo et al. [13]
simulated 13.5 million Cu atoms at 11.2 ns/day, while
Li et al. [14] achieved 149 ns/day for 0.5 million atoms,
both using the DeePMD-kit framework [15]. However,
these impressive results rely on system-specific mod-
els trained on AIMD trajectories of particular com-
positions and structures, limiting their transferabil-
ity. The development of “universal” or “foundational”
MLIPs—models capable of accurately predicting en-
ergies, forces, and stresses for arbitrary chemical
systems—remains a critical challenge for the field.
Moreover, recent work by Fu et al. [16] demonstrates
that low errors in energies and forces alone do not
guarantee accurate molecular dynamics (MD) trajec-

tories. They showed that models performing well on
static property prediction can exhibit substantial drift
in thermodynamic and structural properties during
extended MD simulations, highlighting the critical
importance of dynamics-based validation.
In this work, we address the scalability challenge

by decoupling the role of three-body interactions dur-
ing learning versus simulation. Aiming to mitigate
the computational and memory bottlenecks inherent
in large-scale molecular systems, pruning technique
is utilized for the triplet. Firstly, we perform a training
pruning experiment to determine if three-body terms
are strictly necessary for predicting static proper-
ties. Secondly, we assess inference pruning by subject-
ing the models to molecular dynamics simulations,
thereby testing their dynamical reliability beyond
standard energy/force benchmarks. Our findings de-
lineate the specific representation requirements for
scalable potentials and underscore the necessity of
dynamics-based validation.

2. Results
2.1 Regression on static properties
We investigated whether the computational cost

of GNN could be reduced by pruning three-body in-
teractions. Using the M3GNet model [10, 17] and the
MatPES-R2SCAN-2025.v1 dataset, we trainednetworks
on graphs where triplet connections were randomly
reduced by 20% to 100% (relative to a 4 Å three-body
cutoff). Crucially, the two-body graph structure (5 Å
cutoff) was kept constant to isolate the effect of an-
gular terms. Table 1 demonstrates that the resulting
Mean Absolute Errors (MAEs) did not fluctuate signif-
icantly with pruning. These findings suggest that for
the properties considered, the angular information
is largely redundant, allowing for aggressive pruning
without degradation in static accuracy.

Table 1: Mean Absolute Error of test set with model
trained on pruned percentage of triplets.

Cutoff
percentage

E𝑓 ,
meV/atom

Bandgap,
meV

log(G) log(K)

0 27 285 0.092 0.054
20 28 287 0.093 0.055
40 28 291 0.094 0.056
60 28 291 0.094 0.056
80 28 288 0.092 0.055
100 27 288 0.096 0.056
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2.2 Molecular Dynamics
To evaluate the dynamical reliability of the mod-

els under pruning, we conducted MD simulations on
ten structures randomly selected from the dataset:
Tl2SeO4, K3NbO8, Nb3RhSe6, Sc2Te3, UF5, Cs2Sb,
Ho2Te5O13, ScMnGe2, EuIn4. For each structure, we
constructed a 5×5×5 supercell and performed three
independent NPT ensemble simulations at 300 K for
10 ps with a 1 fs timestep. To quantify structural
preservation, we compared the Radial Distribution
Functions (RDFs) of the final configurations against
the unprunedM3GNet baseline. Thermodynamic sta-
bility was confirmed by monitoring temperature and
potential energy evolution; all systems maintained
structural coherence without exhibiting unphysical
bond distortions or steric clashes.

Fig. 1: Radial Distribution Functions (RDFs) of the O-
Se and Se-Se pairs in Tl2SeO4. (a, c) Comparison
of unpruned (continuous line) versus fully pruned
(dashed line) structures during inference. (b, d)
Comparison of RDFs across varying pruning per-
centages for models trained with pruned inputs.
M3GNet-0 (u) denotes our retrained baselinemodel
using full triplet interactions, whereas M3GNet(p)
refers to the published model in [17].

Our findings regarding the impact of pruning are
best exemplified by the O-Se and Se-Se interactions
in Tl2SeO4:

• Inference Pruning: Pruning triplets during the
MD inference phase preserved thermodynamic
stability, with RDFs closely matching the full-
graph baselines (Fig. 1a, 1c). This indicates that
fully trained embeddings encode sufficient three-
body information to maintain structural fidelity
even when explicit triplet terms are removed.
This is observed consistently across all ten stud-
ied structures and all pairs.

• Training Pruning: Conversely, models trained on
pruned inputs exhibited significant structural
deviations. While O-Se pairs remained stable
(Fig. 1b), Se-Se pairs displayed a peak drift of ≈
1 Å (Fig. 1d). We omit individual pruning per-
centages (20–100%) from the plots, as no consis-

tent correlation was observed between the prun-
ing ratio and the magnitude of structural drift.
These structural instabilities were reproduced
across the other analyzed systems and they vary
between pairs of atoms.

These results suggest a decoupling of represen-
tation requirements: while triplet interactions are
essential during training to learn the correct poten-
tial energy surface, the resulting model possesses a
degree of redundancy that allows for efficient prun-
ing during inference. While deep GNN architectures
can theoretically pass information through message-
passing layers using triplets, the explicit inclusion of
three-body interactions in M3GNet acts as an induc-
tive bias, allows themodel to easily learn the potential
energy surface. Once the potential energy model is
fully trained, the explicit triplet termsbecomecompu-
tationally unnecessary, suggesting that fully trained
many-body models can be effectively distilled at in-
ference time to improve scalability for large input
structures, and indicates further potentially model
compression.

3. Conclusion
We demonstrate a critical distinction between the

representational capacity required to learn atomic
forces versus that required to predict themduringMD
simulation. While three-body interactions are indis-
pensable during training to capture the correct poten-
tial energy surface, they introduce redundant compu-
tational overhead during inference. By investigating
on these phases, we achieve significant scalability
gains without compromising thermodynamic stabil-
ity or structural fidelity. These findings offer a path-
way to universal, AIMD-level accuracy for million-
atom systems without the need for system-specific
retraining.
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