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Figure 1: (a) Results on simulating a water system with ML force fields. Models are sorted by force mean
absolute error (MAE) in descending order. High stability and low radial distribution function (RDF) MAE
are better. Performance in force error does not align with simulation-based metrics. (b) Force-only evaluation
may not reveal key factors in simulating MD with a ML force fields. In this toy example, model 2 (green)
has a lower force error but likely leads to unstable simulations due to extreme forces from local pathological
behavior. (c) Illustrations of MD observables.

is challenging to compute and would ideally be done through quantum chemistry which is computationally
expensive. Traditionally, the alternative has been parameterized force fields built from empirically chosen
functional forms (Halgren, 1996). Recently, machine learning (ML) force fields (Unke et al., 2021b) have shown
promise to accelerate MD simulations by orders of magnitude while being quantum chemically accurate. The
learned force field can then simulate MD or perform structural relaxation. However, despite MD simulations
being a primary motivation for ML FFs, the evidence supporting the utility of ML FFs is often based on their
accuracy in reconstituting forces across test cases (Faber et al., 2017) without involving simulations. This
paper highlights the importance of simulation-based evaluation, demonstrating that force accuracy alone
does not su!ce for e"ective simulation (Figure 1 (a)).

In practice, the exact recovery of the trajectories given the initial conditions is not the ultimate goal of
learning MD simulations. Instead, MD simulation quality is better evaluated through macroscopic observables
that characterize system properties (Leach & Leach, 2001; Tuckerman, 2010). These observables are designed
to be predictive of material properties such as di"usivity in electrolyte materials (Webb et al., 2015), or reveal
detailed physical mechanisms, such as the folding kinetics of proteins (Lane et al., 2011; Lindor"-Larsen
et al., 2011). Although these observables are critical products of MD simulations, systematic evaluations
have not been su!ciently studied in the existing literature. In particular, we show that even small errors
in the force field parameters can lead to catastrophic failure in long-time simulation – ML force fields may
exhibit pathological behavior such as extreme force/energy predictions on states not captured by the training
data, causing the simulation to become unstable or explode (toy example illustrated in Figure 1 (b)).

A benchmark for MD simulations requires mindful design over the selection of systems, the simulation
protocol, and the evaluation metrics: (1) A benchmark suite should cover diverse and representative
systems to reflect the various challenges in di"erent MD applications. (2) Simulations are computationally
expensive (see Table 7 in Appendix B). An ideal benchmark must balance the cost of evaluation and the
system’s complexity to obtain meaningful metrics with reasonable time and computation. (3) Selected systems
should be well studied in the simulation domain, and chosen metrics should be based on physical observables
that characterize the system’s important degrees of freedom or geometric features to reflect practical utility.
We carefully curate four representative MD systems and design simulation protocols/metrics considering all
the abovementioned desiderata.

Are current state-of-the-art (SOTA) ML FFs capable of simulating a variety of MD systems? What might
cause a model to fail in simulations? This paper aims to answer these questions with a novel benchmark
study. The contributions of this paper include:

• We introduce a novel benchmark suite for ML MD simulation with simulation protocols and quanti-
tative metrics. We perform extensive experiments to benchmark a collection of SOTA ML models.
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Motivation: stable molecular dynamics (MD) 

where ⊙ denotes the entry-wise product and qi=Qfj and kj=Kfj with
K 2 RF × F and Q 2 RF × F are trainable key and query matrices. The
attention update of the features (Eq. (15)) is performed for h heads in
parallel. The features fi of dimension F are split into h feature heads f hi
of dimension (h, F/h). From each feature head, one attention
coefficient αh

ij is calculated following Eq. (18) where qi, kj and wij are
all of dimension F/h. For each head, the attended features are then
calculated from Eq. (15) with fi replaced by the corresponding head f hi .
Afterwards, the heads are stacked to form again a feature vector of
dimension fi. Multi-head attention allows the model to focus on
different sub-spaces in the feature representation, e.g., information
about distances, angles or atomic types44.

Interaction Block
An interaction block (IBLOCK) aims to interchange per-atom infor-
mation between the invariant and the geometric variables. Refine-
ments for invariant features and equivariant EV are calculated as

df i,dxi = IBLOCK f ATTi ,!lmax
l =0x

att
i,l!0

!" !
, ð22Þ

More specifically, the refinements are calculated as

df i =a ð23Þ

and

dxilm =blx
ATT
ilm , ð24Þ

where a 2 RF and one bl 2 R for each degree l. They are calculated
from a singled layered MLP as

a,b =MLP½f + lmax + 1% f ATTi ,!lmax
l =0x

att
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ð25Þ

such that a and b= ½b0, . . . ,blmax
% containmixed information about both

fi and xi. Updates are then calculated as

f ½t + 1%i = f ATTi +df i, ð26Þ

x½t + 1%
i =xATT

i +dxi, ð27Þ

which builds the relation to the initially stated update equations of the
ECTBLOCK and concludes the architecture description.

MD stability
We define an MD simulation to be stable when (A) there is no non-
physical dissociation of the system, and (B) each bond length follows a
reasonable distribution over time. We refer to failure mode (A) when
there is a divergence in the predicted velocities resulting in instanta-
neous dissociation of all or some atoms in the molecule which corre-
sponds to non-physical behavior (Fig. 7a). In contrast, a physically
meaningful dissociation happens on reasonable time and kinetic
energy scales. A decomposition of (parts of) the molecule can be
detected by a strong peak in MD temperature, which is usually a few

orders of magnitude larger than the target temperature. We assume a
bond length to be distributed reasonably, when it does not differ by
more than 50% from the equilibrium bond distance at any point of the
simulation. Criteria (A) has e.g., been used in32 to determine the MD
stability of different MLFFs. However, in certain cases analyzing MD
temperature can be an insufficient condition to detect unstable
behavior, e.g.,when single bondsdissociate slowly over timeor takeon
non-physical values over a temporarily limited interval (Fig. 7b). Such a
behavior, however, is easily identified using criteria (B).

A stability coefficient cs ∈ [0, 1] is then calculated as

cs =
ns

ntot
, ð28Þ

wherens is the number ofMD steps until an instability occurs andntot is
the maximal number of MD steps. When no instability is observed in
the simulations we set ns= ntot.

MD Simulations
For theMD simulation of Li3PO4 we chose the first conformation in the
quenched state as initial starting point. We then run the simulation for
50 pswith a time step of 2 fs using a Nose-Hoover thermostat at 600 K.
For MD simulations with molecules from the MD22 data set we first
chose a structurewhich has not been part of the training data. It is then
relaxed using the LBFGS optimizer until the maximal force norm per
atom is smaller than 10−4 eVÅ−1. The relaxed structure serves as starting
point for the MD simulation. For the comparison of invariant and
equivariant model, we run three MD simulations per molecule from
three different initial conformations with a time step of 0.5 fs and a
total time of 300 ps using the Velocity Verlet algorithm without ther-
mostat. For the radius of gyration and Ala15 experiments we per-
formed simulations with 0.5 fs time step at a temperature T = 300K
with the systemcoupled to aheat bath via a Langevin thermostat88with
a friction coefficient of γ = 10−3. For the calculation of the spectra, we
ran MD simulations with a time step of 0.2 fs following61 and a total
time of 1 ns for the buckyball catcher and the nanotube and 200ps for
the MD of DHA at the zero point energy. Temperatures vary between
molecules and are reported in themain bodyof the text. Againonly the
Velocity Verlet without thermostat is used. We show in the Supple-
mentary information, that the performed simulations are energy
conserving and reach temperature equilibrium. When using the Velo-
city Verlet algorithm, initial velocities are drawn from a Maxwell
Boltzmann distribution with a temperature twice as large as the MD
target temperature. For the MD stability experiments on the MD17
molecules, we follow32 and run simulations with a Nose-Hoover ther-
mostat at 500 K and a time step of 0.5 fs for 300 ps.

Minima hopping algorithm
For the minima hopping experiments we use the models that have
been trained on the MD22 data set with 1k training samples. Each
escape run corresponds to a 1 ps MD simulation with a time step of
0.5 fs using the Velocity Verlet algorithm. The following structure
relaxation is performed using the LBFGS optimizer until the maximal
norm per atomic force vector is smaller than 10−4 eVÅ−1, which took

Fig. 7 | Potential instabilities that can occur in amolecular dynamics (MD) simulation usingmachine learning force fields. a Illustration of an “explosion" during an
MD simulation. b Illustration of a temporarily limited instability (here the breaking of a covalent bond). The point of time of the instability is marked via a red cross.
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Unstability: quantified by  
bonding connectivity 

• Existing Geo-GNNs for MD simulations are designed to minimize the 
energy MAE and force MAE.


• As shown below, lower error could still incur unstable simulations 
due to extreme forces from local pathological [1].

[1] Fu, Xiang, et al, “Forces are not Enough: Benchmark and Critical Evaluation for Machine Learning Force Fields with Molecular Simulations”, TMLR, 2023



Why instability occurs: existing methods only model 
local neighborhoods (cutoff-induced edges), missing 
global structure, incapable of generalizing to unseen 
conformations

Geometric Topological Shift
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• A hybrid solution to address the geometric topology shifts

• Equivariant local message passing to model short-range interactions

• Equivariant diffusion on fully-connected graph to capture global information
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Our GGND: Geometric Graph Neural Diffusion



Results: stability breakthrough on 3BPA (small molecule)
Our GGND is plug-and-play, enable stable MD simulations of all baselines up to 
29 ps, acquiring an order of magnitude improvement.

Published as a conference paper at ICLR 2026

Table 1: Accuracy and Stability on the 3BPA Dataset. MAE for energy (E, eV), force (F, eV/Å),
and stability (S, ps) of three baseline models and our proposed model (+GGND), trained on config-
urations of the flexible drug-like molecule 3BPA at 300 K and evaluated on 300 K, 600 K, 1200 K,
and varied dihedral angles. Best results are in bold; tied results are underlined.

Conformation Metrics MACE +GGND NequIP +GGND SEGNO +GGND VisNet +GGND

300K
E (→) 0.113 0.010 0.165 0.094 0.593 0.293 0.002 0.002
F (→) 0.165 0.022 0.113 0.104 0.359 0.183 0.006 0.006
S (↑) 100 100 100 100 99.812 100 100 100

600K
E (→) 0.161 0.023 0.335 0.122 0.908 0.295 1.405 0.022
F (→) 0.335 0.044 0.161 0.153 0.893 0.193 0.997 0.041
S (↑) 100 100 98.271 100 59.892 100 25.358 100

1200K
E (→) 0.271 0.109 0.770 0.477 2.836 0.503 3.464 0.583
F (→) 0.770 0.111 0.271 0.269 1.238 0.285 1.404 0.304
S (↑) 1.965 29.218 0.018 17.052 0.009 16.201 0.004 11.209

Dihedral
Slices

E (→) 0.169 0.012 0.387 0.375 0.923 0.267 0.789 0.050
F (→) 0.289 0.017 0.242 0.189 0.795 0.192 0.697 0.039
S (↑) 100 100 89.119 100 72.282 100 47.785 100

Table 2: Accuracy and Stability on the 3BPA Dataset. MAE for energy per atom (E/A, eV), force
(F, eV/Å), and stability (S, ps) obtained by SOTA models and our proposed model (GGND), trained
on SiN and HfO semiconductor molecular system. Best results are in bold.

Molecule Splits Metrics NequIP MACE Allegro Neural P3M QuinNet Equiformer V2 LSRM FreeCG GGND

SiN

Test
E/A (→) 0.013 0.012 0.015 0.010 0.010 0.010 0.010 0.011 0.009

F (→) 0.598 0.526 0.673 0.485 0.490 0.451 0.490 0.494 0.443
S (↑) 69.009 78.845 63.583 88.280 83.286 98.284 81.000 84.500 100

OOD
E/A (→) 0.022 0.018 0.028 0.016 0.017 0.021 0.018 0.018 0.015

F (→) 1.018 0.912 1.185 0.837 0.836 0.972 0.832 0.844 0.754
S (↑) 63.733 65.710 55.824 85.888 86.512 82.031 74.217 76.631 99.892

HfO

Test
E/A (→) 0.007 0.006 0.007 0.006 0.006 0.005 0.006 0.006 0.005

F (→) 0.377 0.335 0.385 0.311 0.304 0.298 0.312 0.315 0.179
S (↑) 65.377 78.054 64.282 90.432 89.034 97.184 87.353 85.040 100

OOD
E/A (→) 0.011 0.010 0.012 0.009 0.009 0.010 0.010 0.009 0.008

F (→) 0.430 0.570 0.593 0.459 0.457 0.683 0.544 0.593 0.279
S (↑) 61.621 65.689 60.982 84.209 85.453 79.762 86.373 75.916 97.928

Performance on 3BPA datasets. Experimental results on the 3BPA dataset in Table 1 show that
integrating the proposed GGND module with baseline Geo-GNN models (MACE, NequIP, SEGNO,
and VisNet) significantly enhances performance, particularly in extrapolating to conformational do-
mains with improved stability. On the in-domain 300 K test set, GGND improves energy and force
prediction accuracy for most baselines while achieving perfect stability at 100 ps. For instance,
SEGNO’s energy MAE decreases from 0.593 eV to 0.293 eV and force MAE from 0.359 eV/Å to
0.183 eV/Å, with stability rising from 99.812 ps to 100 ps. At 600 K, where domain shifts occur,
GGND’s advantages are more pronounced; it reduces VisNet’s energy MAE from 1.405 eV to 0.022
eV and force MAE from 0.997 eV/Å to 0.041 eV/Å, boosting stability from 25.358 ps to 100 ps.
Comparable improvements are observed for SEGNO, with energy MAE dropping from 0.908 eV
to 0.295 eV and stability from 59.892 ps to 100 ps. These findings indicate that SEGNO addresses
universal generalization but not geometric topological shifts. Additionally, GGND outperforms all
baselines on dihedral slices.

Under severe geometric topological shifts at 1200 K, baselines suffer catastrophic degradation in
stability (e.g., VisNet at 0.004 ps, MACE at 1.965ps, SEGNO at 0.009 ps), whereas GGND restores
robustness, increasing MACE’s stability to 29.218 ps (15-fold), NequIP to 17.052 ps (947-fold),
SEGNO to 16.201 ps (1800-fold), and VisNet to 11.209 ps (2802-fold). Concurrent accuracy gains
include VisNet’s energy MAE reduction from 3.464 eV to 0.108 eV. These results highlight GGND’s
efficacy in mitigating geometric topological shifts via all-pair information diffusion, facilitating sta-
ble long-term MD simulations in unseen conformations without additional DFT data.

Performance on SAMD23 dataset. The GGND model outperforms baselines across SiN and HfO
datasets in both Test and OOD splits, as shown in Table 2. For SiN, GGND achieves a lower en-
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Table 3: Ablation Analysis on the 3BPA Dataset. MAE for energy (E, eV), force (F, eV/Å), and
stability (S, ps) of baseline model, GGND, and two variants of GGND. Best results are in bold; tied
results are underlined.

Conformation 300 K 600 K 1200 K

Variations E (→) F (→) S (↑) E (→) F (→) S (↑) E (→) F (→) S (↑)

Baseline 0.002 0.006 100 1.405 0.997 25.358 3.464 1.404 0.004
GGND † 0.013 0.058 100 0.982 0.998 39.075 3.049 1.406 0.291
GGND ‡ 0.015 0.072 98.827 0.643 0.661 69.292 1.908 0.882 2.892
GGND 0.002 0.006 100 0.022 0.041 100 0.583 0.304 11.209
†: GGND with local diffusion on graph.
‡: Local message passing baseline plus fully-connected message passing.

ergy per atom (E/A) error of 0.009 eV and a force MAE of 0.443 eV/Å in the Test split, improving
force predictions by approximately 9% over Neural P3M and LSRM, with a perfect stability score
of 100 ps. In the OOD split, GGND maintains robust performance with a stability score of 99.89
ps, significantly surpassing QuinNet and Neural P3M. For HfO, GGND records an E/A of 0.005 eV
and a force MAE of 0.179 eV/Å in the Test split, reducing force errors by over 40% compared to
Neural P3M and QuinNet, and achieving a perfect stability score of 100 ps. In the OOD split, its
stability score of 97.93 ps notably exceeds baselines. GGND’s equivariant diffusion process effec-
tively captures all-pair interactions, ensuring insensitivity to conformational changes and enhancing
stability in molecular dynamics simulations. The experimental results highlight the remarkable abil-
ity of GGND to address geometric topological shifts, as evidenced by its consistent outperformance
across the SiN and HfO datasets. The model’s outstanding stability scores of 100 ps in both Test
splits and near-perfect scores in OOD splits (99.892 ps for SiN and 97.928 ps for HfO) suggest
that the equivariant diffusion process effectively captures all-pair information flows, making GGND
insensitive to conformational changes.

Figure 4: Stability of MD Simulations on 3BPA.

Stability Visualization and Analysis. The
stability metric indicates the first time step at
which the MD simulation becomes unstable.
To better characterize the stability throughout
the entire MD process, we visualize the max-
imum bond length deviation in Figure 4. In
100 ps MD simulations on the 3BPA dataset,
GGND outperforms the ML-based baselines by
maintaining stability. Notably, although GGND
exhibits instability around 30 ps, these unsta-
ble states occur randomly, whereas both VisNet
and MACE show persistent instability after a
certain time step.

Ablation Study. To evaluate the impact
of fully-connected diffusion in our proposed
GGND model, we curated two variants:
GGND†, which uses local diffusion on the
graph, and GGND‡, which combines the base-
line with fully-connected message passing. The ablation study on the 3BPA dataset (Table 3) demon-
strates the superior generalization of GGND to unseen conformational domains at 600 K and 1200
K, while matching the baseline’s optimal performance at 300 K (energy MAE: 0.002 eV, force MAE:
0.006 eV/Å, stability: 100 ps). In contrast, GGND†, limited by local diffusion, fails to generalize
effectively, with performance close to the baseline (e.g., stability of 0.291 ps at 1200 K), as it cannot
capture all-pair interactions. GGND‡ shows some generalization potential (e.g., stability of 2.892
ps at 1200 K) but underperforms GGND due to training challenges, highlighting the advantage of
fully-connected diffusion in enabling robust, equivariant information flow for stable and accurate
molecular dynamics simulations across diverse conformations.
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Results: stability breakthrough on SAMD23 (materials)
GGND achieved the best energy and force predictions while obtained the near-
perfect ~100 ps stability
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Performance on 3BPA datasets. Experimental results on the 3BPA dataset in Table 1 show that
integrating the proposed GGND module with baseline Geo-GNN models (MACE, NequIP, SEGNO,
and VisNet) significantly enhances performance, particularly in extrapolating to conformational do-
mains with improved stability. On the in-domain 300 K test set, GGND improves energy and force
prediction accuracy for most baselines while achieving perfect stability at 100 ps. For instance,
SEGNO’s energy MAE decreases from 0.593 eV to 0.293 eV and force MAE from 0.359 eV/Å to
0.183 eV/Å, with stability rising from 99.812 ps to 100 ps. At 600 K, where domain shifts occur,
GGND’s advantages are more pronounced; it reduces VisNet’s energy MAE from 1.405 eV to 0.022
eV and force MAE from 0.997 eV/Å to 0.041 eV/Å, boosting stability from 25.358 ps to 100 ps.
Comparable improvements are observed for SEGNO, with energy MAE dropping from 0.908 eV
to 0.295 eV and stability from 59.892 ps to 100 ps. These findings indicate that SEGNO addresses
universal generalization but not geometric topological shifts. Additionally, GGND outperforms all
baselines on dihedral slices.

Under severe geometric topological shifts at 1200 K, baselines suffer catastrophic degradation in
stability (e.g., VisNet at 0.004 ps, MACE at 1.965ps, SEGNO at 0.009 ps), whereas GGND restores
robustness, increasing MACE’s stability to 29.218 ps (15-fold), NequIP to 17.052 ps (947-fold),
SEGNO to 16.201 ps (1800-fold), and VisNet to 11.209 ps (2802-fold). Concurrent accuracy gains
include VisNet’s energy MAE reduction from 3.464 eV to 0.108 eV. These results highlight GGND’s
efficacy in mitigating geometric topological shifts via all-pair information diffusion, facilitating sta-
ble long-term MD simulations in unseen conformations without additional DFT data.

Performance on SAMD23 dataset. The GGND model outperforms baselines across SiN and HfO
datasets in both Test and OOD splits, as shown in Table 2. For SiN, GGND achieves a lower en-
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Takeaways
• We found that MD instability could be caused by OOD topology shift


• Our proposed GGND, an equivariant global diffusion with local 
message passing, can achieve stable MD simulations


