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AlphaNet: scaling up local-frame-based
neural network interatomic potentials
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Bangchen Yin1,10, Jiaao Wang2,10 , Weitao Du3, Pengbo Wang4, Penghua Ying5, Haojun Jia6,
Zisheng Zhang7,8, Yuanqi Du9 , Carla Gomes9, Chenru Duan6 , Graeme Henkelman2 & Hai Xiao1

Molecular dynamics simulations demand an unprecedented combination of accuracy and scalability
to tackle grand challenges in catalysis andmaterials design. To bridge this gap, we present AlphaNet,
a local-frame-based equivariant model that simultaneously improves computational efficiency and
predictive precision for interatomic interactions. By constructing equivariant local frames with
learnable geometric transitions and enabling contractions through spatial domain and temporal
domain, AlphaNet enhances the representational capacity of atomic environments, achieving state-
of-the-art accuracy in energy and force predictions. Extensive benchmarks on large-scale datasets
spanningmolecular reactions, crystal stability, and surface catalysis (MatbenchDiscovery andOC2M)
demonstrate its superior performance over existing neural network interatomic potentials while
ensuring scalability across diverse system sizes with varying types of interatomic interactions. The
synergy of accuracy, efficiency, and transferability positions AlphaNet as a transformative tool for
modelingmultiscale phenomena, decodingdynamics in catalysis and functional interfaces,with direct
implications for accelerating the discovery of complex molecular systems and functional materials.
Our code and data are available at https://github.com/zmyybc/AlphaNet.

Molecular dynamics (MD) simulations have become essential for
investigating and elucidating complex phenomena across diverse fields,
including biology, catalysis, and energy engineering1–8. While atomic
forces necessary for MD simulations can be derived from quantum
mechanical approaches such as density functional theory (DFT)9, the
computational cost associated with such first-principles methods severely
limits their applications to small-sized systems (~103 atoms) and short
timescales (~101 ps). Consequently, a wide spectrum of phenomena
occurring over much larger scales remain inaccessible, even with the
most powerful supercomputers.

Classical force fields, which rely on predefined mathematical forms,
offer a computationally efficient alternative, allowing simulations of larger
systems over extended trajectories10–15. However, the simplicity of these
models often compromises their accuracy, necessitating a delicate trade-off
between computational efficiency and the fidelity of the simulated
dynamics, especially for reactive chemistry14,16–18.

The advent of machine learning techniques has introduced a pro-
mising solution to this dilemma. By training models on data derived from
first-principles calculations, neural network interatomic potentials (NNIPs)
can potentially achieve the accuracy of first-principles methods while
maintaining the computational efficiency of classical force fields19–25. Unlike
traditional models that rely on explicit functional forms to describe the
bonded and non-bonded interactions, NNIPs are more flexible, learning to
predict interactions based on the positions of atoms and their chemical
identities26.

As interest in applying NNIPs to large-scale atomistic systems con-
tinues to grow, the field has seen a surge in the development of various
innovativemodels. One example among the others, DPA-127, is a large-scale
pre-trained model with improved attention architecture over DeepPot28.
Similarly, JMP29 leverages diverse molecular systems of different types as a
joint pre-training model. MACE19, on the other hand, introduces higher-
order message passing as a complete basis of many-body atomic
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interactions. Collectively, these models represent significant strides in the
evolution of NNIP-driven atomistic simulations20,30–37.

Nevertheless, the balance between computational efficiency and
accuracy is key to practical applications of these models. On one side,
efficient yet less expressive models are more suitable for tasks that weigh
computational cost more than accuracy. On the other side, less efficient yet
expressive models are more suitable for tasks where accuracy is more
important. Atomistic systems in 3D Euclidean space are invariant to
Euclidean symmetries including rotation, translation and reflection. Thus,
equivariantmodels are developed to respect these symmetries38,39, andmost
of these expressive models by date19,20,31 are based on the spherical
harmonics40, but calculating the tensor product of irreducible representa-
tions imposes expensive computational overheads.While another branchof
work achieves rotation equivariance through building equivariant frames
that can be either local or global41–44, and the main benefit of frame-based
approaches is eliminating the necessity to involve the tensor product, thus
greatly improving the computational efficiency.

Herein, we propose a local-frame-based equivariant atomistic model,
named AlphaNet, for accurate yet highly efficient atomistic simulations.
Building on the success of frame-based NNIPs in small atomistic systems,
we introduce an additional rotary position embedding to enablemulti-body
message passing and temporal connection for multi-scale modeling.
Extensive quantitative benchmarks demonstrate that AlphaNet excels at
accuracy, efficiency and scalability compared with the state-of-the-art
(SOTA) NNIP models on a variety of datasets, including formate decom-
position, defected graphenes, zeolites, Open Catalyst 2020 (OC20), and
MatbenchdiscoveryWBMtest set, which cover various types of interatomic
interactions across a rich set of systems and phenomena, ranging from
molecules and bulks to surfaces, from gas-phase reactions and crystal sta-
bility to surface catalysis.

Results
We systematically assess the capabilities of AlphaNet by examining its
prediction accuracy, scalability with respect to model and dataset sizes, as
well as computational efficiency in terms of inference speed and memory
usage. Initially, we validate atomic-level prediction accuracy across five
diverse chemical systems, simultaneously demonstrating AlphaNet’s scal-
ability concerning dataset and system sizes. Subsequently, we quantify
computational efficiency by benchmarking both the memory footprint and
inference costs of the model. Comprehensive details regarding datasets,
comparative methodologies, and hyperparameter configurations are pro-
vided in Supplementary Information.

High accuracy of AlphaNet across all datasets
We first consider the formate decomposition dataset, which serves as a
representative example of catalytic surface reactions, specifically focuses on
the dehydrogenation of formate (HCOO* → H* + CO2) on a Cu 〈110〉
surface. For this dataset, AlphaNet achieves amean absolute error (MAE) of
42.5meV/Åfor force and 0.23meV/atom for energy, compared toNequIP20

47.3 meV/Åand 0.50 meV/atom, respectively, as shown in Table 1. These
results highlight AlphaNet’s capability to model heterogeneous systems
involvingmetallic and covalent bonding, as well as complex charge transfer
processes. This high degree of accuracy highlights themodel’s suitability for
simulating catalytic reactions with multiple interaction types.

A further challenge for NNIPs is the accurate modeling of inter-layer
sliding effects in layered materials such as defected graphene, where inter-
layer interactions are essential. On the defected graphene dataset, AlphaNet
attains a force MAE of 19.4 meV/Å and an energy MAE of 1.2 meV/atom,
significantly outperforming NequIP’s 60.2 meV/Å and 1.9 meV/atom,
respectively. Additionally, AlphaNet successfully reproduces the binding
energy profile for AB-stacked bilayer graphene, benchmarked against PBE
+MBD calculations. Deviations within the shallow sliding potential energy
landscape are less than 0.4 meV/atom, highlighting AlphaNet’s robust
capabilities in modeling subtle interlayer forces and complex structural
dynamics (see Fig. 1).

The third dataset evaluated is the zeolite dataset, consisting of 16 dis-
tinct zeolite types and comprising a total of 800,000 configurations. As
summarized in Table 2, AlphaNet demonstrates significantly improved
performance compared to Deep Potential28, and a around 20% improve-
ment on other equivariant models. The detailed performance on each sys-
tem is demonstrated in SupplementaryTable 3, wherewe can see ourmodel
shows best performanceon 13 out of 16 systems.High temperature (4500K)
molecular dynamics were also conducted to further validate the models’
performance (Supplementary Fig. 1).

To address the next challenge, we consider the Open Catalyst Project
OC20 dataset45, a comprehensive collection of crystal structures specifically
curated for training NNIP models in catalysis applications. Our study
focuses on the OC2M subset and evaluates performance on the Structure-
to-Energy-and-Force (S2EF) task. We benchmark our proposed model,
AlphaNet-M, against established state-of-the-art methods, including
EquiformerV231, EScAIP30, eSCN46, GemNet-OC47, SchNet33, andDimeNet
++48. As shown in Table 3 AlphaNet-M, trained on the 2M subset for
2,000,000 steps, achieves remarkable accuracy in energy prediction, yielding
amean absolute error (MAE) of 0.24 eV.This accuracy is onparwith larger-
scale models such as EquiformerV2 and EScAIP. In contrast, models like
SchNet and DimeNet++, even when trained on the full dataset, demon-
strate inferior performance, with MAE values exceeding 0.35 eV. However,
AlphaNet-M does not surpass the larger-scale models (EquiformerV2 and
EScAIP) in force prediction tasks. This discrepancy likely arises from the
inherent conservativeness of the model architectures, which enforce con-
sistency by computing forces strictly as negative gradients of the predicted
energies (− ∇xE(x)).

The model’s performance cannot be adequately assessed based solely
on accuracy metrics49. We extended the application of AlphaNet-S to
additional materials science tasks following the methodology of Chipsff 50.
Utilizing pretrained NNIPs, we evaluated multiple material properties
including bulk relaxation, elastic constants, bulk modulus (Kv) prediction,
and various system-level tasks across 104 diversematerials. As evidenced in
Table 4, AlphaNet-S demonstrates slightly above-average performance
overall. Notably, our analysis reveals that no single model dominates across
all metrics: while ALIGNN-FF and ORB v2 excel in lattice relaxation pre-
dictions, AlphaNet-S, MACE-MP, and SevenNet-l3i5 show capabilities in
property prediction tasks. To mitigate potential random errors in model
assessment, future work should incorporate more testing samples.

Lastly, we validate the effectiveness of AlphaNet using the estab-
lished Matbench discovery WBM test set51. We trained two variants of
AlphaNet: a large model employing Gaussian radial basis functions
(AlphaNet-L) and a compact model using Bessel radial basis functions

Table 1 | Results on the formate decomposition and defected graphene datasets

Dataset Metric NequIP MACE Mattersim Grace AlphaNet

Formate Decomposition Force MAE (meV/Å) ↓ 47.3 54.1 46.8 53.9 42.5

Energy MAE (meV/atom) ↓ 0.50 0.31 0.45 0.48 0.23

Defected Graphene Force MAE (meV/Å) ↓ 60.2 32.7 28.3 71.5 19.4

Energy MAE (meV/atom) ↓ 1.9 1.4 1.7 2.3 1.2

Boldface indicates the best performance.
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(AlphaNet-S). As shown in Table 5, the Bessel function variant shows
consistent improvements over the Gaussian-based model across multiple
metrics. AlphaNet demonstrates a combination of computational effi-
ciency and predictive performance. While models like eSEN-30M-MP
achieve impressive accuracy benchmarks (F1 = 0.831, DAF = 5.260),
AlphaNet delivers competitive results with significantly fewer para-
meters. Specifically, AlphaNet-S achieves an F1 score of 0.808 and DAF
score of 4.915 with only 4.5 million parameters, approaching the per-
formance of computationally intensive frameworks like eqV2 S DeNS
(31.2M parameters). This architectural efficiency is particularly note-
worthy when considering AlphaNet’s R2 performance (0.745 for L-var-
iant, 0.796 for S-variant), which outperforms similarly sized models while
approaching the accuracy of much larger networks. In the table, E, F, and
S denote energy, forces, and stress as training targets, respectively, while
G/D indicates whether the forces and stress are conservative. AlphaNet
maintains physics-informed design within a resource-efficient

framework, achieving a balance between computational cost and pre-
dictive accuracy, making it highly scalable for large-scale materials
discovery.

AlphaNet exhibits effective scaling with model, data, and
system sizes
In addition to demonstrating robust performance on large datasets, we
systematically evaluatemodel performance across varying architectures and
data scales using the zeolite dataset. Our composite validation lossmetric (4
× EnergyMAE+ 100 × ForceMAE) reveals several key trends in Fig. 2: (1)
Increasing training data from 50k to 800k samples consistently reduces

Fig. 1 | Comparisons between AlphaNet predictions andDFT calculations on the
defected graphene dataset. a Parity plot for total energies (units: eV/Å) obtained for
the training (blue), validation (orange), and test (green) data sets. b Parity plot for

atomic forces (units: eV/Å) obtained for the training (blue), validation (orange), and
test (green) data sets. c Sliding potential energy surface (PES) for bilayer graphene:
DFT results (left), AlphaNet predictions (middle), and their difference (right).

Table 2 | Average performance across all Zeolite frameworks

Model Energy MAE ↓ Force MAE ↓

AlphaNet 17.1 15.9

NequIP 19.2 17.1

MACE 20.9 18.3

MatterSim-5M 24.4 22.1

Deep Potential 134.8 81.5

GRACE-2L 25.6 23.4

Boldface indicates the best performance. (Unit for energy is meV and unit for force is meV/Å).

Table 3 | Results on the OC20 validation set

Model Parameters ↓ Energy MAE
(eV) ↓

Force MAE
(eV/Å) ↓

SchNet (full) 9.1M 0.54 0.55

DimeNet++ (full) 10.1M 0.53 0.048

GemNet 38M 0.29 0.026

eSCN 51M 0.28 0.021

EScAIP-Medium 146M 0.25 0.019

EquiformerV2 (λE = 2) 146M 0.28 0.022

AlphaNet-M (λE = 4) 6.1M 0.25 0.040

AlphaNet-M (λE = 20) 6.1M 0.24 0.062

“full” denotes models trained on the full OC20 training set, others are trained on the 2M subset. λE
refers to the weight of the energy loss, the weight of the force loss λF is set to 100. The top 3
performances are underlined.
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validation loss from ~ 20 to < 3; (2) With 64 hidden channels in Fig. 2a,
3-layer models marginally outperform 4-layer (Δ = 0.05), while 5-layer
models performsimilarly to 2-layer architectures; (3)Expanding to 128–256
channels improves all models in Fig. 2b to 2d, with diminishing returns
beyond 176 channels; (4) Deeper models (5-layer) show accelerated
improvement, ultimately achieving slight superiority. These results suggest
deeper architectures require larger hidden dimensions for optimal perfor-
mance, though 3–4 layermodels with 128 channels offer the best efficiency-
performance tradeoff.

Our systematic ablation studies reveal Rotary Position Embedding
(RoPE) as the most critical technical component, consistently enhancing
performance across allmodel configurations-afinding further substantiated
by gradient clipping analysis presented in Supplementary Table 4 and
Supplementary Fig. 2. From Tables 6 and 7, we can see that the data
demonstrates striking variation in RoPE’s effectiveness depending on
dataset characteristics and model architecture: While performance on the
relatively simple Formate and Graphite systems shows limited sensitivity to
model depth and hidden channel dimensions, the structurally diverse
Zeolite dataset exhibits scaling behavior where increased model capacity
(particularly beyond 3 layers and 128 hidden channels) yields substantial
improvements, with RoPE amplifying these gains most significantly
in complex systems. Specifically, RoPE’s impact hierarchy (Zeo. >
Gra. > For.) directly correlates with configuration variation, deli-
vering up to 1.9 validation loss reduction in 5-layer Zeo. models.
Specifically, configuration variation refers to the differences in the
number of atoms per structure within the training dataset. In the For.
dataset, all structures have the same number of atoms. In the Gra.
dataset, the smallest structure contains only 4 atoms, while the largest
has 98 atoms. In the Zeo. dataset, the number of atoms ranges from
64 to 256. This amplification effect becomes increasingly pronounced

in larger architectures, as evidenced by the progressive benefit shown
in deeper layers (0.6 to1.8 loss reduction from L2 to L5 in Zeo.) and
wider channels (1.4 to1.9 improvement from 64 to 256 channels in
4-layer models), though diminishing returns emerge beyond 176
channels. Consequently, optimal performance-efficiency balance is
achieved at 4 layers with 128 hidden channels, or more than 3 layers
with 176 hidden channels, leveraging RoPE’s architectural advantages
without incurring excessive computational costs.

AlphaNet demonstrates an enhanced speed-accuracy trade-off
The primary advantage of NNIP models over density functional theory
(DFT)-calculated energies and forces is their substantially faster inference
speed. However, increasing the number of parameters in anNNIPmodel to
enhance its predictive accuracy typically results in slower inference speeds.
We conducted speed benchmarking tests among pretrained models on the
Matbench Leaderboard using a set of 28 distinct zeolite structures. These
structures were systematically expanded through a series of 9 expansion
steps until reaching a maximum of approximately 10,000 atoms per
structure. The maximum atom counts at each expansion step were: 672,
3360, 4704, 6048, 6720, 8064, 9072, 10,080 and 10,752. The evaluated
models include AlphaNet, SevenNet52, EquiformerV231, MACE19 and
Mattersim37.

For each pretrained model, we measured the average inference speed
per structure at each expansion step. The testing continued until the model
encountered Out of Memory (OOM) errors for more than half of the
structures at a given step, at which point we terminated the benchmarking
for that model.

All tests were performed on the same hardware configuration: a single
NVIDIA A100-SXM4-40GB GPU. For consistency, we used the ASE
(Atomic Simulation Environment) interface for all predictions.

Table 5 | Results on the Matbench Discovery WBM unique prototype dataset

Model F1 ↑ DAF ↑ Prec ↑ Acc ↑ MAE ↓ R2 ↑ Size ↓ Type

CHGNet 0.613 3.361 0.514 0.851 0.063 0.689 413k EFSGM

MACE-MP-0 0.669 3.777 0.577 0.878 0.057 0.697 4.69M EFSG

GRACE-2L-MPtrj 0.691 4.163 0.636 0.896 0.052 0.741 15.3M EFSG

SevenNet-0 0.724 4.252 0.65 0.904 0.048 0.75 842k EFSG

SevenNet-l3i5 0.76 4.629 0.708 0.92 0.044 0.776 1.17M EFSG

ORB MPtrj 0.765 4.702 0.719 0.922 0.045 0.756 25.2M EFSD

DPA3-v1-MPtrj 0.765 4.654 0.711 0.921 0.042 0.798 3.37M EFSG

eqV2 S DeNS 0.815 5.042 0.771 0.941 0.036 0.788 31.2M EFSD

EScAIP 0.782 5.634 0.712 0.939 0.038 0.783 45M EFSD

eSEN-30M-MP 0.831 5.260 0.804 0.946 0.033 0.822 30.1M EFSG

AlphaNet-L 0.799 4.863 0.743 0.933 0.041 0.745 16.2M EFSG

AlphaNet-S 0.808 4.915 0.751 0.935 0.037 0.796 4.5M EFSG

Boldface indicates the best performance. Underlined values indicate performance in the top 3 for that metric.

Table 4 | Model performance comparison on elastic properties prediction

Model Type err_a (Å) err_b (Å) err_c (Å) err_vol (Å3) err_kv (GPa) err_c11 (GPa) err_c44 (GPa)

AlphaNet-S 0.032 0.032 0.103 2.41 95 41 40

MACE-MP 0.027 0.027 0.075 2.85 94 42 38

SevenNet-l3i5 0.030 0.031 0.098 3.58 104 43 37

ORB v2 0.018 0.019 0.045 2.11 118 81 74

CHGNET 0.036 0.038 0.072 3.29 89 59 46

ALIGNN-FF 0.011 0.011 0.014 0.42 135 196 74

Underlined values indicate performance in the top 3 for that metric.
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As shown in Fig. 3(a), AlphaNet-S demonstrates the fastest inference
speed across all system sizes, maintaining this advantage until reaching its
memory limit at approximately 10,000 atoms - a threshold shared by
Mattersim-v1-5M. The larger parameter models - AlphaNet-L, Equi-
formerV2 Small, and ORB v2 - exhibit significantly higher computational
demands, encountering Out-of-Memory (OOM) errors within the first
three expansion steps (around 4000 atoms). These models show a more
rapid increase in computational time relative to system size compared to
other architectures. Notably, MACE-MP-0 emerges as the sole model
capable of successfully processing systems exceeding 10,000 atoms, though
its inference speed is more than twice as slow as AlphaNet-S for equivalent

system sizes. Furthermore, we assess the inference speed of pre-trained
models featured on theMatbench Discovery leaderboard51. To ensure a fair
comparison, we select compliant, open-source models that are freely
accessible without additional authorization. The average energy prediction
speeds of these models are presented in Fig. 3b. Among these, GRACE
implemented using TensorFlow demonstrates significantly faster inference
compared to the other models, which are built on PyTorch, and our model,
AlphaNet-S, comes in the second place. In particular, AlphaNet-L exhibits
an inference speed comparable to models possessing approximately ten
times fewer parameters, such as SevenNet-l3i5. This finding indicates that
AlphaNet maintains competitive computational efficiency despite its rela-
tively larger size, raising an interestingprospect for investigating its potential
performance with reduced parameters in future studies.

The final efficiency evaluation is conducted using the OC20 dataset,
with results summarized in Table 8. Notably, EScAIP demonstrates

Table 6 | Ablation study on RoPE and layer depth (hidden
channels = 128) across datasets (validation loss ↓)

Layers RoPE Gra. For. Zeo.

2 w/ 3.4 4.4 3.3

w/o 4.2 4.6 3.9

3 w/ 3.2 4.2 1.9

w/o 4.0 4.4 3.6

4 w/ 3.2 4.2 2.0

w/o 4.0 4.3 3.6

5 w/ 3.3 4.4 2.3

w/o 4.2 5.4 4.1

6 w/ 3.3 4.5 -

w/o 4.5 5.3 -

Dataset abbreviations: Gra. (Defected Graphene),For. (Formate Decomposition), Zeo.(Zeolite), also
used in Table 7.

Table 7 | Ablation study on hidden channels of a 4-layer model
across datasets (validation loss ↓)

Hidden Channels RoPE Gra. For. Zeo.

64 w/ 3.3 4.5 2.2

w/o 3.6 4.9 3.6

128 w/ 3.2 4.2 2.0

w/o 4.0 4.3 3.6

176 w/ 3.2 4.2 1.5

w/o 3.9 4.5 3.4

256 w/ 3.3 4.2 1.3

w/o 3.9 4.8 3.2

Fig. 2 | Comparative analysis of neural network performance across different
hidden channel configurations. (Numof layers: 2: blue, 3: yellow, 4: green, 5: red).
a Results for 64 hidden channels showing layer-wise performance. b Results for 128

hidden channels with layer differentiation. c Results for 176 hidden channels
demonstrating layer-dependent variations. dResults for 256 hidden channels across
model depths.
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outstanding efficiency in both inference speed and memory usage, even
given its substantial model size. AlphaNet exhibits a marginally faster
inference speed; however, it incurs highermemory consumption compared
to EScAIP. It is important to emphasize that models such as AlphaNet,
SchNet, and DimeNet++ are conservative in their force calculations,
inherently relying on PyTorch’s autograd functionality, thus necessitating
additional computational overhead and consequently increasing inference
time and memory usage.

Discussion
AlphaNet represents a significant advance in scalable neural network
interatomic potentials, achieving exceptional accuracy while maintaining
computational efficiency. Its success stems from a novel local-frame-based
architecture (as summarized in Fig. 4) that scalarizes geometric information
within local framesandeffectively aggregates these frames toproduce features
sensitive to both local and global chemical environments. Leveraging this
architecture, AlphaNet adeptly captures complex atomic interactions across
diverse chemical bonding types, includingmetallic, covalent, ionic, and long-
range interactions, demonstrating versatility and broad applicability.

One of AlphaNet’s key strengths is its scalability. The model con-
sistently maintains high performance on a varying dataset size and com-
plexity of atomic systems. Remarkably, AlphaNet achieves robust accuracy
while utilizing fewer parameters compared to conventional approaches,
enhancing its computational efficiency. This capability to effectivelymanage
large-scale datasets without compromising performance positions Alpha-
Net as a highly promising framework for extensive simulations andpractical
real-world applications.

In futurework,weplan to extend themodel’s capabilities to account for
additional interaction types, notably hydrogen bonding, which plays a

critical role across diverse chemical and biological systems. Another
important direction is enhancing the interpretability of the proposedmodel.
Although our current implementation demonstrates strong predictive
performance, its applicability and reliability in practical scenarios can be
significantly improved by achieving deeper insight into how the model
identifies, processes, and leverages atomic-level interactions.

Additionally, addressing the efficient use of GPU memory during
training presents a long-term challenge, particularly for large systems
exceeding 10,000 atoms-even when leveraging parallelization across mul-
tiple GPUs. This limitation, common among most message-passing neural
networks, must be overcome to facilitate scalability toward larger andmore
complex systems. Future research will prioritize memory optimization
strategies to surmount this bottleneck, ensuring broader applicability and
enabling analysis of increasingly intricate molecular systems.

Methods
Framework formulation and relevant concepts
Neural network interatomic potentials provide a way to describe a single
state of a molecular system by a set of atom types h 2 Rn× d and atomic
positions x 2 Rn × 3. Inmolecular dynamics, we are interested in learning a
function f : Rn× d ×Rn× 3 ! R which predicts the energy of the current
state of themolecular system readily to be used for simulation. The force can
be further calculated by−∇x f (x), thus often referred as to neural network
interatomic potentials (NNIPs). The subsequent paragraphs delineate the
essential components of our proposed model.

One common way to model molecular systems is through message-
passing neural networks, which are general neural architectures that
leverage both permutation equivariance and locality in graph-structured
data. Specifically, there are two essential operations in message-passing

Fig. 3 | Computational performance benchmarking of neural network intera-
tomic potentials (NNIPs). a Inference time versus system size scaling on zeolite
structures. The x-axis represents the maximum system size (number of atoms) at
each expansion step, while the y-axis shows the computational time (units: second)

in energy evaluations per structure. b Speed-accuracy trade-off analysis on Mat-
bench Discovery benchmark. All models comply with the official leaderboard
requirements. Performance is measured in energy evaluations per second (x-axis)
versus prediction accuracy (F1 score) (y-axis).

Table 8 | Efficiency evaluated on the OC20 dataset, using a single A100 40GB GPU

Models Parameters ↓ Training Speed (Sample/
Sec) ↑

Training Memory
(GB/Sample) ↓

Inference Speed
(Sample/Sec) ↑

Inference Memory
(GB/Sample) ↓

Conserv.

SchNet 9.1M 39 2.5 112.1 1.7 ✓

DimeNet++ 10.1M 29 3.6 92 2.5 ✓

GemNet-OC 38M 16.22 1.63 39.2 1.61 ✓

eSCN 51M 8.5 1.75 25.2 1.74 ×

EScAIP 83M 37.8 1.23 111.8 1.09 ×

EquiformerV2 31M 15.7 1.63 36.72 1.61 ×

AlphaNet 6.1M 41.2 2.2 120.1 1.5 ✓

Conserv. denotes energy conservation. Underlined values indicate performance in the top 3 for that metric.
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neural networks, message calculation and message update. The message
calculationoperation encodes structuredmessages from local environments
mi ¼ �j2N ðiÞf mðf hðxiÞ; hðxjÞ; eijÞwhere i and jdenote the indexof different
nodes, eij denotes optional edge features and fm and fh denote neural net-
works that encode both edge and node features. The message update
aggregates the incoming messages from the neighborsmi = fu(mi), where fu
is a neural network.

Equivariance is another crucial property in building MLFFs as mole-
cular systems are invariant to the Euclidean group. A function f is said to be
equivariantwith respect to a certain groupG if f∘g(x) = g∘f(x),∀ x∈X, g∈G.
One natural property of message-passing neural networks is permutation
equivariance such that changing the order of the input set of nodes does not
result in a different output for the same node, since it only depends on the
neighbors which are unchanged under permutation. In addition to per-
mutation, we need to consider the special Euclidean group in 3D, SE(3),
which includes rotation and translation operations. We do so by leveraging
local frames42. Specifically, we build a set of equivariant and complete frames
and scalarize the geometric quantity which does not break SE(3)-equivar-
iance under nonlinear neural network encodings.

To build equivariant and complete frames from atomic positions, we
consider the following edge-based frames following42:

F ij ¼ ê1ij; ê
2
ij; ê

3
ij

� �
¼ xi � xj

k xi � xj k
;

ðxi � xÞ× ðxj � xÞ
k ðxi � xÞ× ðxj � xÞ k ;

ðxi � xjÞ× ðxi � xÞ× ðxj � xÞ
� �

k ðxi � xjÞ× ðxi � xÞ× ðxj � xÞ
� �

k

0
@

1
A

ð1Þ

To scalarize geometric quantities such as a vector v, we take the inner
product between it and the frames which results in a set of invariant scalars
and can be inverted via a tensorization operation:

Scalarize ðv;F ijÞ ¼ ðs1ij; s2ij; s3ijÞ ¼ ðe1ij � v; e2ij � v; e3ij � vÞ ð2Þ

Tensorize ðsij;F ijÞ ¼ s1ije
1
ij þ s2ije

2
ij þ s3ije

3
ij ð3Þ

Following53,we further leverage an efficient and expressive extensionof
the above equivariant message-passing neural networks based on local
frames. We consider two modules to improve the expressiveness while
maintaining the efficiency of the network. Specifically, we leverage a local
structure encoding module which scalarizes not only features from local
neighbors but also from overlapping neighbors along each edge, denoted as
Aij :¼ f lð Scalarize ðSi�j;F ijÞÞ, where fl denotes a neural network and Si−j

represents overlapping neighbors of node i and j. In addition, we use an
additional frame transition module which encodes the alignment between
each neighboring frame to improve the expressiveness. We realize this by
incorporating vector-based message passing to amortize the cost wheremij

denotes equivariant edge features. This framework is highly efficient as it
avoids expensivehigher-bodymessage-passingneural networks andhigher-
order tensor updates.

fhi; xig ¼ ff uð�j2N ðiÞf mðhðxiÞ; hðxjÞ;Aij; eijÞÞ;�j2N ðiÞfmðhðxiÞ; hðxjÞ;Aij; eijÞmijg
ð4Þ
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Fig. 4 | Overview of AlphaNet framework.We first process the input atomic types
and coordinates to scalarized features and frames and pass them further to a loop of
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Core innovations of AlphaNet
Rotary positional embedding is introduced as multi-body message passing
contraction and invariant frame transition. Positional embeddings are
known to improve and stabilize the training of transformers54.We establish
the relationship between the commonly used Rotary Position Embedding
(RoPE) and the frame transition used in our architecture55. In fact the frame
transition can be considered as a generalized rotary positional embedding
for 3D equivariant frames. Note that the spirit of rotary position embedding
is to design an embedding scheme for relative position in sequential data. To
build the rotary positional embedding,55 utilizes the relative index between
nodesxi andxjof aone-dimensional sequence tofinda function g(xi,xj, i− j)
such that

hf qðxi; iÞ; f kðxj; jÞi ¼ gðxi; xj; i� jÞ ð5Þ

where fq and fk denote the neural network embeddings of query and key
inside an attention layer. Fortunately, there is an explicitwayof building gby
multiplying f{q, k}(xi, i) with the diagonal matrix expanded by rotation
matrices55:

cos θn; � sin θn
sin θn; cos θn

� �
ð6Þ

where θn ¼ 10000�2ðn�1Þ
d ; n 2 ½1; 2; . . . ; d2�, and d is the dimension of

features. From a geometric point of view, the index i of xi provides a one-
dimensional position embedding such that the inner product 〈fq(xi, i), fk(xj,
j)〉 only depends on the relative position i − j. In the three-dimensional
world, we can utilize the frame transition matrices between xi and xj that
play a similar role to the index difference i − j in a one-dimensional
sequence.

From another perspective, RoPE enables multi-body message passing.
Common message passing typically relies on the summation of two-body
interactions. In contrast, RoPE facilitates multi-body interactions through a
mechanism reminiscent of matrix product state contraction56. Specifically,
we employ a learnable kernel to perform convolutions over
neighboring nodes.

The process begins by constructing an input sequence that combines a
virtual node with projected quantum state features:

Q ¼ ½a; q1; q2; . . . ; qH � ð7Þ

where a 2 CB× 1×D serves as a virtual node, whileqh 2 CB× 1 ×D represents
the complex feature projection of the h-th head.

Thefirst convolution operation performsMPS-like tensor contraction:

Ci;k ¼
XHþ1

j¼1

XD
l¼1

Qj;l �K1;j;l;k ð8Þ

where K1 2 CB× ðHþ1Þ×D× χ2 is the MPS-inspired kernel tensor and C 2
CB× χ2 contains the intermediate features capturing multi-body
correlations.

The interaction is enhanced through a distance-aware diagonal term:

b ¼ a diag � w diag þ 1 ð9Þ

where a diag ¼ SiLUðf diag ðrbf ijÞÞ 2 RB× χ2 incorporates activated dis-
tance information from radial basis functions, and w diag 2 Rχ1 provides
learnable diagonal weighting.

A second convolution then transforms the features:

Z ¼ C �D ¼
Xχ2
k¼1

Ci;k � Dk;l ð10Þ

where D ¼ f linearðbÞ 2 Cχ2 × χ1 is the complex transformation matrix and
Z 2 CB× χ1 represents the final complex output.

Finally. the complex features undergo final processing through sepa-
rate real and imaginary transformations followedbyphase extraction,which
is RoPE:

RoPE ¼ ffðf fcðRe ðZÞÞ þ i � f fcðIm ðZÞÞÞ ð11Þ

To summarize, we introduced the rotary positional embedding on
invariant features h and represent the rotation by the multiplication of
complex numbers. We predict an additional complex number from our
invariant featureshi for each node i andmultiply it by the scalarized features
hi. Similar to the equivariant message passing in each layer of the network,
the learned rotary embedding is also applied in each layer.

In addition to the spatial domain as in RoPE, we also consider the
temporal domain, which can be described by the depth of the neural
network57. As message-passing neural networks are local, it is beneficial to
integratemulti-scale information. Specifically, for eachconsecutive layer,we
learn a kernel that linearly transforms and aggregates features. Given the
invariant feature embeddingshl1 at layer l1 andh

ðl2Þ at layer l2, the kernel is of
the matrix product form:Mðl3;1;2Þ which transforms hðl1Þ and hðl2Þ to a new
feature hðl3Þ and adds it as a residual into the next layer.

hðl3Þ ¼
XK1

k1¼1

XK2

k2¼1

M
ðl3;1;2Þ
k1;k2

� hðl2Þk2

0
@

1
A � hðl1Þk1

ð12Þ

Data availability
Our code and data are available at https://github.com/zmyybc/AlphaNet.
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