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Abstract One universal potential for all-purpose atomic simulations has been pursued for decades, but has faced extreme challenges in both reaching high
representation capability of the model and constructing comprehensive potential energy surface (PES) data across the periodic table. Here we present a low-cost and
high-accuracy machine learning (ML) model, namely high-order pair-reduced neural network (HPNN), which adopts a hierarchical angular interaction scheme
with reduced pair dimension, enabling the incorporation of spherical harmonics up to I = 6 at a low cost. Using the architecture, we demonstrate the capability to
train a generalized global neural network potential (GG-NN) using a comprehensive dataset of 5.84 million global PES configurations covering 83 elements in the
periodic table collected from LASP project in the past decade, which reaches the root-mean-square errors of 7.3 meV/atom for energy and 0.16 eV/A for force. By
benchmarking with mainstream ML models on representative global PESs, e.g., Ti-O and C-H-0, we show the high performance of specially-trained HPNN and
GG-NN both in the inference speed and in the accuracy. Our results pave the way to exploit the generalized global potential for large-scale atomic simulations to
accelerate molecules and material prediction via global PES exploration.

Keywords atomic simulations, high-order pair-reduced neural network, generalized global neural network, universal potential, reaction barrier
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1 Introduction

Over the past decade, machine learning (ML) potentials have
revolutionized large-scale atomic simulations by offering a sig-
nificant speedup in potential energy surface (PES) evaluation while
maintaining the high accuracy comparable to quantum mechanics
(QM) calculations [1-7]. It benefits particularly the fields requiring
long-time simulations, such as molecular dynamics (MD) [8-10]
and global PES exploration, aiming to predict the physicochemical
properties of materials and reactions [11-13]. However, current ML
potentials generally learn from relatively simple datasets dominated
by stable local minima [14,15], lacking the structural diversity on
the reaction intermediates (transition states), glassy and high-
energy minima that are common in global PES data, and thus
greatly hamper the predictive power of ML-based atomic simula-
tions [16]. This is partly because of the lack of a global PES dataset
for all elements, but, more importantly, the great difficulty in
developing a general and reliable ML model that can fit global PES
data across the periodic table with high accuracy and high
efficiency.

The representation capability of an ML potential depends critically
on the dataset to learn and the ML model employed to learn the
dataset. The ML model, depending on the choice, can be
implemented to suit different hardware platforms, i.e., central
processing units (CPUs) and graphics processing units (GPUs)

[6,17]. For ML potentials using explicit function (no learnable
parameters) structure descriptors [18] as input (also known as local
descriptors), such as global neural network (G-NN) potential
implemented in LASP project [19-21] by our group, the high-order
(e.g., I = 6) spherical functions can be utilized directly to learn
complex chemical environment and feasible to implement parallelly
in CPU machines. However, these potentials can maximally handle
the global PES data with fewer than 10 elements due to the
limitation of CPU in training a large dataset (e.g., > 200 K). On the
other hand, GPU-machines with massive computation units excel at
handling large training datasets and expansive parameter spaces
[22-26], e.g., massive learnable parameters in the non-local
structure descriptors, holding the promise to achieve better
generality and higher accuracy ML models than CPU-machines
[27,28]. One major concern with GPU-based ML potentials is how
to incorporate the nonlocal and complex spatial information
effectively and efficiently.

To date, a standard choice of GPU-based ML models for training
potentials [29] is the graph neural network via message-passing,
i.e., message passing neural network (MPNN), which represents
atoms and bonds as nodes and edges in the graph, respectively, and
extracts atomic features via iterative message passing between
nodes. It was, however, soon realized that only two-body (pair-wise)
distances between neighboring atoms, as first implemented in
SchNet [22], cannot capture fine spatial information in structure.
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Subsequently, extensive efforts have sought to integrate spatial
information into MPNN models to enhance the ML potential
accuracy in describing PES [30-32]. The early efforts by incorpor-
ating explicit three and four-body functions (angle and torsion
information [33]) following those practiced in CPU-based ML
potentials [34,35] did show encouraging progress, but these explicit
functions significantly hurt the performance in speed on GPU
computation [36]. Another idea to include angular spatial
information by using spherical harmonics Y"™ with high-order
angular moments (I > 0), as learning from atomic wave functions
[18,37,38]. Equivariant graph neural networks (EGNNs) proposed
by Satorras et al. [39] and implemented later in PaiNN [40] and ET
[24] potentials demonstrate that the incorporation of first-order
(I =1) spherical harmonics, equivalent to three-body functions, can
already achieve better performance than explicit function poten-
tials. By further increasing angular moment up to [ = 3 using the
Clebsch-Gordan (CG) tensor product formalism to realize the
coupling between high-order vectors [41], a group of ML models,
such as NequlP [42], Allegro [43], and MACE [44], do achieve the
state-of-the-art performance, but, unfortunately, sacrifice signi
ficantly the performance in speed because the CG tensor product
is a heavy operation of O(I°) complexity on atomic pairs (Np) [45],
ie., O(n X N, X 1°) for systems with n atoms. Specifically, Wang et al.
[46] benchmarked the performance of different ML models on a
Chignolin peptide (166 atoms), and showed that MACE [44]
potential with only I = 2, while more accurate, is about one order of
magnitude slower than PaiNN [40] with I = 1. Recent years have
seen encouraging progress in using higher-order spherical harmo-
nics while reducing the intrinsic scaling, such as SO3KRATES and
eSCN models [45,47], which can reduce the spherical-harmonics-
related computational complexity to O(I*) and O(I), respectively.
Specifically, SO3KRATES separates the invariant and equivariant
information to avoid the expensive tensor products on atomic pairs.
To date, it remains largely elusive whether the high angular
moment, e.g., | > 2, is essential to learn a global PES with many
elements, and, if it is true, could the computational cost in
incorporating such high angular moment spherical harmonics be
reduced, considering the huge data to learn global PES of all
elements?

Here, we develop a low-cost GPU-based ML model, named the
high-order pair-reduced neural network (HPNN), capable of
learning the vast global PES data for elements across the periodic
table. We show that the high-order spherical harmonics up to I = 6
are critical to describe complex PES, such as TiO, material low-
concentration defects and chemical reactions. Instead of performing
the CG tensor product operation, we introduce effective schemes to
incorporate high-order spherical harmonics and achieve a linear
spherical-harmonics-related computational complexity O(21) with
balanced accuracy and speed performance. A generalized global
neural network (GG-NN) potential with the HPNN architecture is
obtained by training on a 5.8 million global PES dataset covering 83
elements (2025 August), which shows the great potential for
structure and reaction prediction in general.

2 Methods

2.1 High-order pair-reduced neural network

Aiming to explore the global PES of molecules and materials in
general, which contains a large number of structures with
distorted/disordered configurations, we here develop an HPNN
model, focusing on solving the high spatial discrimination between
structures and achieving high-speed performance in PES computa-
tion. As illustrated in Figure 1, our HPNN model includes an input
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sector to take structure information, an interaction block contain-
ing fixed three high-order pair-reduced (HP) layers to abstract
molecular features, and a readout NN to obtain the energy of the
system. HPNN follows the general scheme of GPU-based graph
neural network models (Figure S1, Supporting Information online),
but invents a new interaction layer to incorporate the neighboring
information. Specifically, the HPNN does not utilize the message
passing via CG tensor product, but includes different orders of
spherical harmonics up to I,.x = 6 via concatenation. The HPNN
architecture is now elaborated as follows.

In the input module, we represent each atom i in a system by a

node vector of length N, x; = {ﬂclk k=1,2,.., Nn}. The node vector
is initialized via an embedding layer with the element Z; as input, as
shown in Eq. (1). In the meantime, another embedding layer is
utilized for each element to yield a scalar value, Eiwf, the energy
reference of the element, as shown in Eq. (2), which defines the
energy baseline for the element. The introduction of Efer can speed
up the convergence of training markedly.

x; = Embed _v(Z),) (1)

E™ = Embed _s(Z,) (2)

For the atomic pair within a preset cutoff r., (typically below
5 A), we employ Gaussian functions (G) to encode its distance rij

into a pair vector, RO; = {RO;}, k=1,2,.., Np}' of dimension N,, as
shown in Egs. (3)—(5), where r, is the center of the Gaussian
function, incremental from O to r., and ¢ is the Gaussian width.
RO;; is then utilized as the input for a two-layer NN, the pair-NN,
which outputs the pair vector R;; for use in the interaction blocks.

2
(=)

R®=dm=w{ (3)

207
Fe
0.5 x tanh|1 — —-| for r;<r,
f;(ri}) = Teut J cut (4)
o for 1> 1y,
R;; = NN{RO;; - /(1) 5)

2.1.1 Interaction block

The interaction block performs the message passing to update the
node vector x,. The message passing is pair-based by exploiting the
geometrical information of atomic pairs, including the pair vector

R; and the spherical function Ylm(rij). The interaction block is

constituted by three HP layers, each containing a pair-based
message passing followed by an atom-based two-layer NN.
Compared to EGNN, the interaction block of HPNN, as shown in
Figure 1b, has two major improvements implemented to balance
the high efficiency and good accuracy.

First, considering the high computational load of the pair
operation in message passing, particularly in solid materials with
many neighbors, we shrink the dimension of atomic features x; to p;
with a shrinking linear layer upon entering the interaction block
(see Eq. (6)), but restore the dimension to x; with an expanding
linear layer once the pair operation is finished. In this way, the
parameter space of HPNN will not be compromised at the expense of
the pair operation since the subsequent atomic NN remains to
operate at the full dimension x;. In practice, p; can be half or even a
quarter of the original x;.

p,=Wx+b (6)
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Figure 1 (Color online) Architecture of the HPNN. (a) Overall scheme of HPNN. The model takes atomic numbers Z; and 3D coordinates (ry, r», ..., r,) as inputs, and outputs the total
energy (Ey) of the structure. (b) Hllustration of the HP interaction layer, which realizes the separated messaging passing at various I orders, couples spherical harmonics of various orders

into atomic features that pass atomic NN with layer normalization and activation.

Second, as the CG tensor product is highly computationally
intensive, which practically prevents the use of the high-order
spherical functions, we adopt a variable angular interaction scheme
to incorporate high-order angular information hierarchically with
Imax up to 6. The message in HPNN is formulated in Egs. (7) and (8),

mgn - (pi ® p}' ® Rij) &® Ylm(rij) (7)
Nei

el= HW’ domirl . a=0.11) o
i=

2

xFl=xt+ NN(e?GBeil@ef“) 9)

Im
ij
the shrunk atomic features, followed by the outer product with
individual spherical harmonics of different orders. In each HP layer,

we simultaneously perform I = 0, 1= 1, and I =1,. Eq. (8) transforms

where the message m;" is now written as the Hadamard product of

aggregated angular messages into a scalar representation ef within
each HP layer by computing the magnitude of the spherical
harmonic. The angular-dependent atomic features ef (I=0,1, 1)
are concatenated and pass the atomic NN (Eq. (9)) to yield the
updated atomic feature xﬁ”. By stacking the HP interaction layer

three times with a varied I,, a hierarchical incorporation of high-
order angular information is achieved. Specifically, the initial HP
layer utilizes the spherical harmonic with I, = 6 to encode the
highest resolution angular details, focusing on the local geometry,
while the latter two layers adopt gradually reduced order harmonics
with I, = 4 and I, = 2, respectively, aggregating the non-local
geometry information of the overall structure. This design is
inspired by convolutional neural networks (CNNs) [48], where
early layers extract fine-grained, high-frequency local patterns and
later layers capture broader, smoother contextual information. In
Table S1 (Supporting Information online), we show that the
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hierarchical HP architecture with three layers (I, being 6, 4, 2
consecutively) achieves the best performance in PES accuracy
compared to other choices of I,.

We emphasize that the HPNN architecture is a lightweight
invariant model, where only node scalar information is iteratively
updated in ResNet. It differs from the implementation in EGNN,
where the vector components (I > 0) are preserved and updated
throughout the interaction blocks but are eventually discarded
before entering the output sector [42—45]. Our choice is, in fact,
natural since only the total energy of the system, a scalar quantity,
is to be predicted directly for the ML potential with the forces
obtained by computing the derivatives of the total energy via
network backpropagation.

2.1.2  Output

Similar to the previous ML models, a readout NN using three fully
connected layers transforms the final atomic features x; from the
interaction block into a scalar value, which represents the energy
correction term of the atom in the chemical environment. The total
energy of the system is then obtained by summing the energy
correction terms together with all atomic EirCf energies from the

input sector, as shown in Eq. (10).

i NN(x;) + Z B

i=1

(10)

2.2

To assess the performance of HPNN in PES evaluation, we
performed a series of benchmark inference calculations, as shown
in Figure 2a, on a TiO, bulk crystal with different numbers of atoms
(96 to 8,160 atoms) using a single GPU (NVIDIA GeForce RTX
4090). The performance of HPNN (3 layers, I,,.x = 6) is compared
with that of mainstream GPU models, e.g., PaiNN model [40]
(3 layers, I,.x = 1), NequlP model [42] (3 layers, L,.x = 2), Allegro

Inference efficiency of HPNN

3



model [43] (3 layers, Lhax = 2), MACE model [44] (3 layers, La.x =
2), and a more recent SO3KRATES model [45] (3 layers, hax = 3)
with a similar parameter size (~1.4 M). These representative
models’ parameters and theoretical scaling with respect to key
parameters (Np, Inmay) are listed in Table 1. Our results are
summarized in Figure 2a and Table S2. We found that for the
smallest system of 96 atoms, the SO3KRATES model achieves the
fastest inference efficiency, specifically 8.00 ms per energy/force
evaluation. The PaiNN model with the lowest order also has a high
inference efficiency of 11.92 ms, slightly outperforming HPNN
(13.65 ms). All of these are significantly faster than MACE, which
requires 53.61 ms for the same task (NequlP and Allegro have the
same scaling as MACE; NequlP results shown in Table S2). As the
system size increases, the inference time of the MACE model (green)
grows rapidly, being the longest among all tested models (Figure 2a)
until reaching the limit of 1,920 atoms, the largest size capable of
fitting in a single RTX 4090 GPU due to excessive memory
consumption of tensor product operations. In contrast, HPNN
(blue), PaiNN (orange), and SO3KRATES (purple) exhibit a good
linear scaling up to 8,500, with HPNN surpassing PaiNN beyond 96
atoms and SO3KRATES beyond 3,840 atoms, revealing its superior
scalability for large-scale atomistic simulation. This performance is
consistent with the scaling data of different models, as listed in Table
1, where both HPNN and SO3KRATES achieve a low scaling with
respect to I,.x. It might be mentioned that the inference of the
SO3KRATES model utilizes the more efficient JAX package [49],
which is intrinsically faster than the PyTorch package [50,51] used
in our HPNN.

Figure 2b compares the performance of the multi-GPU version of
HPNN (four GPU devices utilized in the figure) with that of a single-
GPU version, with all data detailed in Table S3. Two techniques

Inference (Single-GPU)
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enabling HPNN to handle systems containing more than ten
thousand atoms are also illustrated in Table S3. Although multi-
GPU implementation incurs a higher latency due to the inter-GPU
communication overhead (e.g., 64.34 ms for small systems), its
inference performance surpasses that of the single-GPU version
beyond the system size of 4,800 atoms. The computation time scales
linearly with the system size, the curve of which has a smaller slope
compared to that in the single-GPU version, demonstrating high
scalability towards large-scale atomic simulations. Impressively, at
a medium size of 8,160 atoms, the multi-GPU version reduces the
inference time by nearly 50% (97.01 ms vs. 201.71 ms for single-
GPU).

Apart from the bulk Ti—O system, we also performed training and
inference tests on an isolated system, i.e., the Chignolin mini
protein, where the efficiency tests of some mainstream ML potential
models are available from the literature. Briefly, on the chigonilin
dataset, HPNN achieves a training time of 7.08 ms per structure on
a single NVIDIA V100 GPU, which is significantly faster than other
models (e.g., MACE: 101.6 ms, NequIP: 233.6 ms) [46], and related
data are detailed in Table S4. The HPNN model also exhibits a good
inference latency, i.e., 11.7 ms for energy and force calculations per
structure (RTX 4090 GPU), which outperforms TensorNet [52]
(26.5 ms) and ET [24] (26.8 ms) models. These results confirm the
high speed and scalability of HPNN in both training and inference.

3 Results and discussion

With the high performance of the HPNN architecture, we
established a generalized global neural network (GG-NN) potential,
leveraging all the datasets of the LASP project [19-21] that were
utilized to generate more than 340 G-NN potentials of the G-NN

HPNN Inference
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Figure 2 (Color online) Inference efficiency of HPNN on single and multi-GPU systems. (a) Single-GPU inference times for HPNN, MACE, and PaiNN on TiO, systems (96 to 8,160
atoms). See Table 1 for hyperparameters. For the MACE model, the cuEquivariance library is not utilized. (b) Inference times for single-GPU and multi-GPU (four cards) versions of HPNN.

Table 1 Hyperparameters and theoretical scaling of GPU-based ML potential models

Model Params (M) Niea Nyee N, Imax Nint Scaling®

HPNN 1.51 256 0 128 6 3 O(MXNegiX (2lmaxt5)XNp)

PaiNN 1.40 196 196%3 196 1# 3 O(nXNeiX4XN,)

NequlIP 1.44 64 64X8 64 2 3 OMXNgiX (Inax+1)° XNp)

Allegro 1.30 64 64x8 64 2 3 O(MXNeX (Lt 1)°XN,)

MACE 147 128 1283 128 2 3 (ane,x(l,,,axH)"pr)
SO3KRATES 1.40 288 15 288 3 3 OXNX (I +1)*+N,))

a) n is the number of atoms; N is the number of neighbors; # PaiNN I,y is fixed as 1 (Params: the number of model parameters, Ny.,: scalar node feature length, Nye:
vector components node feature length, N,,: pair feature length, I,,.x: maximum degree of spherical harmonics, Ni,: the number of interaction layers). The cutoff radius for all

listed models is the same, 5 A.
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library (http://lasphub.com/#/lasp/gpunnLibrary) for the LASP
software in the past decade. In the following, we first present the
GG-NN potential (Sect. 3.1) and benchmark the performance of the
GG-NN potential and the specifically trained HPNN potential
against other mainstream GPU models in the challenging global
PES system, aiming to predict TiO, solid energetics with low
concentration defects (Sect. 3.2), and chemical reaction barriers of
gas phase molecules (Table S8). The former one involves the long-
range interaction (>10 A) between low-content defects, and the
latter one requires a high resolution to resolve the local geometry
change during reaction. Both systems have been utilized previously
to assess the performance of CPU-based LASP potentials [27,53]. In
addition, to guide the practical use of GG-NN, we also illustrate the
GG-NN performance in material prediction (Matbench [54]) in
comparison with other universal foundation potential models
(Sect. 3.3).

3.1 GG-NN potential

The dataset for the GG-NN potential comprises 5,844,031 unique
configurations over 83 elements, as summarized in Figure 3a,
covering the most common elements in the periodic table. The
generation scheme and density functional theory (DFT) setup are
detailed in Figure S2. It should be mentioned that the spin-
polarization was taken into account for structures containing 3d
elements (V, Cr, Mn, Fe, Co, Ni) and f-block lanthanide elements.
The final GG-NN potential exhibits good accuracy, namely, the
root-mean-square errors (RMSE) of 7.348 meV/atom for energy,
0.163 eV/A for atomic forces on the global training dataset. The
levels of error are comparable to the CPU-based G-NN potentials
utilized in the LASP project, which have been widely utilized by

(@)

Generalized Global Dataset

5.84 Million Structures

9 10
W [ o [~
7.348 meV/atom 5

RMSE on the training set Energy
Force

many users [55-58]. These results demonstrate a good learning
ability of the HPNN model for the vast global PES data across the
periodic table. Our previous work [53] have shown that the PES
prediction using global NN potential is generally robust, but extra
data on the target PES is essential in order to reach a very high
accuracy for the target system (such as ~ 1 meV/atom), which can
be achieved by re-training with expanded training data, or, more
conveniently, by fine-tuning with newly-generated target PES
dataset.

To give a quick outlook of GG-NN performance, Figure 3b, ¢
shows the zero-shot performance of the GG-NN calculations,
predictions without system-specific training, in two complex surface
systems recently investigated by our group [59,60], namely, CO
activation in Fischer-Tropsch synthesis on iron carbide surfaces and
the adsorption of diverse organic molecules on copper surfaces. Both
systems are covered by the training dataset, and thus, the purpose is
to examine the GG-NN potential performance against the previously
published CPU-based G-NN potentials trained specifically on the
target systems.

As shown in Figure 3b, the GPU-based GG-NN potential predicts
well the reaction pathway energetics for CO activation on the FesC,
(510) surface [61]. The mean absolute error (MAE) in the predicted
Gibbs free energy along the pathway is 0.0501 eV compared to the
DFT data, while our previous CPU-based G-NN potential has an
MAE of 0.0768 eV. Detailed Gibbs free energies of initial, transition,
and final states are provided in Table S5. For molecular adsorption
on Cu surfaces [62], as shown in Figure 3¢, we examined 10,000
molecules and fragments with unique functional group configura-
tions adsorbed on three low-index Cu surfaces: (111), (100), and
(211). The composition distribution of these organic molecules and
fragments is shown in Figure S3. The GPU-based GG-NN potential
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Figure 3 (Color online) Generation and Performance of GG-NN. (a) Element distribution of generalized global datasets and RMSE accuracy of GG-NN potential. (b) Performance of
GG-NN potential in predicting CO activation in Fischer-Tropsch synthesis on the FesC, (510) surface. (c) Performance of the GG-NN potential in predicting the energies of 10,000 different
organic molecules adsorbed on Cu surfaces. The atomic elements are color-coded as follows: C in grey, H in white, O in red, Fe in orange, N in blue, and Cu in coral.
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achieves an MAE of 2.27 meV/atom for the energies of these
adsorbed structures and an R? coefficient near 1 (0.99999),
compared to 3.00 meV/atom and 0.99998 for the CPU-based G-
NN potential. These two examples demonstrate the good agreement
among GG-NN, CPU-based G-NN, and DFT -calculations, and
confirm a robust performance of GG-NN across different surfaces
and molecular configurations. Considering the vast global PES data
across the periodic table can now be learned into one model with
only 1.5 million parameters, the GG-NN-based atomic simulation
offers a convenient and unified platform to handle different PES
problems.

Apart from that, we performed MD simulations to examine the
GG-NN model’s numerical stability on evaluating the kinetics of two
example systems, namely the anatase TiO,(101) surface [53], and
the water droplet on quartz a-SiO, (110), a large system with 8,541
atoms, which are detailed in Figure S4 For the anatase TiO,(101)
surface, the GG-NN predictions exhibit excellent agreement with
reference DFT calculations, achieving an RMSE of relative energy as
low as 1.70 meV/atom. For the water droplet, the GG-NN model
maintains stable dynamics over long simulation times, i.e., max
energy deviation is 0.045 meV/atom, further demonstrating its
robustness in handling large and complex systems.

3.2 Global PES of Ti-O binary systems

We then evaluated the performance of the GG-NN and specifically-
trained HPNN model on two challenging systems. The first example

(@) @ Ti0,(13,026) X Ti(6187) ¥ Ti,0,(581)  (c)
@ TiO,_, (6,820) M 0O, (664)

E-E, .. (eV/atom)
18.6 A

() Test data (1,364) (d)

. O Atom

is the Ti—O binary global PES [63]. This dataset includes 27,278
global PES structures with various chemical compositions ranging
from gas molecules to surface slabs and to bulk structures, including
6,187 Ti, 13,026 TiO,, 6,820 TiO,_,, 664 0,, and 581 Ti;_0,
structures in chemical formula. The TiO,_, and Ti,_,O, structures
are mostly defective TiO, bulk crystals with O and Ti vacancies,
respectively. Structural details, including chemical formulas, atom
counts, and structure types (cluster, bulk, layer), are provided in
Table S6. The complexity of the Ti—O global dataset can be
visualized in Figure 4a, where the x- and y-axes denote the distance-
weighted Steinhardt order parameters (OP, and OP,4) [64], two
different structural descriptors, and the z-axis represents the relative
energy with respect to the stable elemental structures of Ti and O. It
shows that the energy of the structures spans a wide range, from —1
to 6 eV/atom, with the stable structures, e.g., Ti crystal bulk, O,,
and TiO, crystal, located at the bottom, and the configurations, e.g.,
Ti clusters, defective Ti;_,0,, and TiO,_, clusters at high-energy
regions.

The HPNN and other mainstream GPU models, including PaiNN,
NequlP, Allegro, and MACE, were then trained on the same Ti—O
global dataset with a randomly split train and test sets at a 95% to
5% ratio. The number of parameters for each model and the
maximum order of spherical harmonics (I,,.,) are summarized in
Table 1. Figure 4b displays the performance of the different models.
Performance and architectural details are provided in Table S7.
Notably, our HPNN model (I,,.x = 6) shows the best performance in
terms of energy and force errors on the Ti—O test dataset, with RMSE
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Figure 4 (Color online) Ti-O Global PES and Model Performance. (a) Distribution of the Ti-O global dataset (including O, Ti, TiO,, TiO,—,, and Ti;_,0,). The x- and y-axes represent
Steinhardt order parameters (OP,, OP,), and the z-axis shows relative energy relative to the reference values for the Ti crystal and the O, molecule. (b) Performance comparison of HPNN,
PaiNN, NequlP, Allegro, MACE, and GG-NN on the test set, including errors in energy and forces. See Table 1 for hyperparameters. (c) Four defective TiO, (rutile) structures. (d) The error
in predicting vacancy formation energy (AAE) by HPNN, PaiNN, NequlP, Allegro, MACE, and GG-NN on the defective bulk structures in reference to DFT values.
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of 6.4 meV for energy and 0.125 eV/A for forces. The MACE model,
which employs CG tensor product and the spherical harmonics I,
= 2, ranks second with RMSE values of 10.3 meV for energy and
0.131 eV/A for forces, where the force accuracy approaches
HPNN’s force accuracy. The PaiNN model and NequlP model
perform relatively poorly, with RMSE values of 15.6 meV/atom and
0.213 eV/A for PaiNN, and 18.3 meV/atom and 0.205 eV/A for
NequlP, primarily due to PaiNN’s limited spherical harmonic order
(Imax = 1) and NequlIP’s lower atomic feature dimensions (64 per
order). Meanwhile, Allegro, incorporating two-body energy terms,
outperforms both PaiNN and NequlP with RMSE values of
13.9 meV/atom for energy and 0.186 eV/A for forces, though it
remains less accurate than MACE. We also note that the zero-shot
GG-NN performs better than PaiNN, NequlP, Allegro models, and is
slightly worse than MACE in the force prediction. This is
encouraging, considering that no extra training is required to
utilize the generalized potential.

Considering that defective sites in oxides, such as oxygen
vacancies, play a crucial role in determining material properties,
we also assessed the predictive ability of different models in
calculating the defect formation energy (AE) of defective TiO,
systems. We constructed defective structures based on a 192-atom
rutile TiO, crystal by systematically removing oxygen (O) or
titanium (Ti) atoms, as shown in Figure 4c. Bulk-1 is the bulk
structure with a single O defect, Bulk-2 has double O defects, Bulk-3
contains a single Ti defect, and Bulk-4 has one O vacancy and one Ti
vacancy. The performance of various models in predicting the defect
formation energy error (AAE) for defective TiO, structures with
respect to DFT results is summarized in Figure 4d.

Again, our HPNN model achieves the best accuracy across
defective structures (bulk-1 to bulk-4), with a defect formation
energy error of less than 5 meV/atom. In contrast, PaiNN, NequlP,
Allegro, and MACE exhibit higher errors, particularly on Ti vacancy
structures (bulk-3 and bulk-4), where their error is greater than
10 meV/atom. This suggests the high-order spherical functions are
critical in capturing the cation vacancy-associated long-range
interactions. It is interesting to note that the zero-shot GG-NN
outperforms in this test case, with the best performance in AAE
across Bulk-2, Bulk-3, and Bulk-4, which could be due to the
success of transfer learning in the large dataset, where cation
vacancies are well represented in structures containing other
elements. We should emphasize that although the cutoff radius in
HPNN is not large, being 5 A, the non-local effect can be enveloped
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via the stacking of three HP layers, leading to an overall perception
range of 15 A, which is enough for the TiO, example. If the defect
concentration is further reduced, we expect that the vacancy
formation energetics would be difficult to predict, even for HPNN.

3.3 Material prediction in matbench

It would be interesting to further compare our GG-NN model with
other universal foundation potential models. For this purpose, we
chose the Matbench Discovery leaderboard [61] that was estab-
lished as a test of a model’s ability for the high-throughput discovery
of stable inorganic crystals. Since the training dataset utilized in
generating GG-NN is different from the open-source dataset (e.g.,
DFT calculation setup, Periodic Table element types), we have to
retrain our GG-NN using the MPtrj dataset (1.58 M data) to cover
89 elements and rescale to the new energy scale of MPtrj. The
performance benchmark on the WBM test set [62] (0.26 M) is thus
finally obtained for the MPtrj-retrained GG-NN.

Figure 5a summarizes the MAE (x-axis in the figure), R* (color of
the circle), and RMSD (y-axis in the figure) results for GG-NN and
other top-performance models [54,65-73]. MAE and R? are from
single-point energy calculations in evaluating the formation energy
of crystals by comparing ML potential with DFT results, and RMSD
measures the difference between the ML potential optimized
structure and the DFT optimized structure, also recommended in
the Matbench Discovery leaderboard. Our GG-NN results are as
follows: MAE is 0.041, R? is 0.832, and RMSD is 0.056. Figure 5a
shows that it is generally true that the larger the model (the size of
the circle) is, the better the performance (the left-bottom of the
figure) would be: the largest model, eSEN-30M-MP (30.2 M
parameters), achieves the impressive performance in MAE (0.018)
and the top RMSD (0.061). The energy performance (MAE) of
GG-NN is comparable with other models that have a similar
parameter size, including SevenNet-13i5 (1.17 M) and Eqnorm
MPtrj (1.31 M), but, interestingly, the geometry (RMSD) from
GG-NN ranks the best among them, which might be due to the fact
that our GG-NN is a retrained model that inherits the knowledge
from the global PES dataset.

Apart from the energetics and geometrical accuracy, we also
compared the inference efficiency of GG-NN with other open-source
universal foundation models at the comparable parameter size,
namely SevenNet-13i5 and MACE-MP-0 (small and medium), using
the same system and a single GPU (NVIDIA GeForce RTX 4090) as
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Figure 5 (Color online) Benchmarks of GG-NN with other universal foundation models. (a) Matbench results (MAE, RMSD, and R?) for GG-NN and some representative models from the
Matbench Discovery leaderboard on the WBM test set. The circle size indicates the number of parameters and (1/1) stands for the higher/lower, the better the model. (b) Inference
efficiency of GG-NN compared with three universal foundation models (SevenNet-13i5, MACE-MP-0) on a single GPU (RTX 4090).
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described in Sect. 2.2. SevenNet-13i5 with I,.x = 3 has a similar
parameter size (1.17 M) as GG-NN; MACE-MP-0 has two versions
available, small (I,.x = 2, 3.85 M parameters) and medium (I, =
2, 5.73 M parameters). Figure 5b shows that GG-NN exhibits the
best performance, maintaining the lowest scaling across different
system sizes. Remarkably, the runtime of GG-NN for systems with
~9,600 atoms is comparable to that of other universal foundation
models for systems with only a few hundred atoms, which allows
GG-NN to be used directly for the production of large-scale atomic
simulations. The inference efficiency on multiple GPUs for
SevenNet-13i5 and GG-NN is also compared, where the literature
runtime is available. As shown in Table S9, SevenNet-13i5 can only
reach 8,160 atoms due to the memory limit on four GPU cards,
taking 1,083.56 ms, whilst GG-NN costs only 201.55ms to
evaluate the same 8,160-atom structure.

4 Conclusions

This work proposes a low-cost and high-accuracy ML potential
framework, namely HPNN, to learn the vast global PES across the
periodic table. The HPNN features a hierarchical atom interaction
scheme with reduced pair dimension that enables the incorporation
of spherical harmonics up to I = 6 without sacrificing the
computation speed. Using the HPNN architecture, a GG-NN
potential with 1.5 M parameters is obtained by training an
extensive dataset of 5.84 M global PES structures spanning 83
elements across the periodic table, which is ready for generalized
global PES exploration.

We show that the GG-NN achieves a high speed in the inference
and a high accuracy comparable to previous CPU-based G-NN
potentials specifically trained for Fischer-Tropsch reactions on iron-
carbide surface and molecular adsorption on metal surfaces. The
performance of GG-NN is also benchmarked against HPNN and
other mainstream ML potentials (e.g., PaiNN and MACE) specifically
trained in two systems, which shows that zero-shot GG-NN reaches
an accuracy level comparable to specifically-trained potentials,
while the specifically-trained HPNN outperforms all other models.
By further benchmarking with other top-performance universal
foundation models using Matbench, we demonstrate that GG-NN is
among the top-ranked models and, importantly, being a fast, light-
weight, gradient-based-force model, can be directly utilized for
large-scale atomic simulations.
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