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Supplementary Notes

Supplementary Note S1: Energy, force, and stress calculations
for the NEP89 model

In our universal neuroevolution potential model across 89 elements (NEP89) model, the
total potential energy is a sum of the site energies, U =

∑
i Ui, where the site energy Ui

for a given atom i is a function of an abstract descriptor vector qi with a number of
components qiν (ν = 1, 2, · · · , Ndes). This function is expressed as

Ui =
Nneu∑
µ=1

w(1)
µ tanh

(
Ndes∑
ν=1

w(0)
µν q

i
ν − b(0)µ

)
− b(1).

Here, tanh(x) is the activation function, w(0) are the weight parameters connecting the
input layer (with dimension Ndes) and the hidden layer (with dimension Nneu), w

(1)

represents the weight parameters connecting the hidden layer and the output layer (the
site energy), b(0) represents the bias parameters in the hidden layer, and b(1) is the bias
parameter in the output layer. The descriptor vector consists of radial and angular
components as detailed previously [1]. The force acting on an atom i can be derived
to be Fi =

∑
j ̸=i (∂Ui/∂rij − ∂Uj/∂rji) , where rij = rj − ri. The virial tensor for the

whole system can be derived to be W =
∑

i

∑
j ̸=i rij ⊗ ∂Uj/∂rji. The stress tensor

is defined as W/V , where V represents the volume of the structure. The trainable
parameters z are optimized using the natural evolution strategy [2] to minimize the loss
function L = ∆U +∆F +∆W , where ∆U , ∆F , and ∆W denote the root-mean-square
errors (RMSEs) of energy, force, and virial, respectively, between the predicted and
reference values. To prevent overfitting and undesirable increases in model parameters,
L2 regularization is applied. Additionally, to ensure physically meaningful behavior at
short interatomic distances, the short-range Ziegler-Biersack-Littmark potential [3] is
included as a background term [4]. The hyperparameters used for training the NEP89
model are detailed in Supplementary Note S2.
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Supplementary Note S2: The nep.in input file for training
NEP89

We have used the following inputs in the nep.in file of the gpumd code to train the
NEP89 model:

type 89 H He Li Be B C N O F Ne Na Mg Al Si P S Cl Ar K Ca

Sc Ti V Cr Mn Fe Co Ni Cu Zn Ga Ge As Se Br Kr

Rb Sr Y Zr Nb Mo Tc Ru Rh Pd Ag Cd In Sn Sb Te I Xe

Cs Ba La Ce Pr Nd Pm Sm Eu Gd Tb Dy Ho Er Tm Yb Lu Hf Ta W

Re Os Ir Pt Au Hg Tl Pb Bi Ac Th Pa U Np Pu

version 4

zbl 2

cutoff 6 5

n_max 4 4

basis_size 8 8

l_max 4 2 1

neuron 80

lambda_1 0

lambda_e 1

lambda_f 1

lambda_v 2

batch 90000

population 60

generation 1000000
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Supplementary Note S3: Details on descriptor-space subsam-
pling

To enable subsampling in the descriptor space, we first computed the descriptor compo-
nents for each structure in the database targeted for subsampling. For each descriptor
component, the value of a structure was defined as the mean of the component values
across all atoms in that structure. The process began with the random selection of
one structure from the database. Subsequently, we iterated through the remaining
structures, adding a new structure to the selection only if its distance from all previously
selected structures exceeded a predefined threshold, dmin, which was set to 0.05 in our
case. The distance between two descriptors was quantified as the Euclidean distance
calculated from their components. This methodology ensured that the selected structures
maintained a minimum separation of dmin in the descriptor space.
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Supplementary Note S4: Energy shifting between the different
datasets

After training the NEP model using a dataset that excluded all reference energies
except those from the subsampled OMAT24 dataset, we predicted energies for all other
datasets. Then we applied the separable natural evolution strategy [2] to determine the
energy shift values for relevant species in other datasets. These shifts were optimized
to minimize the difference between the predicted and reference energy values. For a
given dataset with Nstr structures, the predicted and reference energies for a structure a
are denoted as Upre

a and U ref
a , respectively. The shifted reference energy is expressed as

U ref
a +N I

a∆
I , where N I

a represents the number of species I in the structure a, and ∆I is
the energy shift for species I to be determined. The loss function to be minimized is

defined as L =
∑

a

(
U ref
a +N I

a∆
I − Upre

a

)2
/Nstr.
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Supplementary Note S5: The formation energy calculations of
MP-ternary and GNoME datasets for various foundation models

We employed two publicly available datasets, comprising all relevant ternary structures
from the Materials Project database [5] and a wide range of structures predicted by
GNoME [6], spanning 2-component to 5-component systems with force components
below 80 eV Å−1. These datasets were used to benchmark the accuracy of different
foundational models in predicting formation energies.

Specifically, we evaluated four models: NEP89 (this work), MACE-MP-0 [7], CHGNet
[8], and M3GNet [9]. For each model, formation energies were computed with reference
to the most stable allotrope of each constituent species. All the formation energy
calculations were carried out within an integrated environment combining the gpumd-
wizard [10] and calorine [11] packages. The predicted formation energies from each
model were then compared against DFT reference values from Ref. [12], as illustrated
in Fig. S3. The mean absolute errors (MAEs) for each model are summarized in Fig. 2
of the main text.
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Supplementary Note S6: Binding energy calculations for S66
dimer set

To benchmark the performance of various foundation models, we evaluate their pre-
dictions of binding energies on the widely used S66 dimer set [13]. S66 comprises 66
reference equilibrium geometries of molecular complexes designed to represent the most
common types of noncovalent interactions found in biomolecules, while maintaining a
balanced representation of dispersion and electrostatic contributions.

The DFT reference binding energies (obtained from Ref. [7]) were computed using
the Perdew-Burke-Ernzerhof (PBE) functional with D3 dispersion correction and Becke-
Johnson damping [14, 15], with a plane-wave energy cutoff of 520 eV. The predicted
binding energies of molecular dimers in S66, computed using different foundation models
(NEP89, MACE-MP-0, CHGNet, and M3GNet), are shown in Fig. S4. The MAEs for
each model are summarized in Fig. 2 of the main text.
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Supplementary Note S7: Lattice energy calculations for DMC-
ICE13 dataset

Ice is one of the most important and intriguing molecular crystals, exhibiting a rich
and continuously evolving phase diagram. Here, we evaluate the performance of various
foundation models by computing both the absolute and relative lattice energies from
the DMC-ICE13 dataset [16], where the relative values are referenced to hexagonal ice
Ih. The DMC-ICE13 dataset comprises lattice energies of 13 distinct ice polymorphs,
capturing the full structural complexity observed in ambient and high-pressure molecular
ice phases. Such benchmarking offers insight into the capacity of different foundation
models to capture the subtle and diverse intermolecular interactions governing molecular
ice polymorphism. The absolute and relative lattice energies computed by different
foundation models are presented in Fig. S5. Here, the DFT reference values were
obtained using the same computational protocol described in Supplementary Note S6,
and were extracted from Ref. [7]. The MAEs of absolute lattice energies are summarized
in Fig. 2 of the main text.
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Supplementary Note S8: Calculation of the formation energy
of iron vacancy clusters and the adhesion energy of hydrogen
atoms in iron anopores

Understanding the structure and energetics of vacancy clusters is fundamental to
describing defect evolution in metals. We compute the formation energies of vacancy
clusters of arbitrary size in body-centered cubic iron using different foundation models.
The computational methodology follows the procedure outlined in Ref. [17]. Fig. S6a
compares the predicted formation energies from different foundation models (NEP89,
MACE-MP-0, CHGNet, and M3GNet) with reference values obtained from DFT.

In addition, the interaction between hydrogen and nanoscale voids is a critical
factor in hydrogen-induced damage in structural materials [18]. We evaluate the
adsorption energies of varying numbers of hydrogen atoms in iron nanovoids using
different foundation models, with comparisons to DFT reference values shown in Fig. S6c–
d.

All DFT reference data were calculated using the PBE exchange-correlation func-
tional. The MAEs for the formation and adsorption energies across different foundation
models are summarized in Fig. 2 of the main text.
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Supplementary Note S9: Phonon property calculations for vari-
ous foundation models

In this section, we assess the phonon properties of a diverse set of materials using
different foundation models, which require accurate force predictions to ensure physically
meaningful lattice vibrational characteristics.

To facilitate direct comparison, we adopted a benchmark set of 97 materials intro-
duced in Ref. [7], which were randomly selected from the PhononDB database [19]
and previously used to evaluate the performance of MACE-MP-0 [7]. We employed
the finite-displacement method implemented in Phonopy [19] to compute the phonon
modes—including both the highest and lowest phonon frequencies—for all 97 compounds,
and compared the results to DFT reference data (at the PBE level) reported in the
PhononDB database [19]. The reliability of the DFT reference values in the PhononDB
database is discussed in Ref. [7]. To minimize discrepancies between the foundation
model predictions and the PhononDB results, we used the same supercell structures
as those in the database and removed the non-analytical corrections arising from Born
effective charges.

Fig. S7 presents parity plots comparing the highest and lowest phonon mode frequen-
cies predicted by different foundation models against the DFT reference values. The
MAEs for the highest phonon mode frequencies are reported in Fig. 2 of the main text.
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Supplementary Note S10: Bulk and Shear Moduli calculations
for various foundation models

We conducted a systematic benchmark of the elastic properties predicted by different
foundation models across more than 11,000 materials stored in the Materials Project
database [5]. A foundation model that accurately captures the potential energy surface
should be able to well reproduce elastic properties such as the bulk and shear moduli,
which depend on the second derivatives of energy with respect to strain [7].

Specifically, we computed the Voigt-Reuss-Hill (VRH) averaged bulk and shear
moduli [20] from stress-strain relations using different foundation models, following the
computational protocols described in Refs. [7, 21]. All calculations were carried out
using the elasticity module of the MatCalc package [22], and thus all predictions are
based solely on equilibrium, bulk crystalline structures.

To exclude potentially unphysical values arising from DFT errors, we filtered out
entries in the Materials Project database [5] with VRH-averaged bulk or shear moduli
≥ 600 GPa or ≤ −50 GPa, resulting in a curated dataset of 11,626 structures.

Fig. S8 presents parity plots comparing the bulk and shear moduli predicted by
different foundation models with the DFT (PBE-level) reference values, along with
corresponding MAE and RMSE values. The MAEs for each model are summarized in
Fig. 2 of the main text.
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Supplementary Table

Supplementary Table S1: The dataset used for training NEP89

Table S1: The dataset used to train the NEP89 model.

Source of
dataset

N spe N str Quantum-
mechanical

level

Software Our curation

OMAT24 [23] 89 395469 PBE+U VASP Add D3(BJ)

MPtrj [8] 89 56987 PBE+U VASP Add D3(BJ),
discard energy

SPICE [24] 15 24142 ωB97M-
D3(BJ)/def2-
TZVPPD

PSI4 Shift energy

ANI-1xnr [25] 4 18723 BLYP-
D3(0)/TZV2P

CP2K Shift energy

SSE-ABACUS
[26]

27 12300 PBE ABACUS Add D3(BJ),
Shift energy

SSE-VASP [26] 15 9024 PBEsol VASP Add D3(BJ),
Shift energy

Protein [27] 5 6842 revPBE-
D3(BJ)/def2-

TZVP

PSI4 Shift energy

UNEP-v1 [12] 16 5597 PBE VASP Add D3(BJ)

CH [28] 2 4582 PBE VASP Add D3(BJ)

CHONPS (This
work)

6 3049 PBE/DZVP-
MOLOPT-SR-

GTH

CP2K Add D3(BJ),
Shift energy

Water [29] 2 926 MB-pol MBX Shift energy

Total 89 537641 – – –
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Supplementary Figures

Figure S1: Comparison of the recalculated DFT reference values of typical structures in
MPtrj database [30]. (a,b) Parity plots comparing the recalculated force and stress of
different configurations with original MPtrj references [30]. (c,d) Parity plots of force
and stress between recomputed DFT results and predictions from various foundation
models. We used the MACE-MP-0 model [7] as a predictor, and structures with predicted
stresses exceeding the DFT reference values of 100 GPa were selected. Accordingly,
we selected 113 configurations for stress outliers. We performed DFT self-consistent
calculations on these structures using the original computational inputs provided by
the Material Project [5]. It can be observed from the figure that the original MPtrj
reference values are unreliable, whereas predictions from different foundation models
closely match the recalculated DFT references. It is worth noting that the 113 structures
were excluded from the NEP89 training set, yet the model yielded reliable predictions,
underscoring the effectiveness of our data screening process.
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b

a

Figure S2: (a) RMSE and (b) MAE values of NEP89 model for different training
subsets (see Table S1), with units of meV/atom for energy, meV/Å for force, and MPa
for stress. The RMSE and MAE of the reference energies for the MPtrj dataset [30]
are not presented, as they are incompatible with the reference energies in the OMAT24
dataset [23] due to differing treatments using the DFT+U technique. For some other
subsets, RMSE and MAE for stress are not available due to the absence of DFT/high-
level-quantum-chemistry reference values.
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a b

Figure S3: (a,b) Parity plots of formation energies (γ) comparing DFT reference data
with predictions from NEP89 (this work), MACE-MP-0 [7], CHGNet [8], and M3GNet
[9], for the structures sampled from the Materials Project (MP-ternary) [5] and the
GNoME dataset [6].
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a

b

Figure S4: A detailed comparison of S66 dimers binding energies calculated by different
foundation models with DFT (PBE+D3) reference values [7]. (a) Parity plot for
the binding energies (Eb) of S66 dimer set [13], comparing predictions from various
foundation models. The NEP89 results presented here do not include an explicit D3
correction. (b) A system-by-system comparison of binding energies predicted by various
foundation models in the S66 dimer set.
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a

b

Figure S5: Comparison of lattice energies (Elatt) of the DMC-ICE13 dataset [16]
calculated by different foundation models with DFT reference values (PBE+D3) [7].
The NEP89 results presented here do not include an explicit D3 correction. (a) Absolute
lattice energy, defined as the energy per molecule of each crystalline phase relative to
the gas phase. (b) Relative lattice energy, defined as the lattice energy relative to that
of ice Ih.

18



a

c

b

Figure S6: (a) Formation energies of iron vacancy clusters of different sizes predicted
by various foundation models compared to DFT calculations. (b) Parity plot of the
adhesion energy of hydrogen atoms in iron nanopores predicted by different foundation
models and DFT. (c) Variation of adhesion energy with respect to the number of
hydrogen atoms in iron nanopores predicted by different foundation models.
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a b

Figure S7: Comparison of the (a) maximum and (b) minimum phonon band frequencies
for 97 materials calculated by different foundation models and by DFT (PBE).
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Figure S8: Parity plots of the bulk modulus and shear modulus calculated by different
foundation models. The MAE and RMSE relative to the DFT reference values are
labeled above each subplot. Different subplots show the predictions of bulk and shear
moduli for over 11,000 materials by various foundation models. Color intensity indicates
the distribution and density of the modulus data. Predictions considered unphysical
(≥ 600 GPa or ≤ −50 GPa) were excluded from the plots for each base model, and
MAE and RMSE values were computed accordingly. VRH in the plots refers to the
Voigt-Reuss-Hill [20] averaged bulk and shear moduli.
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a b c

H O Na Ca Br
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Divalent cations 

Monovalent anions

Figure S9: (a–c) Atomic snapshots of the random distribution of one of the monovalent
cations (a), the divalent cations (b), and one of the monovalent anions (c) in water. (d)
Predicted activation energies for ion diffusion in water at 300K using NEP89, as well
as experimental values at 291K from Refs. [31, 32]. Note that the experimental data
contains no record for F– .
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Figure S10: Dissolution kinetics of NaCl crystallite at 400K predicted using NEP89, as
well as other potentials [7]. The average cluster size (solid blue line) and individual runs
(faint blue lines) illustrate that thermodynamic averages and kinetics with statistical
significance are easily accessible using NEP89, due to the computational efficiency.
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Figure S11: Potential energy curves and extrapolated glass transition temperature (Tg)
of Pd42.5Cu30Ni7.5P20 metallic glass predicted by (a) no fine-tuning, (b) after NEP89
fine-tuning, and (c) NEP-Zhao [33].
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