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ABSTRACT: Machine learning potential (MLP), by learning
global potential energy surfaces (PES), has demonstrated its great
value in finding unknown structures and reactions via global PES
exploration. Due to the diversity and complexity of the global PES
data set, an outstanding challenge emerges in achieving PES high
accuracy (e.g., error <1 meV/atom), which is essential to
determine the thermodynamics and kinetics properties. Here, we
develop a lightweight fine-tuning MLP architecture, namely,
AtomFT, that can explore PES globally and simultaneously
describe the PES of a target system accurately. The AtomFT
potential takes the pretrained many-body function corrected global
neural network (MBNN) potential as the basis potential, exploits
and iteratively updates the atomic features from the pretrained
MBNN model, and finally generates the fine-tuning energy contribution. By implementing the AtomFT architecture on the
commonly available CPU platform, we show the high efficiency of AtomFT potential in both training and inference and demonstrate
the high performance in challenging PES problems, including the oxides with low defect content, molecular reactions, and molecular
crystals�in all systems, the AtomFT potentials enhance significantly the PES prediction accuracy to 1 meV/atom.

1. INTRODUCTION
Machine learning potential (MLP) has become an indispen-
sable tool in large-scale atomistic simulations, which offers a
high computation efficiency for calculating large systems at an
accuracy close to quantum mechanics (QM) calculations.1

Despite years of efforts with many flavors of MLP models now
available to both central processing unit (CPU) and graphic
processing unit (GPU) hardware platforms,2−17 MLP remains
to have two major deficiencies compared to QM calculations
that can be freely applied to arbitrary systems: first, an MLP is
often not available immediately for systems of interest due to
the lack of a suitable data set for training;18 second, a high
chemical accuracy (e.g., <5 meV) is generally difficult to
achieve for structure-sensitive systems, particularly those
involving long-range interactions and complex local reac-
tions.19,20 In fact, current MLPs are mostly applied to specific
systems with limited element types, mainly for extending the
spatiotemporal scale of simulation on a local potential energy
surface (PES), e.g., using molecular dynamics (MD). These
deficiencies may be solved if a general-purpose and robust
MLP with a massive parameter size is available by learning a
comprehensive QM data set covering all elements and a
diverse array of structures. The goal to generate such an all-
purpose MLP is daunting, not least because of the huge
challenges in obtaining a complete data set from QM
calculations. It is thus desirable and more practical to develop
a lightweight MLP architecture, which can achieve very high

precision for a target system and is also robust for global PES
exploration.

It is now recognized that the completeness of a training data
set is critical to the MLP transferability and thus the predictive
ability. However, as the data set grows to include more and
more diverse structures, not only does the training of MLP
invoke substantial computational costs (training time and
resource consumption), but the accuracy of MLP drops given
the same MLP architecture. The global neural network (G-
NN)21,22 potential in the large-scale atomic simulation using
neural network potential (LASP) software,23−25 the MLP
developed by our group and widely used by many users,
provides a good example of this paradox. The G-NN is trained
using the global PES data set from stochastic surface walking
(SSW)26,27 global optimization and thus can be utilized for
structure and reaction prediction in general. The energy
accuracy of G-NN is typically around 6−10 meV/atom in root-
mean-square error (RMSE).28 As an upgrade of G-NN, the
recently proposed many-body-function corrected neural net-
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work (MBNN),16 can further reduce the RMSE by half to 3−5
meV/atom in general for the global data set, e.g., with more
than 100,000 structures. However, the MBNN architecture,
following the high-dimension NN framework,7 is still a
computationally less-intensive method: only atomic NN is
utilized to achieve high efficiency on CPU hardware in training
large data, and the computationally intensive atom-pair-based
NN is avoided, although it should be able to improve the
accuracy. For instance, the accuracy for a recently reported
five-element Rh−Mn−C−H−O MBNN potential is 4.04
meV/atom, where the data set covers structures from all 31
different element combinations (5 one-element, 10 two-
element, 10 three-element, 5 four-element, and 1 five-
element).29 While these G-(MB)NN potentials are able to
reveal unexpected new chemistry on materials and catalytic
reactions, they meet difficulties for PES tasks where the high
accuracy (<1 meV/atom) is a must, to name a few, the
evaluation of the defect energy in materials with low-content
defects, the rate comparison between different chemical
reactions, and the finding of the global minimum of molecular
crystals.

The conflict between data completeness and MLP accuracy
becomes even more obvious in recent implementations of
universal graph NN MLPs on modern GPU devices.30−36 The
performances of a few representatives are listed as follows. The
M3GNet of 87 elements achieves an average energy prediction
accuracy of 35 meV/atom with 227,549 parameters;30 the
CHGNet of 89 elements has the mean absolute error (MAE)
accuracy of 30 meV per atom in energy and 77 meV/ Å in
force with 400,438 trainable parameters;32 MACE-MP-0
model of 104 elements achieves an energy MAE of 20 meV/
atom and a force MAE of 45 meV/Å for the medium model
with 4.69 million (M) parameters;35 the DPA-2 MT model of
73 elements achieves a weighted average RMSE energy of 18.6
meV/atom and an RMSE force of 116 meV/Å with 7.68 M
parameters.36 The data sets utilized in different models are
generally structure minima (not global PES data set) but from
different sources. Although fine-tuning strategies may be
utilized to improve the accuracy of these GPU models,37 for
example, a fine-tuned CHGNet model having 1.1 meV/atom
energy MAE and 25.5 meV/Å force MAE on a Li2ZrCl6 test
set,32 these models are heavy-weighted and lack of high
efficiency in computation due to the complex MLP
architectures with a large parameter size in the original
universal model designed on GPU platform.

Herein, we develop a low-cost fine-tuning architecture,
namely, atomic fine-tuning (AtomFT), executable on a CPU
platform aiming for PES global exploration with a high
accuracy at the target system. AtomFT is built on our
previously developed MBNN architecture with a fine-tuning
module to patch the PES via an additional energy contribution.
The fine-tuning module implements a new set of many-body
functions that exploit and iteratively update atomic features
from the pretrained MBNN model. We show that the training
of AtomFT potential has a low cost and can be utilized
generally for challenging material and reaction systems with
both high efficiency and high accuracy (∼1 meV/atom).

2. METHODS
Our AtomFT architecture is designed to fine-tune the existing
MBNN potential utilized in LASP simulation. The MBNN
potential, trained on a global data set with diverse structure
types and compositions, well balances the computation

efficiency and accuracy (e.g., RMSE 5 meV/atom) in PES
global exploration, making it a qualified basis potential for fine-
tuning. The AtomFT can improve the local PES description for
the target system without destroying the global PES
exploration ability of the basis MBNN potential.

As depicted in Figure 1, AtomFT consists of two parts: the
base MBNN module (blue background) and the newly

implemented fine-tuning (FT) module (pink background).
The MBNN module is inherited from the MBNN architecture;
the fine-tuning module has a deep network structure,
containing stackable interaction blocks and a readout NN
block. The input of the fine-tuning module, the so-called
atomic features (AF), comes from the atomic terms from
MBNN, which are then iteratively updated by the deep
network to yield the final energy correction term, EFT. The
total energy E is the sum of the original energy output from
MBNN, EMBNN, and correction EFT.

= +E E EMBNN FT (1)

By design, the data set for training AtomFT potential should
be a small subset of local PES data, newly added to patch the
global PES to enhance the target system’s local accuracy. In the
training of AtomFT, the parameters in the MBNN module are
kept frozen, i.e., EMBNN being constant), and only the

Figure 1. Illustration of the AtomFT architecture. The AtomFT
contains the MBNN module (blue background) and the FT module
(pink background). The MBNN module inherited from the MBNN
architecture employs PTSD-input-based atomic NNs to generate
atom-based coefficients that are used to compute MB functions and
derive EMBNN. The FT module, an extra fine-tuning module, takes
atom-based coefficients from MBNN, the atomic features (AFs), as
input and updates them iteratively through the interaction blocks (see
the top-right inset). These AFs finally enter into a readout NN to
produce an energy correction term, EFT. The total energy of AtomFT
is the sum of the two components.
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parameters associated with the fine-tuning module are
updated. As both the training data set and parameter size are
rather small, an efficient, low-cost global PES patching using
AtomFT is thus achieved.

In the following subsections, we will first provide an
overview of the MBNN architecture16 and then present the
algorithm for the newly developed NN-type many-body (NN-
MB) functions and finally the AtomFT architecture.
2.1. MBNN Architecture. The MBNN architecture, as

shown in Figure 1 (blue background), utilizes the power-type
structure descriptors (PTSDs)22,38 as the input for atomic
NNs. Each atomic NN outputs a vector of n dimension,
denoted as εi = {εiv, and v = 1,2,···n} for atom i, which is
utilized to construct a set of explicit-function-type many-body
(EF-MB) functions for yielding the atomic energies, Di, shown
in eq 2. Each atomic energy Di

v corresponds to an atomic EF-
MB f, and the total energy EMBNN is the sum of Di

v (eq 3),
where λ is the hyperparameter; neMB

i is the number of neighbor
atoms of the central atom i in the cutoff radius, rMB; ns, nd, nsp,
and nt correspond to the number of single-body, two-body,
spherical harmonic, and three-body functions utilized in
MBNN potential, respectively; and na is the number of atoms.
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Specifically, the forms of the EF-MB functions, including
single-body function ( fs), two-body function ( fd), sphere
harmonic function ( fsp), and three-body function ( f t) are

expressed in eqs 4−7. These functions are the numerical
representations of coordinates, as inspired by the classical force
fields in describing the physical interactions, where fc in all
equations is the cutoff function (eq 8) with a cutoff radius rMB,
and Ylm is the spherical harmonic at degree l and order m.
Notably, the sphere harmonic function fsp can be regarded as a
special type of two-body function. In these functions, all power
parameters (md, msp, mt, lt), the cutoff (rMB), and the degree of
spherical harmonics (l) are hyperparameters, which are set as
input in training the MBNN potential.
2.2. NN-Type Many-Body Functions. In this work, to

achieve a high performance in AtomFT, we propose a new type
of MB function, namely NN-MB functions, which are analogs
to the EF-MB functions except that the radial parts in EF-MB
functions are replaced by the output from a pair-based neural
network (pair NN), being a vector ij = { ij

u, u = 1,2···nMB}
with a dimension of nMB for ij pair. For example, eqs 9 and 10
give the formula of the two-body f Nd (eq 9) and the spherical
harmonics f Nsp (eq 10) NN-MB, respectively, which utilize ij

u

from the pair NN as the radial parameter. The aomic pair NN
is computationally intensive, being common in MLP on GPU
hardware but not implemented on CPU hardware previously.

This pair NN takes the information on the atomic pair
(atom i, j) as the input, including the atomic number (zi and
zj) and the pair distance (rij), as shown in eqs 11−13, where k
is the index of the input vector { }= =Ri Ri k n, 1, 2, . . .ij ij

k
R

with a dimension nR. By design, most of the elements (k > 5)
are the Gaussian basis discretization of the pair distance rij,
each associated with a fixed center, sk, incremental from 0.5 to
the cutoff radius rMB. The δ of the Gaussian function is a
hyperparameter, typically being 0.002. In this work, only two-
body NN-MB (eq 9) is utilized for generating AtomFT
potentials for a balance of efficiency and accuracy.
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2.3. AtomFT Architecture and FT Module. The
AtomFT architecture inherits the MBNN module and adds
the FT module (pink background). The output of the atomic
NN from the MBNN module, {εi}, serves as the initial AFs,
embedding the atomic structural features learned from the
global data set. The interaction blocks are then utilized for
updating AFs, and following the standard architecture in deep
networks, we couple different interaction blocks using the
residual operation, where the output of each preceding
interaction block adds to the output of the current block.
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This iterative procedure of AF updates ends with a readout
NN to yield the final fine-tuning energy, EFT.

Each interaction block comprises sequentially three sub-
blocks, namely, linear layers, atomic MB functions, and atomic
NNs. Trainable parameters in the FT module are present in
the linear layers and the atomic NNs. The linear layers are used
to rescale AFs to generate the coefficients for atomic MB
functions. The atomic MB functions, as described in eq 2,
further envelop the essential structural information into AFs
and expand the perceptible range of the chemical environment
for the current atom. The subsequent atomic NN introduces
the nonlinearity and develops the complexity of the AFs.
Obviously, after passing through every additional interaction
block, the geometrical scope of AFs extends by a cutoff range
of rMB. While AFs are iteratively updated, the radial part of the
atomic MB functions remains the same and thus can be saved
for use after a first-time calculation. The idea of the interaction
blocks and the iterative updating scheme is somewhat similar
to the message-passing neural network (MPNN) scheme
implemented on the GPU platform,10 but AtomFT takes
complex AFs from MBNN as input and can incorporate
conveniently different MB functions, each with different
cutoffs, which facilitates to achieve a high PES accuracy
without using many interaction blocks (see Section 3 below).

In the final part of the FT module, a readout NN is
employed to generate the atomic fine-tuning energy, which is
then summed over all atoms to yield EFT. Since the FT module
aims to patch the total energy from MBNN, i.e., EFT should be
a small quantity within a few tenth eV per atom, it should be
possible to confine the output of readout NN, O, using a tanh
function, as written in eq 14. An adjustable parameter, α, is
utilized to control the magnitude of the output. Indeed, from
our testing examples, the typical value of α should be in a range
of 0.10 to 0.40 eV, consistent with our expectation of the
maximum PES error from MBNN potential.

=
=

E Otanh( )
i

n

iFT
1

a

(14)

3. RESULTS AND DISCUSSION
3.1. Efficiency on the AtomFT Potentials. As our

AtomFT architecture aims to fine-tune a local data set with a
small size, the training cost is generally much lower compared
to that required to train the basis potential. This can be seen in
Figure 2a,b, where the AtomFT training is performed in two
representative systems, a binary Ti−O system where the fine-
tuning data set consists of bulk TiOx, and a quaternary C−H−
O−N system where the fine-tuning data set is from molecular
crystal structures. Table 1 provides all the details on the
MBNN and AtomFT architectures of two potentials and the
information on the data sets (also see Supporting Information
(SI) Parts 1 and 2).

The basis MBNN potentials are newly trained on the global
data sets of 27,279 structures for Ti−O and 126,191 for C−
H−O−N (Table 1) obtained from LASP G-NN library
(http://www.lasphub.com/#/lasp/nnLibrary), where the
total number of atomic MB utilized is 45, including one
single-body, 20 two-body, 8 three-body, and 16 NN-type two-
body terms. For reference, the Ti−O MBNN basis potential
was trained parallelly on 1,536 CPU cores (Intel(R) Xeon(R)
Platinum 8168 CPU), taking 20,000 epochs with each epoch
1.15 s; the C−H−O−N MBNN basis potential was on a 3,072

CPU cores, taking 30,000 epochs with each epoch 5.65 s. The
final RMSE accuracy of energy and forces for the training set is
5.008 meV and 0.122 eV/A for Ti−O and 5.406 meV/atom
and 0.167 eV/A for the C−H−O−N MBNN potentials. It
might be mentioned that the utilization of many MB functions,
particularly NN-type MB functions, does improve the accuracy
of the MBNN potentials. For example, the RMSE of energy of
the previous MBNN using only 5 MB functions is 5.76 meV/
atom,16 being 0.75 meV/atom larger than the current version
(more details on global data sets and MBNN training can be
found in the SI Part 2).

Building upon the two MBNN basis potentials, we then fine-
tune the two systems using a small fine-tuning data set to test
the fine-tuning efficiency of the AtomFT framework. The two
data sets, as listed in Table 1, are as follows: Ti−O with 200
bulk TiOx structures generated by MD simulations on
defective TiOx structures, each with 196 atoms, and C−H−
O−N with 1,400 molecular crystal structures generated by
SSW global PES exploration of a 40-atom crystal. Up to four
interaction blocks are utilized in AtomFT to examine the
scaling with respect to the network depth. After fine-tuning,
PES calculation of the AtomFT potentials, also generally
known as the inference of the machine learning model, is
performed. The timing of the AtomFT potential for the
training and inference is collected and plotted in Figure 2.

Figure 2a shows that with the increase of the number of
interaction blocks (NI), i.e., from 1 to 4, the fine-tuning train
cost increases linearly (the red dotted line) from 5.39 to 23.77
s per epoch. The dominant time is spent on atomic MB
calculations due to the pairwise operation in computing NN-

Figure 2. Fine-tuning (top panel) and inference (bottom panel) time
of the AtomFT potentials with the number of interaction blocks (NI)
from 1 to 4 for Ti−O ionic crystal (a, c) and C−H−O−N molecular
crystal (b, d) systems. The time for the corresponding MBNN
potentials calculated on fine-tuning and inference data sets is marked
as blue lines and dots, respectively. The fine-tuning phase is
conducted on a 96-core CPU machine, and the inference phase is
conducted on a 24-core CPU machine (Intel(R) Xeon(R) Platinum
8168 CPU).
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type MB functions, whereas all NN calculations take less than
18% of the total time. For reference, the MBNN basis potential
is also trained using the same fine-tuning data set, and the time
required is 3.08 s per epoch (the baseline in Figure 2a), which
is lower than the fine-tuning time. Similarly, for the molecular
crystal system shown in Figure 2b, the fine-tuning cost also
increases linearly (the red dotted line) from 1.97 to 7.94 s per
epoch with the NI increasing from 1 to 4. The training of
MBNN basis potential takes 6.23 s, which is about the time for
training AtomFT with NI = 3. This is apparently because the
atomic NN in MBNN is large and has four elements (see
Table 1), leading to a large size of trainable parameters
(511236). From the above fine-tuning results, we can conclude
that the cost for training an AtomFT potential is at least two or
3 orders of magnitude lower than training the MBNN basis
potential considering that the global data set utilized for
training MBNN is typically much larger (e.g., 100 times, see
Table 1) than the fine-tuning data set.

For the PES calculation of the AtomFT potentials, the
inference time is also linear with the NI, as shown in Figure
2c,d for both systems. The time is measured using a large
system (768-atom structure for Ti−O; 720-atom for C−H−
O−N) with repeated 50,000 energy/force evaluations. For
comparison, the MBNN computational time, tMBNN (being
equivalent to NI = 0) is also included (the blue dot) in the
figure. It shows that the additional time for the fine-tuning
module scales with a slope of 0.20−0.30tMBNN as a function of
NI. Apparently, the atomic NN block in the MBNN block,
having a large number of NN parameters, remains the major
bottleneck in the inference with small NI, being at most 60%
when NI ≤ 2. This relation suggests that a large NI is
computationally expensive on the CPU platform and should be
avoided in practice. In fact, in the following sections, we will

show that NI = 1 is already enough for most applications
thanks to the good transferability of MBNN basis potential,
offering AtomFT as a low-cost but powerful approach to
enhancing PES accuracy.
3.2. Accuracy of the AtomFT Potentials. The primary

objective of AtomFT is to significantly enhance the accuracy of
the local PES description. To achieve this goal, we select three
representative systems to assess the performance of the
AtomFT potential: (i) oxides with low defect content; (ii)
chemical reactions; and (iii) molecular crystals. These systems
correspond to three distinct types of PES challenges, namely,
long-range interactions between ionic defects, complex local
covalent interactions for accurately describing reaction barriers,
and weak van der Waals interactions necessary for distinguish-
ing molecular crystal phases. Three example systems are
constructed accordingly using the aforementioned Ti−O and
C−H−O−N MBNN potentials (details of the potentials listed
in Table 1 top panel). The AtomFT performance of these
systems is elaborated in the following.

Example 1: Defective TiO2 Bulk and Surfaces. As shown in
our previous work, TiO2 oxides with anion and/or cation
vacancies are poorly described by the atomic NN architecture
and thus serve as good examples to examine the long-range
interactions due to defects.16 In this work, we conduct both
static and dynamic calculations on several defective TiO2
systems with different situations for long-range interactions.

For the static calculation sample, 10 different defective TiO2
rutile structures, including both bulk and surface structures, are
chosen as the models, as illustrated in Figure 3a. These
defective bulk structures are constructed from a rutile TiO2
crystal bulk (192 atoms) by removing a number of O and Ti
atoms. The surface slab models are generated from a rutile
TiO2 (110) surface slab model (180 atoms) by removing or

Table 1. Information on the Ti−O and C−H−O−N Potentials and the Performance of the AtomFT Potentialsa

Ti−O C−H−O−N

MBNN architecture MBNN Atomic NN 173−128−128−80−45 535−144−144−144−45
number of MB functions* 45 45
pair NN 64−64−64−16 64−64−64−16
number of parameters 114986 511236

AtomFT architechture linear layers 45−80−45 45−80−45
atomic NN 45−80−80−45 45−80−80−45
readout NN 45−144−80−1 45−80−80−1
number of parameters 42260NI + 18305 84520NI + 10241

MBNN potential global data set size** 27,279 126,191
RMSE for energy (meV/atom) 5.008 5.406
RMSE for force (eV/Å) 0.122 0.167

efficiency fine-tuning data set size 200 1,400
accuracy example ID 1 2 3

NI 1 2 1 1
α 0.10 0.10 0.40 0.20
sampling method MD MD DESW SSW
fine-tuning data set size 410 410 689 1,900
fine-tuning RMSE for energy (meV/atom) 0.600 0.436 0.169 0.814
fine-tuning RMSE for force (eV/Å) 0.080 0.069 0.011 0.048
testing data set size 42 42 63 222
testing RMSE for energy (meV/atom) 0.829 0.768 0.291 0.976
testing RMSE for force (eV/Å) 0.088 0.085 0.030 0.052

aListed data includes the network description of the MBNN basis potential and AtomFT potential, MBNN potential global dataset size and
accuracy, and detailed information on the efficiency and accuracy assessments of AtomFT potentials. 45 MB functions are constituted by one
single-body, 20 two-body, 8 three-body, and 16 NN-two-body terms. *The MB function hyperparameters are detailed in SI Part 1. **More global
data set information can be found in SI Part 2.
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displacing the O and/or Ti atoms. For the dynamic calculation
sample, an anatase TiO2 (101) surface slab with a surface O
vacancy is utilized as the initial model (Figure 3b), where the
surface O vacancy is known to propagate into bulk above 200
K.39 The AtomFT training is performed over a data set of 410
structures, randomly selected from finite temperature MD
trajectories of these target structures (1.0 ps for each static
sample structure and 50 ps for the dynamic sample) using the
MBNN basis potential. The NI values of 1 or 2 are utilized to
generate the AtomFT potentials, denoted as AtomFT1 or
AtomFT2. We have carefully evaluated the performance of
AtomFT with different NI values, and NI values below 2
generally achieve the best performance, as discussed in SI Part
3.

By using AtomFT1 and AtomFT2, the defect formation
energy (ΔE), the energy difference between the optimized
defect and the perfect structures, is computed, and the error
between the AtomFT potential and DFT (ΔΔE) is obtained.
Figure 3c displays the absolute max errors and RMSE values
for ΔE of the ten defective structures (Figure 3a). It shows that
the ΔΔE decreases significantly as NI increases. The RMSE
drops from 1.63 meV/atom of MBNN basis potential to 0.55

meV/atom of AtomFT1 and 0.36 meV/atom of AtomFT2,
reaching less than one-fourth of the MBNN error. This
indicates that AtomFT can systematically improve the long-
range interaction description of different defect formations. We
note that only bulk structures with multiple defects, i.e., bulk-3
and bulk-5 (Figure 3c), remain to have relatively larger errors
at the AtomFT2 level, which should be attributed to the low
data population of these high-content defects in the whole data
set.

To assess the dynamic properties, we perform a high
temperature (1600 K) MD starting from the anatase (101)
with a surface O vacancy using the AtomFT1 potential. The
MD simulation utilizes the canonic ensemble (NVT using the
Nose−́Hoover algorithm)40 as implemented in LASP with a
time step of 0.5 fs and a total time of 50 ps. The energy is
conserved well, fluctuating within only 0.0056 meV/atom.
During the MD simulation, the oxygen vacancy migrates from
the surface layer to the subsurface and then jumps frequently
between the subsurface layer positions (see Figure 3d insets).

By collecting structures at an interval of 0.25 fs from the MD
trajectory, we then evaluated their single-point energies using
DFT (PBE functional), MBNN, AtomFT1, and AtomFT2

Figure 3. Performance of AtomFT potential in defective TiO2bulk and surface systems. (a) Ten defective rutile TiO2 bulk and surface (slab model)
structures along with the perfect structures on the left. (b) Side and top views of anatase TiO2(101) with a surface O vacancy, which serves as the
initial structure in MD simulation. (c) Error of the defect formation energy (ΔΔE) of MBNN, AtomFT1, and AtomFT2 potentials for different
defective structures. The absolute max errors and RMSE values of ΔE of the ten structures are shown in the inset. (d) Variation of the computed
energy using DFT, MBNN, AtomFT1, and AtomFT2 potentials along the O vacancy migration trajectory, where all energies are shifted with respect
to the average energy of the DFT trajectory, energy zero. The RMSE values are 9.07 meV/atom for MBNN, 1.83 meV/atom for AtomFT1, and
1.62 meV/atom for AtomFT2. The inset structures (top panel of (d)) highlight the change of the position of the vacancy (hollow circle), and the
inset at the bottom is an enlarged window, showing the overlap between AtomFT and DFT results.
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potentials. Figure 3d shows the variation of the energies along
the simulation time, with all energies being relative to the
average energy from DFT data (energy zero). It shows that the
energy curves of the AtomFT potentials and DFT overlap
highly, as reflected from the zoomed-in window (Figure 3d
inset). The RMSE of energy for the trajectory is 1.83 meV/
atom for AtomFT1, and 1.62 meV for AtomFT2, being much
lower than the 9.07 meV/atom for the MBNN potential (blue
curve in Figure 3d).

Example 2: Molecular Gas-Phase Reactions. Following our
previous work, we select 13 distinct molecular gas-phase
reactions from the Baker test system and glucose decom-
position studies as models to examine the accuracy of the
reaction barrier calculations.41,42 These reactions encompass
various types of local chemical bond rotation/making/
breaking, such as isomerization, ring transformations, dehy-

drogenations, and rearrangements. More details on the
reactions can be found in SI Part 4.

By applying the double-ended surface walking (DESW)
transition state search method43 to scan the reaction pathway
for the 13 reaction pairs, we generate the fine-tuning data set
by randomly selecting 752 structures from the pathways, which
are split into the training set (689 structures) and the test set
(63 structures). The AtomFT potential with NI = 1 is then
trained, and as shown in Figure 4a, we plot the average value
for the absolute error of barrier in 26 reactions, including both
forward and backward reactions, against the fine-tuning epoch
number. It shows that the average error of barriers drops
rapidly from the initial 110.5 meV of the MBNN basis
potential to below 10 meV after 2,000 epochs and finally
flattens at ∼4000 epochs, reaching 3.21 meV. The relatively
large deviation of MBNN in the reaction barrier, e.g.,

Figure 4. Performance of AtomFT potential in molecular reactions. (a) Average error of the reaction barrier in 26 reactions at different epochs
along the fine-tuning learning curve. (b) Error of the reaction barrier for 26 reactions from MBNN and AtomFT potentials compared with the DFT
barrier. In the figure, the error from AtomFT is enlarged by 100 times. The reactions are listed in the top-left corner of the figure, where (f) and (b)
indicate the forward and backward reaction. The reactions are ranked according to the error of the MBNN results.

Figure 5. Performance of AtomFT potential in molecular crystals. (a) Structures of the methyl 2-anthranilate molecule, the two crystal phases (A
and B phases). (b) Scatter plot illustrating the correlation between energies calculated using NN potentials (MBNN and AtomFT) and DFT for
the training and the testing data sets (see Table 1, the accuracy rows). (c) Energy spectrum for 95 low-energy crystal structures (12 molecules per
cell) using DFT, AtomFT, and MBNN models. The ranks of the A and B phases are marked in the figure. For (b) and (c), all energies are shifted
such that the lowest DFT energy is zero.
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exceeding 100 meV, could lead to large errors in assessing
reaction kinetics due to the exponential dependence of
reaction rate on barrier height.44

Figure 4b further analyzes the barrier error for each reaction
using the final AtomFT potential (4,000 epochs), showing the
absolute reaction barrier difference between AtomFT potential
and DFT compared with that between MBNN potential and
DFT, where the AtomFT results are enlarged by a factor of
100 to compare with the MBNN results. The reactions are
ranked according to the error of the MBNN results. All data
are included in SI Part 4. The reaction barrier discrepancy for
each reaction is no more than 9 meV using the AtomFT
potential, about 1% of the error using the MBNN potential.
We note that this improvement is especially pronounced in
reactions such as butadiene rotation from the s-cis conformer
to the s-trans conformer and ethylene hydrogenation, where
the MBNN potential exhibits deviations exceeding 300 meV,
which typically means the lack of relevant reaction data (low
data density) in the original training set. The significant
improvement of AtomFT calculations across all target
reactions indicates that the reaction barrier prediction is very
sensitive to the data set completeness, and the fine-tuning of a
target reaction data set is a low-cost measure to quickly
improve the reaction PES accuracy.

Example 3: Molecular Crystals. Methyl 2-anthranilate, a
molecule with the chemical formula C8H9NO2 (Figure 5a), has
only one known experimental crystal structure and is selected
by the seventh blind test of crystal structure prediction45 (in
the entry of XXIX) to challenge theoretical methods for
structure prediction. This observed crystal structure, denoted
as A phase, has a P21/c space group, containing 12 molecules
per cell (240 atoms), arranged in three symmetry-independent
molecules.46 In the structure of the A phase, the amino and
ester functional groups of molecules form both intermolecular
and intramolecular hydrogen bonds: there are 28 hydrogen
bonds per cell (Figure 5a). A major challenge to identifying the
correct crystal phase from theory is to accurately predict the
total energy of different crystal phases.

By using SSW method to explore the crystal PES with
variable supercell size, we sampled 2,122 structures from over
200,000 configurations, which contain 1,522 two-molecule, 50
four-molecule, 100 six-molecule, 100 eight-molecule, 100 ten-
molecule, and 250 twelve-molecule structures. The fine-tuning
based on the C−H−O−N MBNN potential with NI = 1 is
performed on the training data set (1,900 structures), and the
remaining 222 structures are utilized as the test sets. Figure 5b
compares the performance of the C−H−O−N potential before
(MBNN) and after the fine-tuning (AtomFT) on the training
and test data sets, by correlating the total energies per molecule
calculated by the MBNN, AtomFT potentials, and DFT with
the PBE functional. Since XXIX molecule and crystals are
totally absent in the C−H−O−N global data set, its RMSE of
energy, being 11.07 meV/atom from MBNN, is acceptable,
and the deviation is particularly large in the low-energy
structures that result in a wrong energy ranking. On the other
hand, the AtomFT result exhibits a good linear correlation for
both the training and testing sets with the fitted line aligning
closely with the diagonal. The RMSE value is 0.81 meV/atom
for training and 0.98 meV/atom for testing, being less than
one-tenth of the MBNN error.

Figure 5c further compares the energy spectrum for 95 low-
energy conformations computed by DFT with PBE functional,
MBNN, and AtomFT potentials, where all energies have been

corrected by Grimme D3 van der Waals energy.47 These
structures come from SSW global PES exploration in the 12-
molecule supercell and are screened by energy and
conformation from the SSW trajectories. As shown, DFT
calculations correctly predict that the A phase has the lowest
energy. The second lowest energy, B phase, is 0.237 eV (19.75
meV/molecule) less stable than the A phase from DFT and it
has a P1̅ space group with only 24 hydrogen bonds (Figure
5a), differing from the A phase in molecular rotation angles,
arrangement, and lattice parameters (XYZ coordinates of A
and B phases can be found in SI Part 5). In the AtomFT
potential, the A phase and the B phase also have the lowest and
the second lowest energy, respectively, whereas the MBNN
potential ranks the A phase and B phase at the 58th and 18th
positions, respectively. Quantitatively, we can utilize Spear-
man’s rank correlation coefficient (ρ),48 a nonparametric
measure in statistics for the rank correlation, to quantify the
correlation. The ρ is 0.985 between AtomFT and DFT, much
higher than the 0.578 between MBNN and DFT.

It should be mentioned that the AtomFT potential can still
be utilized for global optimization in general, the same as its
baseline MBNN potential. Taking the same C−H−O−N-
element systems, examples 2 and 3, we performed the cross-
testing using AtomFT tuned for the chemical reactions
(example 2) to explore the molecular crystal PES (example
3). It shows that the AtomFT performs similarly to the original
MBNN for systems beyond the fine-tuning domain, as
discussed in SI Part 6.

4. CONCLUSIONS
This work provides a low-cost solution to achieve highly
accurate PES global exploration of a target system. This is via
an AtomFT architecture, implemented on the commonly
available CPU platform in LASP software, that can be utilized
to fine-tune the global MBNN potential by exploiting the AFs
of the MBNN outputs. Since the AFs are atom-based, the
AtomFT potential, the same as the MBNN potential, is
suitable for large-scale atomic simulations via the massive
parallization of atoms. We show that by iteratively updating the
AFs, the fine-tuning module of AtomFT can perceive complex
many-body information, which is cast into fine-tuning energy
to correct the total energy.

Both the efficiency and accuracy of AtomFT have been
systematically evaluated and carefully benchmarked on
representative global PESs, where the accuracy from the
MBNN potential remains unsatisfactory, including oxides with
low defect content, molecular reactions, and molecular crystals.
Our results demonstrate that the AtomFT architecture is a
lightweight atomic simulation method, ideal for quickly solving
challenging PES problems where the long-range interaction
and/or the complex local many-body interactions are present.
In all example systems, a PES accuracy of 1 meV/atom can be
readily reached even with just one interaction block (NI = 1)
in AtomFT. Since AtomFT bears similarities with the MPNN
currently only implemented on GPU platform, we expect that
the integration of global MLPs across different hardware
platforms (CPU and GPU) is now ready technically, which,
with the high accuracy level demonstrated here, will surely
promote versatile applications of atomic simulations toward
new findings.
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