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trajectories.20,21 On the other hand, as more and more MLP
applications target solving emerging material and chemistry
problems, in the same way as the quantum mechanics
calculations have done in the past years, the predictive ability
of MLP on complex PES problems becomes increasingly
important but is still full of controversies. Considering the
numerical nature of ML models, the MLP is expected to be
reliable only for interpolation tasks, and thus the quality of the
training data set relevant to the target applications determines
the MLP transferability.22 Apparently, this is a paradox as a
complete data set in priori would mean no requirement for the
predictive ability of the ML model. In addition, it is also
practically inconvenient for MLP applications to predict
molecular properties. Compared to the straightforward
property prediction by quantum mechanics calculations, the
MLP application requires a data set first for training the MLP,
and the so-called active learning23 could also be essential to
expand the data set further. Even though, it remains largely
unclear how to build efficiently a high-quality data set to allow
MLP to predict unknown PES properties.
LASP (large-scale atomic simulation with a neural network

potential) developed by our group is a major player in the field
of MLP atomic simulations. LASP is copyrighted and is
commercially available from www.lasphub.com. Since the birth
of LASP in early 2018, LASP aimed to predict unknown PES
properties by focusing on new methodology developments in
building high-quality training data sets to obtain MLP with
good transferability. The stochastic surface walking (SSW)
global optimization method24,25 serves as the foundation of
LASP software, which performs the global PES sampling to
collect reaction data and identify the poorly described structure
conformations during the self-learning MLP generation
process.26 This approach differs from the local structure
generation methods such as molecular dynamics19,27,28 and
finite structure perturbation approaches29,30 as popularly
utilized in kinds of literature. The LASP MLP, namely, the
global neural network (G-NN) potential, can be directly
utilized for global structure search and offer unprecedented
predictive power for new structures and unknown reactions.
LASP, as shown in Figure 1a, includes three main parts: (i)

potential energy and gradient evaluation; (ii) global PES
sampling; and (iii) neural network training. For the evaluation
of energy and force, LASP not only provides the neural

network potentials with selectable precision but also offers
user-friendly interfaces to common first-principles and force
field packages, such as Gaussian,31 VASP,32,33 CP2K,34

LAMMPS,35 and QE.36 The PES exploration modules
encompass global structure search and pathway sampling
based on the SSW method,24,25 transition state location using
the Constrained Broyden Dimer (CBD) method,37 and the
Double-Ended Surface Walking (DESW) method.38 These
methods can be applied to both fixed and variable cell systems.
Additionally, LASP includes MD simulation function, covering
the standard microcanonical (NVE), canonical (NVT), and
isothermal−isobaric (NPT) ensembles, along with enhanced
sampling featuring specifiable restraints. With these function-
alities, an efficient active learning strategy is also implemented
for generating G-NN potential by combining DFT computa-
tion, SSW sampling, and NN training (Figure 1b) in an
automated manner.
Built upon the LASP basic functionalities, recent progress

has focused on the development of new intelligence and
automation techniques to solve complex material and chemical
reaction problems. Here we provide an overview of the latest
improvements and additions to the LASP project (version 3.7)
from four main aspects: the new architecture of MLP, the new
structure search algorithms, the new reaction search methods,
and the LASP databases. The review will be organized as
follows: Section 2 introduces a new MLP architecture, the
many-body-function corrected global neural network (G-
MBNN), designed to improve the accuracy of the potential
energy surface at a low computational cost. We will also
elaborate on our implementation to enhance the computa-
tional efficiency of G-MBNN in training and evaluation.
Section 3 presents two methods based on the SSW algorithm,
ASOP, and ML-interface, focusing on predicting surface and
interface structures, respectively. In Section 4, we discuss the
recent development of the ML-TS and MMLPS methods for
transition state search and complex chemical reaction
processes, which are developed based on the original SSW
reaction sampling (SSW-RS) method. Finally, Section 5
introduces the specific database obtained from the LASP
software using an automated global PES search of materials
and molecules.

Figure 1. (a) Architecture and modular map of LASP 3.7. (b) Schematic illustration of the general procedure of the active learning in LASP.
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2. G-MBNN POTENTIAL IN LASP

G-MBNN Architecture

The original ML model utilized in LASP is based on the high-
dimensional neural network (HDNN) as introduced by Behler
and Parrinello.39 The HDNN architecture decomposes the
total energy as a sum of local, environment-dependent atomic
energies ( = =E Ei

n
i1

a , na is the number of atoms), which
provides a simple way to predict the total energy of arbitrary
atom number systems by using atomic NN. In the following
years, the drawbacks of HDNN in describing complex PES
emerge; in particular, the metastable/transition structures
(such as reaction transition state, TS) are generally less
accurately described. These problems can be partly remedied
either by introducing better structure descriptors, such as the
power-type structure descriptor (PTSD) in LASP,40 or by
adding more PES data,41 but, more fundamentally, they should
be solved by improving the ML model.
In 2023, we developed a new ML architecture,42 termed G-

MBNN, designed specifically for fitting the global PES data to
achieve a better description of the metastable/transition
structures by using many-body function correction terms. We
then extended G-MBNN architecture by incorporating a
multihead atomic attention mechanism, namely MBNN-att
model43 for predicting molecular properties. The MBNN-att
model realizes the top performance of both extensive and
intensive property prediction on commonly available CPU
hardwares.
The G-MBNN architecture is illustrated in Figure 2a. For

each atom i in a molecule with the coordinate �, a set of PTSD
functions2,40 {� �} are calculated using its coordinates with
neighbors {� �1, � �2, ...}, which provide the local chemical
environment of the atom within a certain cutoff rPTSD. {� �} can
then be used as the input for the atomic neural network. In G-
MBNN, the output of the atomic NN is a vector, instead of a
single value in the standard atomic NN (without many-body
functions), which gives the atomic contribution � i

ni (ni = 0,1,2,

...n) to each many-body function of atom i. The total energy
Etot of the system is now expressed as a sum of the many-body
functions R( , )ni

ni , as shown in eq 1, where neMB
i is the

number of neighbor atoms of the central atom i in the cutoff
rMB; ns, nd, nt, and nsp correspond to the number of single-body,
two-body, three-body, and spherical harmonic functions,
respectively. Specifically, the first element in � i

ni, � i
0, is utilized

directly as a single-body function ( fs), and the other elements
(ni > 0) are utilized for building different many-body functions
up to four-body functions, namely fd, f t, fq, fsp for the two-body,
three-body, four-body, and two-body spherical harmonic
functions, respectively, as expressed in eqs 2−9.
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Figure 2. Illustration of the architecture of G-MBNN. (a) Each atomic ML model (NN utilized in this work) outputs a series of coefficients, � i
k,

which act as the parameters for different many-body functions. The total energy of the system is written as the sum of many-body functions. (b) G-
MBNN performance for predicting defect formation. The benchmark of MLP with DFT results for two TiO2(rutile) structures with defects. The
positions of the atomic defects are marked by a hollow circle. Red: O, blue: Ti. ΔΔE is the comparison of NN-calculated vacancy formation energy
ΔE with respect to DFT calculations. Reproduced from ref 42, with the permission of American Chemical Society.
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As shown in eqs 2−9, the many-body functions are also the
numerical functions of coordinates as inspired by the classical
force fields in describing the physical interactions. For instance,
the radial component of fd1 is the power function of the
pairwise distance rij (the distance between atom i and its
neighbor atom j), which mimics Lennard-Jones potential.44

Similarly, fd2 uses the distance-dependent exponential attenu-
ation for the radial part, the same as Morse potential.45 For
three-body functions, the angular information is taken into
account by cos(� ijk), where � ijk is the angle centered at atom i
with neighbors j and k. The function fspcombines the power
function and spherical harmonic function Yl

m, analogous to
hydrogen wave functions, where l and m are the degree and
order of the spherical harmonic. It provides a convenient
means to couple the radial and angular information on atoms.
The prefactor � and all power parameters (md, mt, lt, mq, and

l) are preset hyperparameters. fc in all of the equations is the
cutoff function with the cutoff radius rMB, as defined in eq 10.
The atomic force of the many-body functions can be
analytically derived based on eq 11, where the force
component � � acting on the atom u is the derivative of the
total energy with respect to its coordinate vector � u. According
to the chain rule, the derivative of the lth PTSD (nD is the total

number of PTSD in eq 11) of atom i with respect to � u, r

D

u

i
l

is

required in computing � �, which can be obtained by the
backpropagation of atomic NN.
These functional forms, with learnable parameters, � i

ni,
empower the NN to identify the associated physical
interactions that satisfy the designed function relation. The
two-body function, eq 3, for instance, with a relatively short

rMB and a large power parameter m, can effectively capture very
short-range interactions (e.g., Pauli repulsion). In contrast, the
function featuring a relatively long rMB and a small power m is
good at representing the long-range interaction (e.g., those of
electrostatic interaction origin). Taking the ionic solids with
low-concentration point defects as an example, we have shown
in Figure 2b that the inclusion of long-range many-body
correction significantly enhances the model’s predictive
capability in the cases involving the long-range interaction
with charge transfer�a task notoriously challenging for MLP.
Training Efficiency
Same as the training of the standard feedforward NN, the
backpropagation procedure of G-MBNN to update the
network parameters � dominates the computational cost, as
described by eqs 12−14 to simultaneously train energy and

force. Most variables like
w
i
ni

,
r

Di
l

u
, and

rD

Di
ni

i
l

i
l

u
are already

implemented in standard atomic NN backpropagation, and the
additional computations associated with G-MBNN are related

to four derivatives R( , )ni

i
ni

ni

, R( , )ni

i
ni

j
ni

ni2

,
r

R( , )ni

iu j
ni

ni2

, and

r

R( , )ni

iu

ni

. These derivatives can be computed efficiently

along with the computation of their many-body functions.
To accelerate the training of G-MBNN, we implemented the
following optimizations in LASP.
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First, the many-body functions are calculated parallelly in
line with the training data set parallelization, where the many-
body functions of the same structure are computed in one
CPU core. Second, the computation of the first term in eq 14
is optimized, which involves at maximum five nested loops
(together with eq 12) and a direct computation is
unacceptably expensive, especially for structures with many

atoms. By precalculating
i

k
jjj
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F r
a F i
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i
l

u u
, we reduce

the overall computation complexity from O(na
3) to O(na

2).
Third, considering that the functional form of many-body
functions can be separated into the distance-related compo-
nent (rij)and the atomic NN-related component (� i

ni), and only
the atomic NN-related component is updated in the training,
we can calculate the distance-related component for once and
save their derivatives for use in the rest of the training
procedure. Notably, in such a way, even for the many-body
functions where the � i

ni is intricately coupled with the distance-
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related component, such as in spherical harmonic functions
and three-body functions (eqs 5−9), the computational
overhead in training can still be kept marginal with limited
increase in the memory demanding.
Figure 3a,b shows the efficiency and memory usage in

training NN potentials in LASP 3.7, which are compared with

the same tasks in the older version, LASP 3.4.5. All training
tasks are executed on one CPU core in a 96-core machine (4×
Intel(R) Xeon(R) Platinum 8168 CPU) with the training set
containing one structure of Ru bulk metal, which varies from 2
to 976 atoms. Both G-NN and G-MBNN potentials utilize the
five-layer feed-forward NN architecture (487 × 144 × 144 ×
80 × No) with the number of the output layer nodes (No)
being 1 for G-NN and 12 for G-MBNN. In G-MBNN, both
two-body and three-body functions are included. As shown, G-
MBNN training in LASP 3.7 adds a minimal computational
cost (∼15%) due to the many-body function calculations
compared to those of G-NN. The O(na

2) time complexity of
G-MBNN training in version 3.4.5 is reduced to the linear-
scaling O(na) in LASP 3.7 by saving the distance-related
components. This is at the cost of memory usage, which
increases by ∼30% (Figure 3b). It should be mentioned that
the computational cost of training is mainly determined by the
size of the data set, the number of PTSDs, and the parameters
of the network since most structures in the training set contain
only a few atoms (e.g., <100 atoms). For example, for a data
set containing 3497 structures (Ru bulk metal) with na ranging
from 12 to 32, the total memory required is only 42 GB. In
practice, we found that the computational time and the
memory requirement decrease almost linearly with the
reduction of the training set size or the number of PTSD.
PES Evaluation Efficiency
The standard atomic NN architecture implemented in LASP
3.0 adopts a three-level parallelization scheme based on the
Message Passing Interface (MPI), achieving a near-linear
scaling efficiency in PES evaluation for medium-sized systems
(∼thousand atoms).46 The atom-level parallelization is the

foundation of atomic NN calculations, where each NN is
computed in one CPU core. However, we found that the
straightforward implementation of the G-MBNN architecture
based on the atom-level parallelization scheme significantly
slows down the PES evaluation when the number of many-
body functions becomes large (e.g., >10, see Figure 3, LASP
3.4.5). The extra time in G-MBNN calculation mainly stems
from the force computation in (i) the memory addressing due
to the expansion of the atomic NN output dimension; and (ii)

the MPI communication of the derivation ( )l
nD

D

D

r
i
ni

i
l

i
l

u

between different CPU cores.
In LASP 3.7, we have optimized the G-MBNN calculation

with two main strategies, namely, the grid-based neighbor list
generation and the atom-level parallelization of many-body
function calculations. The grid-based neighbor list generation
is a commonly used strategy to achieve good scaling
performance for large systems.47 In this approach, atoms are
first assigned to grids in three-dimensional space, and the
search for each atom’s neighbors is performed only within its
own and neighboring grids. This strategy reduces the
algorithm’s complexity of the neighbor search from O(na

2)
to O(na). In practice, we store separate neighbor lists for
different rPTSD and rMB of each atom, reducing the dimension of
derivatives from na to the number of different neighbor atoms,
which significantly decreases the memory accessing cost. It is
worth noting that the acceleration gained from memory
operations in PTSD computation is only significant for systems
with a large number of atoms (e.g., na > 1000). For small
systems (e.g., <100 atoms), the neighbor list contains nearly all
atoms in the system, and thus no additional benefit is obtained
by the grid-based neighbor list generation.
Another important optimization during G-MBNN calcu-

lation in LASP 3.7 is to rewrite the G-MBNN architecture
from a many-body-based to a single-body-based framework.
For example, the two-body function fd1i of atom i can be
rewritten as in eq 15 (cf. eq 3). The factor 1/2 is required
because each rij pair will be computed twice for both atom i
and j. The energy can still be represented by a sum of all
atomic energies as eq 16 and the force acting on atom i can
then be rewritten in eq 17, where the factor f tni denotes 1/2 for
fdi and fspi , and 1/3 for f t

i used in eq 16, and #nePTSD
i , #neMB

i are
the number of atoms for which atom i is a neighbor within the
cutoff rPTSD and rMB.
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Figure 3. Time scaling and memory usage of LASP codes in training
NN potential (a and b) and performing energy evaluation (c and d)
with (G-MBNN) and without (G-NN) many-body functions.
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To reduce the MPI communication, the first term in eq 17,

which involves the a chunky array
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only on the CPU core that calculates the PTSD of the atom j,
where i is a neighbor atom of the atom j in the cutoff rPTSD.
The second and the third terms are computed only on the
CPU core that calculates all of the many-body functions of
atom i. In this way, the only information that needs to be
gathered among different CPU cores is the array of � ni of all
atoms and the force on each atom. This optimization leads to
an overall increase in efficiency as the redundant computation
in the many-body function evaluation is much less extensive
than the communication cost between CPU cores.
Figure 3c,d shows the PES evaluation efficiency using NN

potentials in LASP 3.7, which is compared with that using the
older version, LASP 3.4.5. All PES evaluation tasks are
executed in parallel on a 96-core machine (4× Intel(R)
Xeon(R) Platinum 8168 CPU). The G-NN and G-MBNN
potentials are as those described previously in comparing the
training efficiency (Figure 3a,b). The G-MBNN in LASP 3.7
introduces less than 10% extra cost due to the many-body
function calculations compared with the calculations without
many-body functions. The time complexity is also linear-
scaling O(na) in the latest version. The memory usage was
optimized for large systems by storing the neighbor lists. The
performance of LASP 3.7 is generally much better than that of

the previous LASP 3.4.5. Specifically, for a 103,488 Ru metal
system, a single-point energy calculation using G-MBNN
potential in LASP 3.7 takes 5.26 s with 189 GB memory and
that using G-NN takes 4.80 s with 179 GB memory. The new
implementations empower the software for high-performance
computing tasks involving a large number of atoms, thereby
broadening the scope of atomic simulations.

3. PES EXPLORATION FOR SURFACES AND
INTERFACES

SSW Method
The SSW method25,26 is a global PES sampling method48

developed by our group in 2013, which serves as the
cornerstone of the LASP program. Different from other global
minimum (GM) search methods, such as basin-hopping
(BH),49−51 genetic algorithms (GAs),52−55 and Particle
Swarm Optimization (PSO),56 a main feature of SSW is the
ability to provide the transition information between structures
along the SSW trajectory while maintaining a high efficiency in
identifying the GM.
The SSW algorithm incorporates an automated climbing

mechanism to transform a structure configuration from a
minimum to a high-energy configuration along a randomly
chosen mode direction and relies on Metropolis Monte Carlo
(MC) at a given temperature to decide the acceptance of the
move. A series of consecutive minimum structures are
generated in the SSW simulation, forming a continuous
trajectory. Each step in SSW, also termed as an MC step,
comprises three independent parts, namely, (i) the climbing;
(ii) the relaxation; and (iii) the Metropolis MC. An MC step
utilizes the climbing module to move uphill and the relaxation
module to locate the minimum. Once a minimum is reached,
Metropolis MC is used to judge whether the structure will be
accepted or refused. The climbing procedure lies at the heart of
the SSW method, involving repeated bias-potential-driven
structure extrapolation and local geometry optimization to a
minimum on the biased PES, which gradually drags an initial
structure to a high-energy configuration. Starting from the
initial structure, SSW first generates a random direction, a
normalized vector defining the direction to change the current

Figure 4. (a) Flowchart of the ASOP algorithm that contains three steps, in which the colored grids from blue to red show the determined phase
stability at different compositions. Reproduced from ref 58, with the permission of AIP Publishing. (b) Potential energy surface contour map of
Ag(100) determined from the ASOP simulation, in which the conditions are set to be typical ethene epoxidation catalysis conditions, i.e., 500 K, 1
bar O2, 1 bar C2H4. Each point in this map represents an AgxOy(ethene)z composition, where the value of z corresponds to the ethene coverage
that yields the lowest surface energy. Reproduced from ref 63 with the permission of Springer Nature.
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geometry. The random direction is then softened by the so-
called biased rotation toward one eigenvector of the Hessian
matrix with small eigenvalues (not necessarily the lowest one).
A series of bias Gaussian potentials is added one by one
consecutively along the softened direction, thus creating a
series of local minima along the moving trajectory on the
modified PES.
The SSW method has been successfully utilized for the

structure search of clusters and crystals and was extended for
searching the reconstructed surface structures and the interface
configurations between materials, namely, the ASOP and ML-
interface algorithms, which are overviewed in the following.
ASOP Method

The surfaces of material are generally more difficult to
characterize at the atomic level than at the bulk phases. One
important reason is that the surface structure may undergo
dramatic reconstruction in contact with the external chemical
environment. While ab initio grand canonical Monte Carlo
(GCMC)57 can in principle be utilized to evaluate the relative
stability of likely surface phases, they meet great challenges in
exploring complex surface systems owing to the large
composition space and many likely surface periodicities,
which requires a high efficiency to determine the GM structure
among all surface periodicities under a fixed chemical potential
condition.
To overcome the shortcomings of ab initio GCMC, our

group developed the automated search for the optimal surface
phases (ASOP) method to explore the surface phases in the
grand canonical ensemble in parallel.58 As shown in Figure 4a,
this method requires only simple inputs, including the bulk
crystal structure, the surface Miller index, and the chemical
potentials of species, and then produces the phase stability at
different compositions, among which the optimal surface phase
can be determined. This is achieved by enumerating a series of
composition grids, both coarse and fine grids, each
representing a distinct surface periodicity and containing
various chemical compositions. For each cell of the
composition grid, SSW-NN is utilized to perform the fast
configuration and composition exploration and identify the
most stable structure in the cell. A Monte Carlo scheme is also
introduced to move from coarse grids to fine grids in order to
speed up the search toward the energetically more favorable
compositions.
The ASOP method was first introduced to explore the

structures of silver surface oxide, which is vital in under-
standing the active sites of ethene epoxidation in heteroge-
neous catalysis.59 With the input of bulk Ag structure, (100)
Miller index, and the chemical potentials of O and C2H4
determined at typical reaction conditions (500 K, 1 bar O2, 1
bar C2H4), the ASOP simulation has generated 44 distinct
supercells and 15,766 distinct compositions, among which
2,889 compositions are finally visited from SSW-NN, with the
exploration of 777,850 AgxOy(ethene)z surface structures on
Ag(100). This takes 200 h on an Xeon(R) Gold 6126 CPU
(2.60 GHz, 80 CPU Cores). The phase stabilities of these
structures are collected to build the PES contour map shown in
Figure 4b, indicating that the stable silver surface oxide under
reaction conditions has an Ag coverage of 0.6−1.0 ML and an
O coverage of 0.4−1.0 ML. Among them, there are two stable
surface phases, namely phase-100 and O5 phase (O5 phase is
0.028 J/m2 favored in surface energy compared to phase-100).
The phase-100 is similar to various silver surface oxides

reported in previous literature,60−62 which possess only surface
oxygen species without subsurface O. By contrast, the O5
phase is unique, featuring square-pyramidal subsurface O and
strongly adsorbed ethene.
By conducting reaction pathway sampling and microkinetics

simulation,63 we found that the O5 phase can selectively
convert ethene to ethene oxide, while the other Ag surface
facets like phase-100 favor the combustion of ethene to CO2
due to the lack of subsurface O. The overall ethene oxide
selectivity, ∼50% as observed in experiment,59 can thus be
contributed to the presence of both poor and high selectivity
phases after the in situ surface oxidation.
ML-Interface Method

The prediction of the interface structure between materials is
an even more challenging task, not the least because of the
additional requirement of lattice matching between different
solid materials. Theoretically, the solid−solid interfaces can be
described by the orientation relationship (OR), which is
denoted by the Miller indices of two lattice planes and two
lattice directions. The OR may be obtained from experimental
observations or by the theoretical analyses of two solid crystal
structures.64 But, the more rigorous way is via the alignment of
the basis vectors of different lattice planes65 to identify the
lattice-matched solution. However, due to the huge space of
lattice planes and directions, it is challenging to complete all
likely OR searches, not even mentioning matching the
interfacial atomic structures and varying the interface chemical
compositions to yield a realistic interface structure.
In 2022, we developed the ML-interface method for

predicting the interface structure in an automated and
systematic way. The ML-interface method takes three key
steps:66−68 (i) Screening lattice-matched ORs; (ii) generating
interface atomic structure; (iii) SSW global optimization of the
interface. They are detailed in the following.
First, the phenomenological theory of martensite crystallog-

raphy (PTMC)69,70 is utilized to screen the likely OR to align
two solid crystals. The PTMC theory can predict the ORs of
lattice-matched interfaces based on a given lattice correspond-
ence. The lattice correspondence is defined as eq 18,

=F AT BM( ) ( )1 (18)

where � and 	 are the primitive lattice parameters of two
phases; 
 and � are two arbitrary transformation matrices. In
the OR screening step, any transformation matrices are
permissible. Therefore, a given pair of lattices � and 	 can
yield numerous � and consequently numerous ORs. The
lattice-matched OR can, in principle, be identified by sampling
the likely matrices 
 and �.
Second, a graph-theory-based approach is utilized to

generate the atomic model of interfaces. In this step, two
lattice-matched slabs are cleaved based on the ORs obtained in
step (i), and then, they are glued in a single supercell. The
max-flow min-cut theorem is applied to determine the stable
termination for slabs by minimizing the number of bonds that
require cutting to separate a bulk crystal in a slab.71,72 Then, a
series of rigid translations are performed on one of the slabs to
maximize the number of bonds at the interface, leading to a
slab-like interface with a vacuum. If a condensed interface
model without a vacuum is desired, further optimization of the
c-axis length is performed to maximize the number of bonds at
another interface.
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Finally, SSW-NN global optimization is utilized to search
extensively the global minimum of the interface structure built
from step (ii). To allow the variation of chemical composition
(e.g., different terminations) at the interface, SSW-NN
simulation can be coupled with the grand canonical Monte
Carlo (GCMC) movement under a fixed chemical potential.
Using the ML-interface method, we identified 10 Si/SiO2

interfaces with a short periodicity (see Figure 5). Besides the
industrially utilized low Miller index interfaces Si(100) and
Si(110)/SiO2, we revealed two new high-index interfaces,
Si(210) and Si(211)/SiO2 that exhibit perfectly matched
interface atomic structures, excellent thermal stability, and
outstanding electronic properties. Compared to the Si low-
index interfaces, the newly identified high-index interfaces have
optimal carrier effective mass, where the carrier quantum
tunneling is reduced by up to 4 orders of magnitude from
theory. More importantly, the interface size can also be
reduced to as small as 1 nm, holding great promise for
overcoming the performance bottleneck of Si-based semi-
conductors in making Field-Effect Transistors.

4. REACTION SAMPLING
Resolving the chemical reaction network and finding the
lowest energy barrier reaction pathway have long been major
challenges for computational chemists. This reaction informa-
tion provides the key quantities needed to understand the
chemical reactivity and kinetics. However, there are two major
difficulties in performing reaction sampling in atomic
simulations: (i) The reaction pattern is often unknown, and
thus the reaction network of complex reaction systems cannot
be explored completely; and (ii) the computational cost in
locating the transition state (TS) is often too demanding in
large systems. For organic reactions where the octet rule is
satisfied, a common solution is to exploit a set of predefined
reaction rules to enumerate possible products for every likely
intermediate. Belong to this category are the methods such as
RMG,73,74 RING,75 pReSt,76 NetGen,77 RNG,78 ZStruct,79,80

and YARP.81 Obviously, these methods cannot find new

reaction patterns and may miss important low-energy path-
ways. Instead, unbiased reaction sampling has also been
developed in the past years, including GRRM,82,83 SSW-
RS,84,85 ReNeGate,86 and ADCR,87 which can explore reaction
space without any a priori information on the reaction. These
methods suffer from the high computational cost associated
with quantum mechanics calculations in finding the reaction
pattern and locating the TS. In the following, we introduced
the SSW-based reaction sampling methods developed in our
group.
SSW Reaction Sampling

Building upon SSW global PES sampling ability and DESW TS
search, the SSW-RS84,85 algorithm is designed to automatically
explore reaction pathways from a given initial state. It does not
require a priori information on the reaction and can identify
the lowest energy pathway from an initial state to its nearby
minima. It should be emphasized that SSW-RS aims to identify
the lowest energy pathway, and thus, the TS linking important
minima needs to be explicitly located, which is the major
difference from SSW that focuses on structure finding.
The SSW-RS simulation comprises three stages: (i) pathway

collection through an extensive SSW global search; (ii)
pathway screening using fast double-ended surface walking
pathway building; and (iii) determination of the lowest energy
pathway via a DESW transition state search. Among these
stages, the first one is the most crucial and time-consuming as
it generates all possible pairs of reaction coordinates linking
different minima to ensure the identification of the optimal
reaction coordinate corresponding to the lowest energy
pathway. SSW-RS provides a general and unbiased method
for finding unknown reaction pathways, which can be applied
directly for crystal phase transitions (e.g., ZrO2 phase
transition88) and for gas phase molecular reactions (e.g.,
glucose pyrolysis89). Unfortunately, the reaction sampling
efficiency drops quickly with an increase in the system size,
mainly because of the difficulty in capturing the correct
reaction coordinate. To resolve complex reaction networks
with many reaction channels, we have developed two new

Figure 5. (a) Flowchart of the ML-interface method. (b) Atomic structures of 10 Si/SiO2 interfaces with an interfacial area less than 1 nm2 in
periodicity. The dashed cycles in (b) highlight the unsatisfied Si atoms with dangling bonds. Yellow balls: Si; Red balls: O. Reproduced from ref 66
with permission of American Physical Society.
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methods, ML-TS and MMLPS by exploiting either the known
reaction patterns or the kinetics information to speed up the
reaction search.
ML-TS Method

In heterogeneous catalysis, the surface structure dynamics
often couples strongly to the chemical reactions on the surface.
The metastable surface structures may open up the most active
reaction channel.90 To identify the lowest energy pathway, it is
necessary to take into account different surface patterns that
could be reconstructed under the reaction conditions.
However, traditional reaction sampling methods generally
neglect the surface degrees of freedom, where the reaction
pathways are explored on a predefined and fixed surface
structure.91 Recent advances showed that the strong coupling
between catalyst structure and reaction could be achieved by
performing the global optimization using the TS-like structures
by imposing extra constraints on the reaction coordinate.92,93

In our group, the machine-learning-based transition state
exploration (ML-TS) method is developed to achieve
simultaneous surface phase and reaction exploration from a
known reaction map. As shown in Figure 6, based on the
selection of the reaction patterns from a likely reaction map
shown on the left side, this method combines the reaction
coordinate constraining technique and the SSW-NN fast global
structure exploration to explore the TS phase space.
Specifically, the reaction coordinate (such as the C−O distance

in Figure 6) is first fixed at a set of predefined values via the
bias potential approach, and then a few parallel SSW-NN tasks
are conducted to explore the minima (TS-like structures) on
the modified PES (red line). With the collected low-energy
TS-like candidates, the constrained Broyden dimer (CBD)
method37,94 is utilized to locate exactly the TS structure, from
which the lowest barrier of the reaction is obtained.
Apparently, the SSW-NN global structure search is the key
to taking into account the degrees of freedom from both
molecular configurations and surface structure reconstruction.
We have employed ML-TS simulation to identify the overall

mechanism of Fischer−Tropsch synthesis (FTS, CO + H2 →
long-chain hydrocarbons)95,96 on FeCx surfaces. Among many
likely FeCx surface sites that coexist under reaction conditions,
the ML-TS method identifies the A-type planar 5-fold site (A-
P5 site) to be the active site with the highest activity. This A-
P5 site exhibits both Fe-carbide (Fe4C square) and metal Fe
(Fe3 trimer) features, which greatly enhance C−O dissociation
and C−C coupling, two key reactions for the formation of
hydrocarbons. The Gibbs free energy barriers of these two
reactions at 523 K are determined to be 1.16 and 0.73 eV,
which are considerably lower than those (∼2 eV) obtained in
previous theoretical studies on bulk-truncated FeCx surfa-
ces97,98 where the possible surface reconstruction in catalysis is
not considered. By utilizing the kinetics data derived from the
lowest-TS structures identified by the ML-TS method, our
microkinetics simulations99 yield the Fe time yield (FTY) and

Figure 6. Scheme of the machine-learning-based transition state exploration for identifying the lowest-energy transition state. Reproduced from ref
99, with the permission of Royal Society of Chemistry.

Figure 7. (a) Scheme of MMLPS to explore the reaction network and find the reaction pathway. (b) Contour plot for 14958 reaction pairs (IS, TS,
FS) from the low energy pathways obtained by MMLPS on Cu(211). The color indicates the density of state (DOS) reflecting the occurrence
frequency of the state in reactions. The intermediates along the lowest energy pathway (IS, TS, FS) are highlighted by brown lines. Reproduced
from ref 100 with permission of American Chemical Society.

Precision Chemistry pubs.acs.org/PrecisionChem Review

https://doi.org/10.1021/prechem.4c00060
Precis. Chem. 2024, 2, 612−627

620



chain growth probability factor (�) that are consistent with the
experimental values. The work proves the power of the ML-TS
method in identifying the real active sites in heterogeneous
catalysis and in rationalizing the kinetics of catalytic reactions.
MMLPS

The microkinetics-guided machine learning pathway search
(MMLPS)100 method aims to search the lowest energy
reaction pathway unbiasedly with the acceleration provided
by the guidance of microkinetics simulations. The method
utilized the G-NN potential calculation based SSW-RS to
explore the reaction pathways for a given reactant but added
new features to speed up the pathway search for complex
reaction networks, which is illustrated in Figure 7a. First, a
parallel automated SSW-RS is implemented to divide the
reaction network into different domains, where each parallel
branch explores a subnetwork from a guessing intermediate
with a predefined composition; Second, a microkinetic-based
fast pathway filter module is utilized to search for the low-
energy reaction pathways in each subbranch; Third, a
microkinetic analysis module is used to calculate the reaction
rate by communicating with all sub-branches and judge the
convergence of the reaction exploration. With a given reactant
as input, MMLPS will iteratively conduct SSW-RS to sample
possible reaction pairs (initial state, IS; transition state, TS;
final state, FS), update the reaction pair database and reaction
network in each cycle, and finally discover the low barrier
reaction pathway between the reactant and target product.
We briefly illustrate how MMLPS is applied to resolve the

methanol synthesis reaction network on Cu(211) surface.100

MMLPS simulation starts from SSW-RS in three sub-branches,
each starting from a different structure, namely, CO2+H2,
HCOOH+H2, and HCHO+H2 on the Cu(211) surface. Each
cycle of SSW-RS will reveal different intermediates and the
reaction pathway linking to these intermediates, and the
kinetically favorable intermediates are screened by the fast
pathway filter module and stored for use in future cycles. At
the end of each cycle, the microkinetic analysis module can
check whether a pathway is present to link the reactant
(CO2+3H2) with the product (CH3OH+H2O). If so, it
computes the reaction rate by using the mean-field micro-
kinetics simulation. Once the rate converges, we consider that

the reaction network has been fully explored, and a low energy
barrier path is thus obtained. In exploring the reaction network
on Cu(211), in total 1,220,000 minima are visited, and 4,958
reaction pairs are collected, which leads to 115 unique
intermediates and 372 elementary reactions. Figure 7b shows
a 2D contour map for the IS, TS, and FS structures of the
14,958 reaction pairs projected on two collective variables
(CVs). The inset at the top shows the 1D projection, which
shows that the whole reaction network combines the results
from three branches. The obtained lowest energy reaction
pathway for CO2 and CO hydrogenation is highlighted by the
brown line in Figure 7b.

5. LASP DATABASES
High-quality data are the key for machine learning (ML)
applications. Benefiting from the powerful computational
capabilities of G-NN potential, LASP hosts a comprehensive
global potential energy surface data set of molecules and
materials. LASP global PES data set encompasses not only
minima but also reaction configurations and high-energy
structures, reaching over 5 million three-dimensional (3D)
structures along with their energy, force, and stress
information, covering 68 different elements in the periodic
table. LASP data set is thus different from the known chemistry
databases, such as SciFinder (https://scifinder.cas.org/),
Reaxys (https://www.reaxys.com/), the Cambridge Structural
Database (CSD),101 the Inorganic Crystal Structure Database
(ICSD),102 and the material project database (https://next-
gen.materialsproject.org/), which collect minimum structures
and reactions from experimental literature or by computation.
With the G-NN potential obtained by fitting the global PES
data set, we were motivated to utilize the G-NN potential to
predict new structures and obtain their properties. This opens
a unique opportunity for new material design. One important
advance in LASP thus moves toward building a material
property database for the purpose of catalyst design. In the
following, we introduce three thematic databases generated
from the LASP global structure search, namely, the zeolite
Wulff morphology database (ZWMD), the zeolite acidity
database (ZAD), and the metal phosphine-ligand catalyst
database (MPCD).

Figure 8. Illustration of ZWMD and ZAD of NH3-TPD. (a) Comparison between predicted and experimental zeolite morphologies. Reproduced
from ref 107 with the permission of Royal Society of Chemistry. (b) Theoretically simulated NH3-TPD plots of SAPO-34 and the corresponding
acidic site structures.
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Zeolite Database

Zeolite is an important class of heterogeneous catalyst,
featuring high structural stability, microporous cages, and
strong acidities.103 At present, more than 250 types of zeolite
skeletons have been synthesized in experiments with varied
cage and channel sizes, acidic strength, and morphologies, etc.
Among the zeolite morphology plays a key role in determining
the diffusions of reaction molecules104 For example, strong
Lewis acid sites can easily be formed on the (010) orientation
of ZSM-5 zeolite (MFItype), whereas they are unlikely to
occur at the (101) surface.103 Since the morphology of the
material is largely determined by the surface energies, it is thus
in principle possible to explore the equilibrium morphology
using Wulff construction by computing the surface energies of
zeolites.105 In our ZWMD, we explore the low Miller index
surfaces for more than 250 zeolites with a SiO2 composition
and obtain their Wulff structure. The online database (www.
lasphub.com/database/#/zeowulff) provides simulated Wulff
morphology plots, surface energy data, Wulff area ratios, and
corresponding surface structures, which can be compared with
experimental results, if available. The ZWMD facilitates the
search for zeolites with the desired morphologies. For example,
five zeolites (AFS, CAS, ITR, MWW, and SBN) are predicted
to prefer two-dimensional layered morphology, which is known
to be beneficial for reducing mass transfer resistance.106

We note that the theoretically predicted morphology agrees
generally well with the observations from experimentally
synthesized zeolites,107 as illustrated in Figure 8a. For example,
the AST-type zeolite has a bulk crystal of F4̅3m symmetry, and
the morphology is predicted to be a truncated octahedron with
the exposed surfaces being (001), (111), and (011). The
experimentally synthesized material has the truncated octahe-
dron structure, identical to theoretical prediction.108 The
coincidence between theory and experiment suggests the
general validity of thermodynamics in controlling the growth of
large zeolite particles.
Zeolite Brønsted acidity is another crucial factor in

modulating the catalytic performance of the zeolite. The
acidity density and strength of zeolites can be assessed through
spectroscopic techniques such as nuclear magnetic reso-
nance109 or by molecular desorption using temperature-
programmed desorption (TPD).110−114 By evaluating the
ammonia adsorption energy, theoretical simulations can be
utilized to compute the strength of Brønsted acids.110,115 By
developing a Si−Al−P−O−N-H six-element G-NN potential,
the NH3 adsorption energy on different Brønsted acid sites for
all as-synthesized ∼250 zeolites with different compositions
(SAPO and Si: Al) have been assessed by using LASP. An
online zeolite acidity database, characterized by NH3
desorption temperature, is now accessible through the Web
site www.lasphub.com/database/#/zeoacidity. This database
provides convenient access to a range of acid properties,
including simulated NH3-TPD plots, skeleton stabilization
energy, NH3 adsorption energy, desorption temperature, and
corresponding atomic structures for acid sites. An example of
the results from the online query of SAPO-34 zeolite is shown
in Figure 8b, two major desorption peaks around 400−500 and
650−750 K observed in the experiment are reproduced well in
the theoretically simulated NH3-TPD spectrum.116 The acid
sites as characterized by a particular NH3-TPD temperature
can be assigned readily and visualized in the zeolite acidity
database.

Metal−Ligand Database

Metal−ligand (M-L) complexes have demonstrated great
values in homogeneous catalysis in a wide range of reactions,
e.g., C−C/C−N cross-coupling, olefin carbonylation reactions,
etc.117−120 To correlate the chemical reactivity with the ligand
candidates, great efforts have been devoted to understanding
the physicochemical properties of ligands and building a ligand
property database. For example, the ligand knowledge bases
(LKB) and kraken design platform have parametrized
phosphine (P-) ligands from both electronic and geometric
perspectives.121−127 These works facilitate the development of
quantitative structure−activity relationship (QSAR) mod-
els.128−130

Based on LASP simulations, we have also constructed an
MPCD that contains over ten thousand M-LP interaction
strength metrics, which is accessible through an open online
platform, www.lasphub.com/database/#/MPCD. It features a
meticulously designed ligand replacement energy metric that
serves as a universal descriptor for characterizing metal−ligand
interactions. To date, more than 4 million conformers for
∼8,200 assembled P-ligands have been explored and their most
stable conformers and their energetics are now included in the
MPCD. The online platform provides easy access to ∼60,000
ligand replacement energy values of >8,200 P-ligands with
different metals (Pd, Pt and Rh, etc.). With this binding energy
descriptor of ligand, the active ligands space (ALS) for a
specific target reaction can be established, which is used to
map out the potential P-ligands via the volcano plot. This
offers a quick and economical means to effectively narrow
down the vast P-ligand space, thereby facilitating the catalyst
design.

6. OUTLOOK
With persistent methodology development and continuing
global PES data accumulation, LASP software after 6 years of
development now grows as a powerful atomic simulation
platform with versatile capabilities. This article overviews the
recent progress of LASP theoretical methods and code
implementations, highlighting the methods on the LASP
MLP architecture (G-MBNN), to search surface and interface
structures (ASOP and ML-interface), and to search reaction
pathways (ML-TS and MMLPS). The high accuracy,
computation efficiency, and robustness of the G-MBNN
potential calculation allow great flexibility in the implementa-
tions of new structure and reaction sampling algorithms, which
require minimal human input and aim to make reliable
predictions via fast computation. As a natural outcome of
LASP projects, numerous material and reaction data with
elements across the whole periodic table are becoming cheaply
available, which allows the building of thematic databases, as
exampled by ZWMD, ZAD, and MPCD, for new catalyst
design.
To match the rapid development of graphic processing unit

(GPU) devices, the ongoing LASP projects are shifting toward
new methodologies using the generalized G-NN potentials on
the GPU hardware. More than 5 million global PES data sets
have been trained to obtain the first version of generalized G-
NN potential, and the fine-tuning architectures are being
assessed for reaching the best performance. The G-NN
potentials should also be able to not only predict energy,
force, and stresses for PES evaluation but also provide
electronic structure information for evaluating material proper-
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ties, such as the atomic charge, polarizabilities, etc. In line with
this hardware transformation, one could expect that the future
of atomic simulation will become simple, automated, and end-
to-end, which are fully compatible with different hardware
platforms via cloud computing (mixed CPU/GPU machines)
and highly friendly to the general public with little expertise.
These advancements built upon the universal G-NN potential
would mark a significant step forward in tackling chemistry and
material science challenges, which will certainly lead to
unexpected new scientific findings.
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