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ABSTRACT: The field of chemical reaction dynamics has evolved considerably since its
inception, driven by advances in computational power and theoretical methodologies. While ab
initio molecular dynamics (AIMD) simulations offer high accuracy by computing forces directly
from electronic structure theory, its high computational cost limits its applicability to small
systems and short time scales. Machine learning (ML) potentials and exascale computing offer
new ways of developing potential energy surfaces (PESs) for chemical reaction dynamics
simulations of longer times scales and larger systems. In this work, we introduce VENUSpy, a
Python-based reimplementation and extension of the classical VENUS code, designed to interface
with existing ML-based potentials and the exascale-ready quantum chemistry package
NWChemEx. While NWChemEx is in development, VENUSpy demonstrates interfacing with
its top-level classes and objects for use in reaction dynamics simulations. VENUSpy preserves the
large library of initial sampling and classical trajectory propagation of the original, Fortran-based
VENUS, while expanding its versatility through integration with modern Python tools. This
modular framework enables ML/ab initio hybrid dynamics simulations, which offers distinct advantages to AIMD simulations and
MLMD simulations, as well as fosters rapid development of new methodologies for studying complex reactive systems.

■ INTRODUCTION
The study of chemical reaction dynamics has made significant
strides since the mid-20th century, when computer simulations
of analytical potential energy surfaces (PESs) were used to
investigate elementary gas-phase reactions.1,2 Pioneering
efforts from scientists like Don Bunker laid the foundation
for a field that now spans a wide range of theoretical and
computational approaches, from classical trajectory simulations
to quantum-mechanical wave-based methods.3,4 Over time, as
computers grew in power, the prevalence of ab initio molecular
dynamics (AIMD) simulations has grown. In AIMD
simulations, the positions of atoms in the system of interest
are propagated with classical equations of motion, but the
forces exerted on the atoms are directly computed from
electronic structure calculations.5,6 AIMD simulations have
given researchers the ability to simulate chemical reactions
without prefitted, analytical PESs and provided potentially
more accurate descriptions of complex systems. However, the
advantages come at a steep computational cost. While modern
high-performance computing enables AIMD simulations of
increasingly large systems, real-life applications taking place on
the order of microseconds or even nanoseconds still remain
largely infeasible. In addition to the accuracy of the employed
ab initio method, reliable AIMD simulations also depend on
the ergodicity of the sampling, which in return limits the size of
the systems that can be simulated. In practice, time scales of up
to hundreds of picoseconds are only possible for small
condensed-phase systems or gas-phase systems of a couple
dozen atoms, limiting studies to fast or simple reactions.7−9

Since the overwhelming majority of the computational cost
associated with AIMD simulations comes from ab initio force
calculations, it has motivated the development of more
efficient approaches, including machine learning (ML)
methods for constructing reactive PESs. ML-based potentials
have demonstrated impressive accuracy and scalability, and
have been successfully applied to a variety of chemical systems,
from elementary bimolecular gas-phase collisions to compli-
cated combustion reactions and even reactions in the
condensed-phase.9−15 Except for very few examples (e.g.,
ANI),16 most of the ML-based potentials are trained on ab
initio potentials for specific chemical systems with very limited
transferability.

VENUS/NWChem is a widely used AIMD simulations
software for studying reaction dynamics.17 It is made through a
tight coupling between VENUS, a classical trajectory
simulation code developed by Hase and colleagues,18,19 and
NWChem, an ab initio quantum chemistry software designed
to run on high-performance parallel supercomputers developed
by Windus and colleagues.20 During AIMD simulations,
VENUS runs on a single processor, iteratively calls the parallel
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execution of NWChem, and propagates the AIMD trajectories.
Since its development, VENUS/NWChem has enabled
detailed mechanistic and dynamics studies of a variety of
bimolecular and unimolecular reactions that have broad
applications in reaction rate theory, combustion, atmospheric
chemistry, energetic materials, and astrochemistry, to name a
few.12−15,21−27

Written with the Fortran programming language, VENUS
has not been updated recently and has limited modularity in
this era. For example, coupling VENUS with a neural-network-
based ML PES (e.g., TensorFlow28 and PyTorch29) would
require extensive subroutine development in both Fortran and
Python. In the meantime, significant efforts have been made to
extend NWChem to exascale computing. The successor to
NWChem, NWChemEx, is a ground-up rewrite of the original
NWChem package using C++ and Python. NWChemEx
breaks from the traditional “monolithic” electronic structure
package by decomposing the overall package into smaller,
independent packages called plugins.30 Herein, we present
VENUSpy, a Python-based reimplementation and extension of
the original VENUS code, which is designed to interface with
NWChemEx and ML-based potentials. This new version of
VENUS retains the core functionality of classical trajectory
propagation with rigorous initial sampling schemes to mimic
statistical ensembles. It also features interfaces to many existing
Python modules like PSI4,31 QCEngine,32 sGDML,33

Schnet,34 and Physnet,35 for both ab initio and ML molecular
dynamics simulations. Having multiple prepackaged interfaces

gives users the flexibility to explore dynamics on hybrid
surfaces or implement new algorithms.

■ THE DESIGN OF VENUSPY
In the original VENUS code, users need to develop specific
subroutines to interface with different quantum chemistry
software. This task requires a high level of expertise in
programming in Fortran as well as a thorough understanding
of VENUS. To alleviate the burden of the users who might
want to take advantage of the versatility of initial sampling
algorithms in VENUS but also want to retain the flexibility in
choosing different quantum chemistry software, VENUSpy is
written in Python. This enables the use of existing MD-focused
Python packages, such as the Atomic Simulation Environment
(ASE) package.36 Here, ASE is used to define the molecule and
attach the potential energy surface as a calculator. The
calculator class is a flexible data type that can be coupled
with ML potentials and ab initio methods implemented in
Python. After the molecule and calculator are set up,
VENUSpy uses the initial sampling data to set up groupings
(i.e., if bimolecular collision), a Hessian calculation, and
normal-mode analysis. A broad flowchart of Python objects,
classes, and function calls can be seen in Figure S1. As shown
in Figure 1, depending on the sampling, users may be inputting
a temperature, quantum number, or energy for each molecule.
Temperatures are used to sample vibrational or rotational
quantum numbers from a canonical ensemble. While each
normal mode can have a vibrational quantum number and

Figure 1. Flowchart of reaction dynamics simulations of VENUSpy.
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corresponding energy, the total vibrational energy can also be
used to sample normal mode energies from a microcanonical
ensemble. Regardless of the type of sampling, displacements in
internal coordinates and momenta are partitioned by normal
mode; as the Hamiltonian is approximate, trial-and-error is
required, needing multiple energy calls. Once the internal
energies of the molecules are within a reasonable deviation to
their expected values, molecules are given necessary displace-
ments and relative momenta for a collision (i.e., if simulating a
bimolecular collision).

Here we take NWChemEx as an example to showcase how
VENUSpy is interfaced with quantum chemistry software to
execute the flowchart in Figure 1. Names in italic in this
paragraph are packages belonging to NWChemEx. NWChe-
mEx requires initializing a ModuleManager object, through
PluginPlay, with the details of the ab initio method (e.g., level
of theory, basis sets, convergence options, etc.), as well as
message passing interface (MPI) configurations for the
computer. Then, NWChemEx Molecule and ChemicalSystem
objects are created through Chemist which contain geometry,
charge, and spin information. Finally, when an energy or
energy gradient is needed, they are created by calling a module
which satisfies the EnergyNuclearGradient property type
defined in SimDE. Here we note that NWChemEx is still in
development, and its underlying ab initio gradient code may
change. Nonetheless, VENUSpy is designed to use NWChe-
mEx’s top-level classes and objects, thus only minimal updates

would be required once NWChemEx is fully released. After
initial sampling, input dynamics data specifies the integrator,
time step, number of steps, and stopping conditions. In the
command line interface (CLI), sampling data and dynamics
data are all specified as command line arguments, as often they
may need to be changed; meanwhile, geometry data and PES
data are specified through input files. Users which import
VENUSpy as a package though can specify these inputs as
needed and even make new sampling or dynamics classes. An
example class, which combines an ab initio PES and ML PES
into a hybrid PES where dynamics simulations are carried out,
is shown later.

■ AB INITIO MOLECULAR DYNAMICS
In AIMD simulations, the positions and momenta of molecules
evolve in time with energies and energy gradients obtained
from quantum chemistry methods. The reaction dynamics of
VENUS coupled with NWChem (VENUS/NWChem)17

serves as the basis for the validation of VENUSpy coupled
with NWChemEx (VENUSpy/NWChemEx). While the
NWChemEx infrastructure is being used as described in the
previous section, it is worth noting that the modules used to
compute the energy and gradient are interfacing with
NWChem, as NWChemEx does not have a complete gradient
implementation at this time. The bimolecular collision
between CH and H2S is employed as the model system,
which has been studied with both crossed-beam experiment

Table 1. Branching Ratios (in Percentages) of the Bimolecular Collision of CH + SH2 Simulated by VENUS/NWChem,
VENUSpy/NWChemEx, and VENUSpy/sGDMLa

collision outcome VENUS/NWChem VENUSpy/NWChemEx VENUSpy/sGDML

nonreactive 46 ± 9.8 46 ± 9.8 48 ± 9.8
P1 (H + H2CS) 40 ± 9.6 33 ± 9.2 34 ± 9.3
P2 (H + HCSH) 4 ± 3.8 9 ± 5.6 6 ± 4.7
P3/P4 (H2 + CSH/SCH) 5 ± 4.3 4 ± 3.8 4 ± 3.8
P5 (H3C + S) 1 ± 1.9 1 ± 1.9 2 ± 2.7
P6 (SH + CH2) 4 ± 3.8 7 ± 5.0 6 ± 4.7

aThe 95% confidence intervals of the Bernoulli standard variances are shown.

Figure 2. Relative translational energy (Etrans) distributions (top row) and scattering angle (θ) distributions (bottom row) for reactive hydrogen
loss (P1 + P2) trajectories. The inserted KSD values are between the current simulations and simulations conducted with VENUS/NWChem.
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and AIMD simulations.37 Their collision leads to seven types
of trajectories (i.e., six reactive ones and one nonreactive one),
as listed in Table 1. Although the size of this system is small,
the number of potential outcomes make it very challenging for
AIMD simulations, thus serving as a good example to show
whether both codes can produce the same dynamics of the
reaction. The same level of theory (B3LYP/aug-cc-pvdz)38−42

is employed by both VENUSpy/NWChemEx and VENUS/
NWChem, and 100 trajectories are simulated with an impact
parameter of 1 Å.

It is important to emphasize the chaotic nature of the
chemical systems in dynamics simulations. Any level of
discrepancy in momenta and positions will propagate over
time and could lead to a completely different trajectory.43,44

This issue is imperative in AIMD simulations, owing to the fact
that the execution order of most parallel algorithms is
nondeterministic, and the fact that floating-point arithmetic
is nonassociative. In other words, it is unrealistic to expect
individual trajectories starting from the same momenta and
positions to evolve identically in both VENUSpy/NWChemEx
and VENUS/NWChem. Therefore, the focus should be to
show that the dynamics obtained from both codes, derived
from the ensemble average over a set of trajectories, are
statistically indistinguishable. The branching ratio of these
seven collision outcomes is shown in Table 1. Not only do the
major product channel (i.e., H + H2CS, P1) reaction
probabilities agree well (40 ± 9.6% for VENUS/NWChem;
33 ± 9.2% for VENUSpy/NWChemEx), but the branching
ratio of all possible collision outcomes also agree within 95%
confidence intervals.

Of reactive outcomes presented in Table 1, only the
hydrogen loss (P1 + P2) channels have enough trajectories to
be statistically analyzed. For these channels, relative transla-
tional energy and scattering angle distributions of the products
are shown in Figure 2. Relative translational energy
distributions between VENUSpy/NWChemEx and VENUS/
NWChem are in good agreement (top row), with both
methods producing similar most probable (Emp ∼ 50 kJ/mol)
and maximum energies (Emax ∼ 160). Both codes produce
similar scattering angle distributions (bottom row), where
formation of an intermediate with sufficient lifetime leads to
uniformly distributed scatterings. To be quantitative, the
Kolmogorov−Smirnov deviation (KSD) can be used to
compare the similarity between two distributions: defined as
the maximum deviation between the cumulative distribution
functions (CDFs), larger KSDs designate large deviations. For
both observables, the KSD between distributions obtained
from VENUS/NWChem and VENUSpy/NWChemEx are
within their 95% confidence interval threshold of 0.283. The

threshold value scales as N N
N N
1 2

1 2

+ , where N1 and N2 are the

number of the hydrogen loss trajectories sampled from each
code. The level of agreement in branching ratio and the
dynamics of the most probable collision outcomes showcase
that VENUSpy/NWChemEx is able to reproduce the
dynamics obtained with VENUS/NWChem within statistical
uncertainty.

■ AB INITIO MOLECULAR DYNAMICS−ENSEMBLE
SAMPLING

Physically motivated reaction dynamics simulations must
emulate proper ensembles of reactants in what is called initial
sampling. Take the bimolecular collision between A and B as
an example (Figure 3). Usually reactants are prepared
separately and then induced to collide, which entails sampling
absolute orientations (θ, ϕ) and impact parameters (b), as well
as relative or internal degrees of freedom of molecules A and B;
this ensures that an ensemble of trajectories is started from a
set of coordinates qA

1 , qB
1 and momenta pA

1 , pB
1 that

correspond to a desired physical condition. The most
commonly used initial sampling schemes include sampling a
canonical ensemble for a desired temperature, sampling a
microcanonical ensemble for a desired energy level, and
sampling a specific mode for a desired quantum number. For
more on the theories and best practices of initial sampling, the
readers are recommended to refs 3. and45−47. All of these
schemes involve sampling the positions q⇀ and momenta p⇀
of atoms by the normal mode that they belong to. One way to
formulate this is by, first, decomposing the infinitesimal phase
space volume dq⇀dp⇀

q p q q p p

q q p p H H
p

d d d ... d d ... d

d ... d d ... d d

N N

N N
N

1 3 1 3

1 3 1 3 1
3

1

1 1 =

=
(1)

and then, assuming no center of mass translation, separating
the total energy (H) into vibrational energy (Ev) and rotational
energy (Er), which are then modeled with a normal mode
Hamiltonian and rigid-rotor Hamiltonian, respectively.

H E Er v= + (2)

E E
P Q

2v
i

N

v i
i

N
i i i

1

3 6

,
1

3 6 2 2 2

= =
+

= = (3)

Figure 3. Diagram of a model bimolecular collision between molecule A and molecule B. The relative momenta prel between the two molecules is
defined along their intermolecular axis (horizontal dotted lines). The geometric variables d (intermolecular distance) and b (impact parameter)
describe distances between molecules. The angles θ (in-plane) and ϕ (out-of-plane) describe orientations of the molecules.
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( )
E

J J
I

K( 1)
2 2r

x

I I2
2 2 1 1

z x=
+

+
(4)

Ev is the summation of all the normal mode energies (Ev,i),
where each mode is characterized by a frequency ωi, momenta
Pi, and displacements Qi.

3,48 Here, Pi and Qi denote the mass-
weighted coordinates, as opposed to the Cartesian coordinates
pi and qi in eq 2. For instance, if one is interested in sampling a
polyatomic molecule under a temperature of interest, statistical
mechanics can predict the distributions of vibrational (Ni, i = 1,
..., 3Natoms − 6) and rotational (J, K) quantum numbers. By
employing von Neumann rejection, VENUSpy can select
rotational and vibrational quantum numbers following these
distributions. For each mode, relative coordinates qi and pi are
sampled uniformly along the ellipse in phase space defined by
Pi2 + ωi

2Qi2. While each mode’s energy cannot be directly
measured due to the fact that they are coupled, the total
vibrational energy over all modes Ev can be benchmarked
(Figure S2 in the Supporting Information). Meanwhile, due to
the uniform sampling of each mode’s kinetic energy in the
phase space, the contribution of the kinetic energy to the total
vibrational energy should be roughly 50% (Figure S3). Finally,
Er is modeled as a symmetric top with J and K as the rotational
quantum numbers corresponding to the principal and off-axis
moments of inertia Iz and Ix (Ix = Iy), respectively. To ensure
the sampled coordinates and momentums correspond to the
target total energy H, deviations in the total vibrational energy
Ev are offset by increasing or decreasing the total rotational
energy Er (Figure S2). This sampling algorithm has been
shown to be effective for a number of spectroscopic49,50 and
dynamics studies.51,52

Employing a canonical ensemble of deuterated methane
CH3D as an example, Figure 4 compares Ev and Er sampled
from VENUSpy with theoretical distributions. The vibrational
temperature (2000 K) and rotational temperature (500 K) are
chosen to show a large range of excitations. As programmed,
the total energy sampled always matches the chosen rovibra-
tional state of the Hamiltonian (see Figure S2) but the relative

portion of the rotational and vibrational partitions may differ:
for example, for this ensemble, the rotational and vibrational
partitions have an average deviation of 0.1 kcal/mol (MAE 0.1
kcal/mol, RMSE 0.2 kcal/mol) from the chosen rovibrational
state. However, given the range of energies involved (up to 10
kcal/mol for rotation and 100 kcal/mol for vibration), so long
as these are randomly distributed, the overall distributions are
relatively unaffected. As Figure 4 shows, the VENUSpy
sampling (red/blue distributions) agrees with the theoretical
(black) distributions up to small deviations. To quantify the
level of the deviations, the KSDs between the VENUSpy’s
sampling and theory are measured over different sampling size
of N. As shown in the bottom panel of Figure 4, they are
indistinguishable within a 95% confidence interval from an N
of 100 up to 1000 trajectories, with the expected deviation
decreasing by a factor of N−1/2.

In VENUSpy, diatomic molecules are treated with the
Einstein−Brillioun−Keller (EBK) semiclassical quantization
formula.53 The total energy (E) of the molecule is first
computed with the vibrational and rotational quantum number
(N and J, input by the user) under the harmonic oscillator and
rigid rotor assumption. By evaluating the following integral of
the radial momentum pr over a closed orbit (i.e., a vibrational
period over the bond length r), where the rotational energy
(Er(r)) and the potential energy (V(r)) are evaluated at
different r values, the expected vibrational quantum number N′
can be solved.

p r E E r V r r N hd 2 ( ( ) ( )) d 1
2r r= = +i

k
jjj

y
{
zzz

(5)

If N′ deviates from N more than a preselected margin, E is
adjusted and this process is repeated. Once E is chosen, the
phase of the harmonic oscillation can be sampled classically
following

P r r
r
p

r

E E r V r
( )d

d d

2 ( ( ) ( ))r r

=
(6)

Figure 4. Vibrational (2000 K) and rotational (500 K) energies CH3D sampled with VENUSpy/NWChemEx and B3LYP/6−31G* from a
canonical ensemble. The plotted properties are, from left to right: rotational energies (i.e., Er in eq 4), main axis rotational quantum numbers (i.e., J
in eq 4), vibrational energies (i.e., Ev in eq 3), and vibrational quantum numbers (i.e., υ1 in eq 3) of the vibration mode with the lowest frequency.
Theoretical distributions are overlaid, plotted in black (top row). The KSD between the sampled distribution and the theoretical value is plotted as
a function of the number of samples (bottom row). For numbers of samples less than 1000, the KSDs are averaged over 10 bootstraps of the total
1000 samples.
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where the probability of the molecule taking a certain bond
length, P(r), is inversely proportional to the radial momentum
pr.

54 Therefore, after the total energy (E) is determined with eq
5, for each sampled diatomic molecule, VENUSpy first picks a
bond length (r) according to eq 6, computes the
corresponding rotational energy Er(r) and potential energy
V(r), and finally puts the rest of the energy into kinetic
vibrational energy (movement parallel to the bond). Figure 5
employs the CH radical as an example to show how the
vibrational energy and phase space are sampled by VENUSpy/
NWChemEx. Note the ab initio (B3LYP/6−31G*)38,39,55−57

energy curve is not analytical (red curve, left panel), so a fitted
Morse potential (blue curve, left panel) is used to evaluate
different quantum vibrational energy levels for comparison.
The probability of the bond lengths (P(r)) sampled using
VENUSpy (red histogram, right panel) are overlaid with the
theoretical result (black dashed line, right panel) according to
the Morse potential. As Figure 5 shows, VENUSpy is able to
sample the vibrational energy and bond lengths corresponding
to a desired quantum number according to the theory. This
sampling can be done for other arbitrary rovibrational states
and molecules as well, as demonstrated in Figures S16−S19.

■ AB INITIO MOLECULAR DYNAMICS−AMOUNT OF
SAMPLING

For canonical sampling, one outstanding question is how much
sampling is required to have a meaningful thermal distribution.
Most AIMD simulations of chemical reactions make practical
decisions on this issue by balancing the cost of the simulation,
which depends on the size of the system, level of the theory
employed, etc., with the computational resources available. In
general, the products of the reaction are of interest, thus
systems that are less reactive require more sampling to
generate statistically meaningful results. In a canonical
ensemble, the fraction of the molecules that possess high
excess energy often are the most reactive ones. In these cases,
quantifying and sampling these high-energy molecules is
important.

Employing CH3D as the example system again (sample size:
1000), Figure 6 shows both theoretical and bootstrapped
average rotational energies Er (left panel, red) and vibrational
energies Ev (right panel, blue) plotted as a function of the
highest x% percentage of molecules included in the average. As
the percentage x% increases, both averages decrease and
ultimately converge to the average energy at the corresponding

Figure 5. Sampling of the vibration of CH radical at its ground rotational state (J = 0) by VENUSpy. The size of the sampling is 1000 samples.

Figure 6. Average theory-predicted rotational (left panel) and vibrational (right panel) energies of CH3D plotted as a function of the x% most
excited molecules included.
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temperature. Strictly speaking, since the Maxwell−Boltzmann
energy distribution is unbounded for any finite temperature,
both average energies go to infinity as x% approaches 0%. As
Figure 6 shows, as the size of the sampling increases, the
average values of the highest x% percentage of Er and Ev
approach the theoretical value. To understand how accurately
the most excited molecules are sampled, bootstrapping was
employed, where subsets of 100 CH3D (each a pair of Er and
Ev) were randomly selected from the full set of 1000 CH3D. If
we focus on the 5% most vibrationally excited molecules, 9 of
10 of the subsets (Figure 6, points) are within the theoretically
expected 95% confidence interval of the same size of sampling
(Figure 6, thin dashed lines). Ultimately, a somewhat
subjective call needs to be made on whether a certain level
of uncertainty in the initial sampling is acceptable, which will
decide whether more sampling is needed. The general formula
for the level of uncertainty depends on a few factors:
temperature, moments of inertia (for rotation), and normal-
mode frequencies (for vibration). A few examples of other
molecules are shown in the SI (Figures S4−S15), where 5% of
the most vibrationally excited molecules out of N = 100
samplings at a temperature of 2000 K have an uncertainty
ranging between 12 and 32 kcal/mol. Therefore, the amount of
the sampling is highly system dependent.

■ REACTION DYNAMICS SIMULATIONS WITH ML
AND ANALYTICAL POTENTIALS

The previous sections show that VENUSpy/NWChemEx is
able to carry out AIMD simulations to study reaction
dynamics. In this section, we show that the Python
implementation of VENUSpy opens up new features of
interfacing with popular Python-based ML software and with
existing Python-based semiempirical or fitted potentials. ML
potentials have been used in molecular dynamics simulations
of physical and chemical properties of both condensed and gas
phase systems.58,59 As noted in the Introduction, although ML
potentials are particularly attractive to reaction dynamics

simulations due to their efficiency in calculating the energy
gradient of the system, they have their fair share of challenges
in ensuring/assessing the accuracy (for more details, see refs
60,61). These challenges, nonetheless, are beyond the scope of
this manuscript. In the current version VENUSpy, three ML
methods, Schnet,34 Physnet,35 and sGDML,33 have been
implemented to conduct reaction dynamics simulations. These
three methods were picked for their general usage in
developing ML reactive potentials.59,61,62 Figure 7 shows the
agreement between the ML potential and the ab initio potential
of three different bimolecular reactions of different sizes and
complexities, while the development of these ML potentials
can be found elsewhere.63 One representative trajectory is
shown for each system, where the ML predicted potential
energies are overlaid on top of the ab initio energy from the
original AIMD trajectory. In general, the potential energy
decreases as the reactants approach one another and show
large fluctuations once the intermediate is formed. In the
literature, an average of 1 kcal/mol deviation between the ML
potential and the ab initio potential has been generally
accepted as a loose criterion of chemical accuracy,64 and the
results in Figure 7 indicate that the ML potential used in these
simulations never strays far from this deviation.

In addition to individual trajectories, here we show the
reaction dynamics of an ensemble of trajectories simulated
with the ML potentials incorporated into VENUSpy. The CH
+ H2S system is employed as the example system again. The
sGDML potential was trained with 14,000 configurations and
validated with another 5000 configurations, which were chosen
from AIMD simulations to represent all possible outcomes of
the bimolecular collision. The mean absolute error of the
energies and energy gradients of the sGDML potential are 1.0
kcal/mol and 2.06 kcal/mol/Å, respectively. VENUSpy carried
out the bimolecular reaction with the sGDML potential under
the same conditions as noted in the previous section, coined as
VENUSpy/sGDML. The branching ratio of all possible
collision outcomes from VENUSpy/sGDML are summarized

Figure 7. Potential energy over time of representative reactive trajectories for three bimolecular reactions. The ab initio potential energy (red) is
overlaid with the ML potential energy (blue) for the same geometries of one representative AIMD trajectory. From top to bottom, the three
systems are CH + 1,3 butadiene → H + H2CCHCHCCH2 (Schnet); CH + SH2 → H + HSCH (Physnet); and HBr+ + HCl → Br + H2Cl+
(sGDML). For each, selected portions are enlarged (right panels) to show their overlap.
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in Table 1 and are in good agreement with AIMD simulations.
It is important to reiterate that the AIMD results from both
VENUSpy/NWChemEx and VENUS/NWChem are statisti-
cally indistinguishable thus both should be considered as valid
and serve as the benchmark. The product scattering angle and
translational energy distributions of the most abundant reactive
pathways from VENUSpy/sGDML are compared with the
AIMD in Figure 2, with KSDs indicating agreement within a
95% confidence interval. The statistical agreement between
VENUSpy/sGDML and AIMD simulations showcases the
ability of ML methods like sGDML to replace ab initio
calculations in VENUSpy. As a note, the initial coordinates and
momenta of the VENUSpy/sGDML simulations were sampled
with the ML potential, demonstrating that the initial sampling
algorithm in VENUSpy is generic, applying equally for
analytical or ab initio potentials.

While conducting reaction dynamics with ab initio and ML
potentials are core functions of VENUSpy, interoperability
with predeveloped potentials is another useful function, as a
number of valuable potential energy surfaces have been
developed and implemented in various Python-based soft-
wares. For example, fitted potential energy surfaces like those
packaged in chempotpy65 can be easily interfaced with
VENUSpy. Herein we employ the O + O2 bimolecular
collision as an example, whose potential energy surface66 was
developed from high-level ab initio calculations and stored in
chempotpy. The dynamics of this reaction have been studied
previously,67 where the intramolecular sampling employs a
similar semiclassical sampling of the diatom, thus can be
directly compared with VENUSpy. The reaction probability
(O + O2 → O + O + O) produced by VENUSpy is compared
with the previous study, which is produced by another
chemical reaction dynamics simulation software, ANT,68

employing the same fitted potential. 500 trajectories were
carried out in each program at 6 different impact parameters.
The O2 is at its first rotational excited state (J = 1) with a
vibrational excitation of N = 0 or N = 10; the two molecules
are collided with 7 eV of translational energy. As Figure 8
shows, the reaction probability produced by VENUSpy and
ANT agrees within statistical uncertainty.

Last but not least, it is straightforward to couple VENUSpy
with other computational chemistry software that have Python
interfaces. For example, two semiempirical methods, MOPAC
(which uses various modified/neglect of diatomic overlap

approximations)36,69 and TBlite (which uses the xTB
implementation of tight-binding DFT),36,70 have been
interfaced with VENUSpy, and have been shown to be useful
to couple with VENUS previously.71 For brevity, no
benchmarking results of these two packages are shown here,
although example usage is shown on Github.

■ INTRODUCING REACTION DYNAMICS
SIMULATIONS WITH A HYBRID POTENTIAL

While ML potential energy surfaces are valuable for their speed
in reaction dynamics simulations, AIMD simulations are
uniquely valuable for their ability to probe reactions at a
high level of accuracy without a priori knowledge. In fact,
results of AIMD simulations often serve as the benchmark to
tune the parameters used in training ML potentials and
MLMD simulations. ML potentials and ab initio potentials are
complementary when used in active learning, with deviations
between them used as a measurement of uncertainty of the ML
potential and if necessary, to expand the training sets and
retrain.72,73 In spite of their close ties, reaction dynamics
simulations have been traditionally carried out on either ab
initio or ML potential energy surfaces, instead of a hybrid of
them. In fact, most of the AIMD simulations and ML potential
development and dynamics simulations are carried out in
separate software. To our best knowledge, there has not yet
been a reaction dynamics simulation software that seamlessly
switches between ab initio potentials and ML potentials, where
the trajectory can be propagated on a hybrid surface. This
feature, as will be demonstrated later in this section, has
practical use in both AIMD simulations as well as developing
ML potential with active learning for reaction dynamics
simulations.

First, we demonstrate an implementation of the sGDML
method with NWChemEx to showcase how VENUSpy
propagates trajectories on a true hybrid ab initio/ML potential
energy surface. There are two extreme cases for the utilization
of this hybrid surface: “conservative” dynamics and “explor-
ative” dynamics. In “conservative” dynamics, the trajectories
move on the ab initio potential energy surface by default and
can switch to the ML potential energy surface when necessary.
This scenario mimics a common problem in traditional AIMD
simulations (Figure 9)−when a trajectory encounters a
configurational space that is prone to self-consistent field
(SCF) failures or energy jumps, the most common work-

Figure 8. Reaction probabilities (±95% confidence intervals) as a function of impact parameter for the O + O2 → O + O + O reaction on the
(5∑u

−) quintet surface. Resulting cross sections with 95% confidence intervals are 0.06 ± 0.03, 0.04 ± 0.03, 0.93 ± 0.14, and 1.03 ± 0.15 (A2), for
VENUSpy (N = 0, J = 1), ANT (N = 0, J = 1), VENUSpy (N = 10, J = 1), and ANT (N = 10, J = 1), respectively.

Journal of Chemical Theory and Computation pubs.acs.org/JCTC Article

https://doi.org/10.1021/acs.jctc.5c01408
J. Chem. Theory Comput. 2025, 21, 10679−10691

10686

https://pubs.acs.org/doi/10.1021/acs.jctc.5c01408?fig=fig8&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jctc.5c01408?fig=fig8&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jctc.5c01408?fig=fig8&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jctc.5c01408?fig=fig8&ref=pdf
pubs.acs.org/JCTC?ref=pdf
https://doi.org/10.1021/acs.jctc.5c01408?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


around is to restart the trajectory with different convergence
criteria, time step, and initial guess options. However, none of
these workarounds are guaranteed to solve this issue and the
ultimate solution is to replace the problematic trajectory with a
new one. This procedure not only wastes computational
resources, but it could also potentially compromise the
ergodicity of the sampling−trajectories encountering a certain
area of the configurational space, which might result in unique
reaction dynamics, end up getting artificially replaced.
Therefore, it is desirable to employ ML potentials, which
themselves do not suffer from the aforementioned issue, to
help an otherwise well-behaved AIMD trajectory. The ML
potential can bridge the unstable part of the trajectory, which
can be developed from sampling the local ab initio potential
energy surface. The points along the trajectories in Figure 9

show how the training set can be broken up into a “history
buffer” of frames from the AIMD trajectory and a “prediction
buffer” where the ML potential predicts where the trajectory
may go and then is checked with ab initio calculations. To
make the bridging strategy practically useful, the training and
prediction should be done autonomously, efficiently, and on-
the-fly.

The CH + H2S biomolecular collision is once again
employed as an example to demonstrate how VENUSpy can
propagate a trajectory with a hybrid surface, using sGDML as
the bridging ML potential between sections of AIMD frames.
To mimic SCF failures, the AIMD trajectory is forced to switch
to the ML potential energy surface every 50 steps, at which
point an sGDML potential is developed from a local training
set. As the sGDML method is used to train a new potential
whenever an AIMD trajectory encounters a failure, the size of
the training set is intentionally kept small so that it does not
impose a significant computational burden on the simulation.
The sGDML potential, however, is only supposed to be
accurate in a very confined area in the configurational space
and the simulation should be switched back to the ab initio
potential energy surface as soon as it becomes stable. To
achieve these goals, the training set is designed to contain
frames of the “history buffer”, and when necessary, the
“prediction buffer” (see Figure 9). The sGDML potential is
first trained with only the “history buffer”, made of the last 15
frames of the current AIMD trajectory prior to the failure in ab
initio calculation (e.g., SCF failure, energy jumps, etc.). The
trajectory is propagated on the sGDML surface for x number
of steps, where ab initio calculations are called on the current
configuration, where the drift in total energy is monitored.
Note x is a user-defined value; for this example, x is randomly
picked between 5 and 15 to demonstrate the program’s
robustness over a range of MD steps. If the drift in the total
energy exceeds a user-defined value (0.25 kcal/mol in the
example study), it indicates a large deviation between the
sGDML surface and the ab initio surface. In such case, the ab
initio energy and energy gradient of the current configurations
generated with the sGDML potential are added to the
“prediction buffer”. The trajectory is rewound to the

Figure 9. Hypothetical set of three trajectories shown on a two-
dimensional collective variable (CV) space. Two trajectories that go
through the instability region would normally fail. If they were
replaced, it would lead to an underestimation of product 2. The
regions on the CV space just before entering (“history buffer”, green
points) and after exiting (“prediction buffer”, blue points) the
instability region would best inform how to bridge it.

Figure 10. Energy of a representative trajectory of the CH + SH2 bimolecular reaction simulated on a hybrid surface (B3LYP/aug-cc-pvdz, red
points; sGDML, blue points) with the “conservative” dynamics scheme.
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configuration before the bridging attempt (e.g., red crosses in
Figure 9) and propagated on a new sGDML potential trained
with both the “history buffer” and the “prediction buffer”. It is
important to note that although most bridging attempts are
successful with a single sGDML training (e.g., without the
“prediction buffer”), there are cases where sGDML needs to be
retrained a few times with an increasing size of the “prediction
buffer”. The potential energy of a representative trajectory
simulated with a hybrid potential is shown in Figure 10, where
the trajectory switches between the ab initio surface to the
sGDML surface seamlessly and propagates on either surface as
designed. As the key spirit of the “conservative” way of
employing a hybrid potential is to smooth out irregularities in
AIMD simulations with an ML potential without scarifying the
accuracy, it should be made clear that the size of the training
set in developing the local sGDML potential is flexible and
should be determined by the user with careful benchmarking.

In the case of “explorative” dynamics simulation, the
trajectories are propagated primarily on the ML potential
energy surface and can switch to the ab initio potential energy
surface when necessary. This scenario has common applica-
tions in traditional active learning, where the accuracy of the
ML potential is checked against ab initio calculations
periodically. Note that in these cases, ab initio calculations
are usually carried out when the trajectory encounters a region
in the configurational space outside of the training set.
Therefore, the “explorative” dynamics needs to couple with
on-the-fly geometry checks against configurations in the
training set. In the interest of efficiency, this process usually
employs metrics on chemically reasonable geometric repre-
sentations like distance matrices, permutationally invariant
polynomials (PIPs) or local atomic environments.74−79 Even
with such metrics, when the training set is of considerable size
and the chemical system of interest becomes larger than a
handful of atoms, these geometry checks are nontrivial.
Therefore, ML potentials with uncertainty predictions along
with the energy and energy gradients are highly desirable for
“explorative” dynamics simulation, such as committee neural
networks constructed from Schnet or NeuraIL.60,80,81

Although not implemented in the current version, VENUSpy
can in principle work with these other Python-based ML
potentials and realize such dynamics simulations.

■ CONCLUSIONS
The release of VENUSpy as an open-source code aims to make
reaction dynamics simulations readily available to users while
ensuring the same level of rigor as the legacy VENUS code.
The large number of available couplings and flexible interface
means it is widely applicable. Further, we hope the ease of use
of Python and example classes mean extending the code to
novel algorithms requires less extensive knowledge of low-level
bindings or other complications.
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Rostgaard, C.; Schiøtz, J.; Schütt, O.; Strange, M.; Thygesen, K. S.;
Vegge, T.; Vilhelmsen, L.; Walter, M.; Zeng, Z.; Jacobsen, K. W. The
Atomic Simulation Environment�a Python Library for Working with
Atoms. J. Phys.: Condens. Matter 2017, 29 (27), No. 273002.
(37) Doddipatla, S.; He, C.; Kaiser, R. I.; Luo, Y.; Sun, R.; Galimova,

G. R.; Mebel, A. M.; Millar, T. J. A Chemical Dynamics Study on the
Gas Phase Formation of Thioformaldehyde (H2CS) and Its

Journal of Chemical Theory and Computation pubs.acs.org/JCTC Article

https://doi.org/10.1021/acs.jctc.5c01408
J. Chem. Theory Comput. 2025, 21, 10679−10691

10689

https://doi.org/10.1002/0471466638.ch3
https://doi.org/10.1002/0471466638.ch3
https://doi.org/10.1002/0471466638.ch3?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1002/wcms.1132
https://doi.org/10.1002/wcms.1132
https://doi.org/10.1002/wcms.1132
https://doi.org/10.1021/jacs.3c11808?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/jacs.3c11808?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/jacs.3c03613?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/jacs.3c03613?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acscentsci.4c01606?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acscentsci.4c01606?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acscentsci.4c01606?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1038/s41467-020-19497-z
https://doi.org/10.1038/s41467-020-19497-z
https://doi.org/10.1038/s41467-020-19497-z
https://doi.org/10.1038/s41467-024-50418-6
https://doi.org/10.1038/s41467-024-50418-6
https://doi.org/10.1016/j.comptc.2021.113199
https://doi.org/10.1039/D1CP02427B
https://doi.org/10.1039/D1CP02427B
https://doi.org/10.1039/D0CP04590J
https://doi.org/10.1039/D0CP04590J
https://doi.org/10.1016/j.comptc.2016.06.001
https://doi.org/10.1016/j.comptc.2016.06.001
https://doi.org/10.1021/acs.jctc.0c00121?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jctc.0c00121?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jctc.0c00121?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1016/j.cpc.2013.11.011
https://doi.org/10.1016/j.cpc.2013.11.011
https://doi.org/10.1016/j.cpc.2013.11.011
https://doi.org/10.1002/jcc.540120814
https://doi.org/10.1002/jcc.540120814
https://doi.org/10.1016/j.cpc.2010.04.018
https://doi.org/10.1016/j.cpc.2010.04.018
https://doi.org/10.1021/prechem.3c00088?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/prechem.3c00088?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1063/1.5028117
https://doi.org/10.1063/1.5028117
https://doi.org/10.1063/1.5028117
https://doi.org/10.1063/1.5028117?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1063/1.5024908
https://doi.org/10.1063/1.5024908
https://doi.org/10.1063/1.5024908
https://doi.org/10.1063/1.5024908?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jpca.7b06880?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jpca.7b06880?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1073/pnas.2019257117
https://doi.org/10.1073/pnas.2019257117
https://doi.org/10.1039/D2CP04081F
https://doi.org/10.1039/D2CP04081F
https://doi.org/10.1039/D2CP04081F
https://doi.org/10.1039/D2CP04081F
https://doi.org/10.1002/jcc.27542
https://doi.org/10.1002/jcc.27542
https://doi.org/10.1002/jcc.27542
https://doi.org/10.1002/jcc.27542?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.chemrev.0c00998?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.chemrev.0c00998?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.chemrev.0c00998?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1002/wcms.93
https://doi.org/10.1002/wcms.93
https://doi.org/10.1002/wcms.1491
https://doi.org/10.1002/wcms.1491
https://doi.org/10.1002/wcms.1491
https://doi.org/10.1002/wcms.1491
https://doi.org/10.1002/wcms.1491?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jctc.8b00908?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jctc.8b00908?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jctc.9b00181?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jctc.9b00181?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1088/1361-648X/aa680e
https://doi.org/10.1088/1361-648X/aa680e
https://doi.org/10.1088/1361-648X/aa680e
https://doi.org/10.1073/pnas.2004881117
https://doi.org/10.1073/pnas.2004881117
pubs.acs.org/JCTC?ref=pdf
https://doi.org/10.1021/acs.jctc.5c01408?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


Thiohydroxycarbene Isomer (HCSH). Proc. Natl. Acad. Sci. U.S.A.
2020, 117 (37), 22712−22719.
(38) Becke, A. D. Density-Functional Thermochemistry. III. The

Role of Exact Exchange. J. Chem. Phys. 1993, 98 (7), 5648−5652.
(39) Stephens, P. J.; Devlin, F. J.; Chabalowski, C. F.; Frisch, M. J.

Ab Initio Calculation of Vibrational Absorption and Circular
Dichroism Spectra Using Density Functional Force Fields. J. Phys.
Chem. A 1994, 98 (45), 11623−11627.
(40) Dunning, T. H. Gaussian Basis Sets for Use in Correlated

Molecular Calculations. I. The Atoms Boron through Neon and
Hydrogen. J. Chem. Phys. 1989, 90 (2), 1007−1023.
(41) Kendall, R. A.; Dunning, T. H.; Harrison, R. J. Electron

Affinities of the First-Row Atoms Revisited. Systematic Basis Sets and
Wave Functions. J. Chem. Phys. 1992, 96 (9), 6796−6806.
(42) Woon, D. E.; Dunning, T. H. Gaussian Basis Sets for Use in

Correlated Molecular Calculations. III. The Atoms Aluminum
through Argon. J. Chem. Phys. 1993, 98 (2), 1358−1371.
(43) Karmakar, S.; Keshavamurthy, S. Intramolecular Vibrational

Energy Redistribution and the Quantum Ergodicity Transition: A
Phase Space Perspective. Phys. Chem. Chem. Phys. 2020, 22 (20),
11139−11173.
(44) Shen, D.; Pritchard, H. O. Sensitivity of Molecular Dynamics

Unimolecular Rate Calculations to Defects in the Potential-Energy
Surface. J. Chem. Soc., Faraday Trans. 1996, 92 (8), 1297−1304.
(45) Hase, W. L.; Buckowski, D. G. Monte Carlo Sampling of a

Microcanonical Ensemble of Classical Harmonic Oscillators. Chem.
Phys. Lett. 1980, 74 (2), 284−287.
(46) Nyman, G.; Rynefors, K.; Holmlid, L. Efficient Microcanonical

Sampling for Triatomic Molecular Systems: Exact Distributions
Verified. J. Chem. Phys. 1988, 88 (6), 3571−3580.
(47) Severin, E. S.; Freasier, B. C.; Hamer, N. D.; Jolly, D. L.;

Nordholm, S. An Efficient Microcanonical Sampling Method. Chem.
Phys. Lett. 1978, 57 (1), 117−120.
(48) Levine, R.; Bernstein, R. Molecular Reaction Dynamics and
Chemical Reactivity; Oxford University Press, 1987.
(49) Okumura, M.; Yeh, L. I.; Lee, Y. T. Infrared Spectroscopy of

the Cluster Ions H+3·(H2) n. J. Chem. Phys. 1988, 88 (1), 79−91.
(50) Halonen, L.Local Mode Vibrations in Polyatomic Molecules. In
Advances in Chemical Physics; John Wiley & Sons, 1998; Vol. 104, pp
41−179 .
(51) Hu, X.; Hase, W. L. Modification of the Duchovic−Hase−

Schlegel Potential Energy Function for H+CH3↔CH4. Comparison
of Canonical Variational Transition State Theory, Trajectory, and
Experimental Association Rate Constants. J. Chem. Phys. 1991, 95
(11), 8073−8082.
(52) Hase, W. L.; Wolf, R. J.; Sloane, C. S. Trajectory Studies of the

Molecular Dynamics of Ethyl Radical Decomposition. J. Chem. Phys.
1979, 71 (7), 2911−2928.
(53) Gutzwiller, M. Chaos in Classical and Quantum Mechanics;

Springer Science & Business Media, 2013.
(54) Larkoski, A. J.; Ellis, D. G.; Curtis, L. J. Numerical

Implementation of Einstein-Brillouin-Keller Quantization for Arbi-
trary Potentials. Am. J. Phys. 2006, 74 (7), 572−577.
(55) Ditchfield, R.; Hehre, W. J.; Pople, J. A. Self-Consistent

Molecular-Orbital Methods. IX. An Extended Gaussian-Type Basis for
Molecular-Orbital Studies of Organic Molecules. J. Chem. Phys. 1971,
54 (2), 724−728.
(56) Hariharan, P. C.; Pople, J. A. The Influence of Polarization

Functions on Molecular Orbital Hydrogenation Energies. Theor.
Chim. Acta 1973, 28 (3), 213−222.
(57) Hehre, W. J.; Ditchfield, R.; Pople, J. A. Self�Consistent

Molecular Orbital Methods. XII. Further Extensions of Gaussian�
Type Basis Sets for Use in Molecular Orbital Studies of Organic
Molecules. J. Chem. Phys. 1972, 56 (5), 2257−2261.
(58) Gastegger, M.; Behler, J.; Marquetand, P. Machine Learning

Molecular Dynamics for the Simulation of Infrared Spectra. Chem. Sci.
2017, 8 (10), 6924−6935.
(59) Martin-Barrios, R.; Navas-Conyedo, E.; Zhang, X.; Chen, Y.;

Gulín-González, J. An Overview about Neural Networks Potentials in

Molecular Dynamics Simulation. Int. J. Quantum Chem. 2024, 124
(11), No. e27389, DOI: 10.1002/qua.27389.
(60) Imbalzano, G.; Zhuang, Y.; Kapil, V.; Rossi, K.; Engel, E. A.;

Grasselli, F.; Ceriotti, M. Uncertainty Estimation for Molecular
Dynamics and Sampling. J. Chem. Phys. 2021, 154 (7), No. 154,
DOI: 10.1063/5.0036522.
(61) Pinheiro, M.; Ge, F.; Ferré, N.; Dral, P. O.; Barbatti, M.

Choosing the Right Molecular Machine Learning Potential. Chem. Sci.
2021, 12 (43), 14396−14413.
(62) Noé, F.; Tkatchenko, A.; Müller, K.-R.; Clementi, C. Machine

Learning for Molecular Simulation. Annu. Rev. Phys. Chem. 2020, 71
(1), 361−390.
(63) Fujioka, K.; Lam, E.; Loi, B.; Sun, R. Ab Initio Molecular

Dynamics Benchmarking Study of Machine-Learned Potential Energy
Surfaces for the HBr+ + HCl Reaction. Carbon Trends 2023, 11,
No. 100257.
(64) Pople, J. A. Nobel Lecture: Quantum Chemical Models*. Rev.
Mod. Phys. 1999, 71 (5), No. 1267.
(65) Shu, Y.; Varga, Z.; Zhang, D.; Truhlar, D. G. ChemPotPy: A

Python Library for Analytic Representations of Potential Energy
Surfaces and Diabatic Potential Energy Matrices. J. Phys. Chem. A
2023, 127 (45), 9635−9640.
(66) Shu, Y.; Akher, F. B.; Guo, H.; Truhlar, D. G. Parametrically

Managed Activation Functions for Improved Global Potential Energy
Surfaces for Six Coupled 5A′ States and Fourteen Coupled 3A′ States
of O + O2. J. Phys. Chem. A 2024, 128 (7), 1207−1217.
(67) Varga, Z.; Shu, Y.; Ning, J.; Truhlar, D. G. Diabatic Potential

Energy Surfaces and Semiclassical Multi-State Dynamics for Fourteen
Coupled 3A′ States of O3. Electron. Struct. 2022, 4 (4), No. 047002.
(68) Shu, Y.; Zhang, L.; Truhlar, D. G. ANT 2023: A Program for

Adiabatic and Nonadiabatic Trajectories. Comput. Phys. Commun.
2024, 296, No. 109021.
(69) Stewart, J. J. P. MOPAC: A Semiempirical Molecular Orbital

Program. J. Comput.-Aided Mol. Des. 1990, 4 (1), 1−103.
(70) Bannwarth, C.; Caldeweyher, E.; Ehlert, S.; Hansen, A.; Pracht,

P.; Seibert, J.; Spicher, S.; Grimme, S. Extended < scp > tight-
binding</Scp> Quantum Chemistry Methods. WIREs Comput. Mol.
Sci. 2021, 11 (2), No. e1493, DOI: 10.1002/wcms.1493.
(71) Hariharan, S.; Majumder, M.; Edel, R.; Grabnic, T.; Sibener, S.

J.; Hase, W. L. Exploratory Direct Dynamics Simulations of 3O2
Reaction with Graphene at High Temperatures. J. Phys. Chem. C
2018, 122 (51), 29368−29379.
(72) Ang, S. J.; Wang, W.; Schwalbe-Koda, D.; Axelrod, S.; Gómez-

Bombarelli, R. Active Learning Accelerates Ab Initio Molecular
Dynamics on Reactive Energy Surfaces. Chem 2021, 7 (3), 738−751.
(73) Kulichenko, M.; Barros, K.; Lubbers, N.; Li, Y. W.; Messerly,

R.; Tretiak, S.; Smith, J. S.; Nebgen, B. Uncertainty-Driven Dynamics
for Active Learning of Interatomic Potentials. Nat. Comput. Sci. 2023,
3 (3), 230−239.
(74) Jiang, B.; Guo, H. Permutation Invariant Polynomial Neural

Network Approach to Fitting Potential Energy Surfaces. J. Chem. Phys.
2013, 139 (5), No. 054112.
(75) Jiang, B.; Li, J.; Guo, H. Potential Energy Surfaces from High

Fidelity Fitting of Ab Initio Points: The Permutation Invariant
Polynomial - Neural Network Approach. Int. Rev. Phys. Chem. 2016,
35 (3), 479−506.
(76) Chen, R.; Shao, K.; Fu, B.; Zhang, D. H. Fitting Potential

Energy Surfaces with Fundamental Invariant Neural Network. II.
Generating Fundamental Invariants for Molecular Systems with up to
Ten Atoms. J. Chem. Phys. 2020, 152 (20), No. 204307,
DOI: 10.1063/5.0010104.
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