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Direct molecular dynamics (MD) simulation with ab initio quantum mechanical and molecular
mechanical (QM/MM) methods is very powerful for studying the mechanism of chemical
reactions in a complex environment but also very time-consuming. The computational cost of
QM/MM calculations during MD simulations can be reduced significantly using semiempirical
QM/MM methods with lower accuracy. To achieve higher accuracy at the ab initio QM/MM level,
a correction on the existing semiempirical QM/MM model is an attractive idea. Recently, we
reported a neural network (NN) method as QM/MM-NN to predict the potential energy difference
between semiempirical and ab initio QM/MM approaches. The high-level results can be obtained
using neural network based on semiempirical QM/MM MD simulations, but the lack of direct MD
samplings at the ab initio QM/MM level is still a deficiency that limits the applications of
QM/MM-NN. In the present paper, we developed a dynamic scheme of QM/MM-NN for direct
MD simulations on the NN-predicted potential energy surface to approximate ab initio QM/MM
MD. Since some configurations excluded from the database for NN training were encountered
during simulations, which may cause some difficulties on MD samplings, an adaptive procedure
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inspired by the selection scheme reported by Behler was employed with some adaptions to update
NN and carry out MD iteratively. We further applied the adaptive QM/MM-NN MD method to the
free energy calculation and transition path optimization on chemical reactions in water. The results
at the ab initio QM/MM level can be well reproduced using this method after 2—4 iteration cycles.
The saving in computational cost is about 2 orders of magnitude. It demonstrates that the
QM/MM-NN with direct MD simulations has great potentials not only for the calculation of
thermodynamic properties but also for the characterization of reaction dynamics, which provides a
useful tool to study chemical or biochemical systems in solution or enzymes.

INTRODUCTION

Understanding the mechanism of chemical reactions in solution or enzymes at a molecular
level is a challenging task in computational chemistry because of the large number of
degrees of freedom. The free energy change or potential of mean force rather than potential
energy change during a reaction process in a complex environment is a central quantity. In
general, molecular dynamics (MD) simulations from tens of picoseconds to hundreds of
nanoseconds are necessary to achieve converged statistical sampling for free energy
calculations. The change in electronic structures in bond forming or breaking processes
requires in addition a quantum mechanical description such as density functional theory
(DFT) on the system, which limits the MD application to a small number of atoms for a
short time. The combined quantum mechanical and molecular mechanical (QM/MM)
method, first proposed by Warshel and Levitt, provides a multiscale computational tool to
allow a reliable quantum mechanical calculation on the active site with a realistic modeling
of the complex environment.1=® Although the QM/MM model has been further developed
for decades with great success to study many biological and chemical reactions,5-10 it
requires electronic structure calculations at each step during MD samplings. Semiempirical
QM (SQM) such as AM1 and the self-consistent charge density functional tight binding
(SCC-DFTB) methods can be employed to reduce the computational cost on QM/MM
calculations and perform direct MD for several nanoseconds, but the results may be less
reliable in some cases because of the approximations introduced to SQM models.11-14 On
the purely empirical side, a number of approaches such as EVB, ReaxFF, and multisurface
adiabatic reactive molecular dynamics were also developed with significant success to
describe the dissociation and formation of chemical bonds in a wide range of complex
systems without expensive QM calculations, but these methods still introduce a dependence
on empirical formalism and parameters for the active site.15-17 Calculation and sampling at
an ab initio level are usually required.

Several new methods address the challenges of direct QM/MM MD simulations in different
ways, either “static” or “dynamic”. In the class of static approaches, a direct phase space
sampling is restricted at the MM or SQM/MM level, which is several orders of magnitude
faster than ab initio calculations. It is also possible to obtain approximate reaction free
energy changes without direct QM/MM MD as in the QM/MM minimum free-energy path
(QM/MM-MFEP) method to minimize the reaction path on the free energy surface of the
QM degrees of freedom.18-21 |n the QM/MM-MFEP method, the MD samplings on the QM
subsystem were replaced by geometry optimizations in an environment with a fixed MM
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ensemble. However, some additional expensive calculations on the dynamic contributions of
the QM subsystem were usually necessary. Another typical static approach is the quantum
mechanical thermodynamic-cycle perturbation, in which the free energy profile from
SQM/MM MD was corrected to the target ab initio QM/MM level using free energy
perturbations.?2 The use of non-Boltzmann Bennett reweighting schemes or nonequilibrium
work techniques can achieve a better convergence on MD samplings and further decrease the
amount of ab initio calculations.23:24 However, the influence of different sampling spaces at
two levels of theory cannot be neglected completely in many cases. In the class of dynamic
approaches, the discrepancies between the potential energies at two levels are reduced after
low-level MD simulations, and then the thermodynamic properties can be calculated based
on a direct configurational space sampling on the optimized potential energy surface (PES)
with higher accuracy. This class of methods can be further divided into “reparametrization”
and “interpolation” styles. In the former, a refinement procedure was designed to adjust
some parameters in an existing low-level model to match the high-level calculations on a
specific system. Maurer et al. reported a force matching protocol to parametrize
biomolecular nonpolarizable force fields to reproduce several properties from QM/MM
simulations.?® Plotnikov et al. developed a paradynamics approach to make the EVB
potential close to the ab initio potential gradually.26 Zhou and Pu proposed an iterative force
matching method to fit some specific reaction parameters in the semiempirical PM3 model
to Hartree—Fock on some selected configurations along the reaction path.27 In the latter, the
ab initio PES can be represented with an interpolation scheme and then applied to MD
evolution. For example, the difference between SQM/MM and ab initio QM/MM potential
energies can be approximated as a spline function of a predefined reaction coordinate (RC).
28 Another example is the interpolated PES, in which the global PES was constructed using
a Taylor expansion on the potential energies of some collected geometries combined with an
interpolation weighting function.2%:30 Several applications of these dynamic approaches
have demonstrated their success,31:32 but there are still some concerns in practice, such as
the restriction of function forms in the low-level models for reparametrization and the
difficulty to capture the coupling between QM and MM subsystems for interpolation.

To overcome the limitation originated from the physical approximations or fitness functions
as discussed above, machine learning techniques such as neural network (NN) are being
increasingly used as a sophisticated force field for molecular simulations.33-37 The first goal
on machine-learning-based QM/MM simulations is to describe potential energy landscapes
with an ab initio accuracy and a force field computational cost. Behler et al. designed a high-
dimensional neural network and applied the NN potentials to various systems such as
bimetallic nanoparticles and bulk water in the past decade.38-40 In the generalized neural
network representation, the total potential energy was expanded as a sum of atomic energies,
and each atomic contribution was dependent on its local chemical environment that can be
described with a set of symmetry functions as input vectors of NN. Ramakrishnan et al.
reported a A-machine learning method, in which the difference between low-level and high-
level QM calculations was predicted as a correction term using a kernel-based machine
learning technique.*! Inspired by these approaches, we recently developed a QM/MM-NN
method to predict the potential energy difference between SQM/MM and ab initio QM/MM
based on the training data points from SQM/MM MD simulations.*2 The free energy
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changes along the reaction coordinate at the high level were obtained subsequently using a
reweighting scheme. Its reliability and efficiency have been demonstrated in our previous
work, but the lack of direct configurational space samplings on the high-level QM/MM PES
is an inherent deficiency that may lead to statistical errors. The characterization of transition
path and reaction dynamics also requires direct MD simulations rather than energy
corrections. Therefore, the second goal on machine-learning-based simulations is to perform
MD evolution on a self-adaptive NN-predicted PES. Li et al. presented a machine learning
method to predict QM atomic forces on materials processes.*3 The database for machine
learning was growing during MD with a “learn-on-the-fly” strategy, in which additional QM
calculations were necessary only when “something new” configurations were encountered.
Botu et al. constructed an adaptive, generalizable, and neighborhood informed force field
with a machine learning multistep workflow to accelerate ab initio MD for materials
simulations.*4-46 However, the predictions on chemical or biochemical QM/MM systems
have more difficulties because the geometrical changes during a reaction process in solution
or enzymes are usually larger and more complex. The MD evolution on a rough NN-
predicted PES without tuning carefully may even cause numerical instability. Recently a
force-based machine learning method for direct QM/MM MD simulations was developed in
our group.4” At each MD step using SQM/MM, an internal force was predicted and added
along RC directions to correct the difference of atomic forces between SQM/MM and ab
initio QM/MM along RC. The free energy profiles at the ab initio QM/MM level for two
testing systems were obtained. However, the force prediction presented in the work was not
perfect, and an update on the machine learning model during MD simulations was absent. In
addition, the atomic forces rather than energy were predicted directly in the above papers,
which hampers a general statistical theory and requires additional energy estimations.
Alternatively, Behler et al. developed an adaptive selection scheme for NN-driven MD, in
which the database continuously grows when the configurations with diverging NN
predictions are sampled and then the high-dimensional NN potentials are retrained on-the-
fly.36.37 This scheme can significantly improve the transferability of a preliminary NN
model constructed using a small initial database, especially if the NN is applied to explore a
new configurational space.

In order to accomplish the second goal of machine-learning-based QM/MM simulations at
the ab initio level, in this work we developed a method to perform direct QM/MM MD
simulations by combining our QM/MM-NN model reported previously#2 and an iterative
protocol based on the adaptive selection scheme reported by Behler.36:37 The new method is
a dynamic scheme of QM/MM-NN and named as QM/MM-NN MD. Similar to our previous
work, a neural network model is first constructed based on the sampled configurations from
SQM/MM simulations. The difference between SQM/MM and ab initio QM/MM potential
energies is predicted for any configuration. Furthermore, the difference on atomic forces can
be calculated based on the functions of energy difference in NN. The QM/MM MD
simulations are then performed on the NN-predicted PES in this work. After visiting the
approximated high-level configurational space, an iterative procedure is implemented to
extend the database for NN training and update the NN-predicted PES for MD evolution in
the next iteration cycle. Finally, the free energy calculation or reaction path optimization
based on MD samplings is converged at a highly accurate result compared to ab initio
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QM/MM level. The theory of QM/MM-NN MD will be described in the next section,
followed by simulation details, results, and discussions.

Structure of QM/MM-NN.

Based on the high-dimensional neural network model reported by Behler et al.,38 we have
developed a QM/MM-NN method with modifications for QM/MM calculations.#2 We will
briefly review the QM/MM-NN method. The schematic structure of a typical QM/MM-NN
was illustrated in Figure 1 in our previous paper with more details and discussions.*2

In the QM/MM method, the whole system is divided into a QM subsystem containing the
active site and an MM subsystem containing the rest. The total potential energy is written as

1 dW 0
Eg=Eqm™* EeQi/I/MM + E(V)M/MM + ECQI\\jl/MM +Eyw (D)

where Eqp is the quantum mechanical energy of the QM subsystem, £y is the molecular

mechanical energy of the MM subsystem, and ESi,UMM, EE‘WMM: and Egjl\\//l/MM are the

coupling terms between QM and MM subsystems including electrostatic, van der Waals
(vdW), and covalent interactions, respectively. The sum of the first two terms is calculated
from an effective QM Hamiltonian as follows

Equ + E3§4 v = (W IH + 2 @) (2)
[ e MM

where

Z. 4
_ i , p’)
M) = _ 2 Ir,—r| - / dr Ir" —r) ©)

ie QM

I?O is the Hamiltonian of QM subsystem in vacuum determined by the QM model, Z;is the

nuclear charge of QM atom /, g;is the point charge of MM atom /, r ;and r,are the positions
of atom 7and ), respectively, and p(r ) is the electron density of QM subsystem. The
remaining terms in eq 1 are calculated with MM force fields. Consider two QM/MM models
in which only the QM methods are different. One is the high-level model that achieves
higher accuracy at an expensive computational cost, such as an ab initioc QM/MM method.
Another is the low-level model that is more efficient but less accurate, such as a

semiempirical QM/MM method. The high-level total potential energy Egl can be expressed

as the low-level total potential energy E{;ﬂ with a correction term, that is,
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~H
Eq = EL + (WH, +l ZM A @) = ¢ ‘I‘LIH + ZM apum@)ET)  (4)
(S

where ﬁg and ﬁg are the high-level ab initio and low-level semiempirical QM Hamiltonian

in vacuum, respectively, and ¥H and WL are the electronic wave functions obtained from the
corresponding QM calculations with MM charges embedded.

The potential energy difference between ab initio and semi-empirical QM/MM methods, that
is, the correction term in eq 4, is denoted as

~H ~L
ANE=NH;+ Y gy - (FHH + Y gy (5)
e MM e MM

In our QM/MM-NN, AEis predicted as the output of NN model. The ab initio QM/MM
potential and atomic forces can be hereby approximated from the SQM/MM calculation and
NN prediction, both of which are several orders of magnitude faster than ab initio methods.
In the high-dimensional neural network scheme, AE can be represented as

N+1

AE= Y AE ©)

i=1

where Nis the number of QM atoms. Here the whole network is divided into A/+ 1 subnets.
The first A/subnets are the atomic subnets, each describing the atomic contribution of atom
/, while the last one is AEpx1, the RC subnet describing the contribution of reaction
coordinate. Note that AE p41 was denoted as AEgc in our previous paper. Following the
standard neural network scheme, we have

L

AE,'= Z Wl'jf

j=1

M

D wiaki + b+ b ()
k=1

for the ih subnet, where kand j denote the nodes in input and hidden layers with the total
number of Mand L in the #h subnet, respectively, xi is the input variable in the Ath node in

the input layer, Wjj and wj;are the weight parameters connecting two nodes in neighboring
layers, bjjand bjare the bias weights of hidden and output layers, and Ax) is the nonlinear
function such as the hyperbolic function used in this paper. Here the subnet has one hidden
layer for simplicity, but it can be extended directly to more complex structures.

As shown in eq 5, AEis a function of the positions of QM and MM atoms. The input
variables for Aatomic subnets, that is, x;{ ineq 7if 1< /< N, are classified into two groups

in order to capture the influence of QM and MM degrees of freedom, respectively. The first

J Chem Theory Comput. Author manuscript; available in PMC 2019 March 13.



1duosnuep Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnue Joyiny

Shen and Yang

Page 7

group includes the atom-centered symmetry functions that describe the local chemical
environment of each QM atom with the relative positions of other neighboring QM atoms.
Two types of symmetry functions involving radial and angular functions are used in this
work. The radial function of atom 7is

N 2
—n(R..—R)
GM=Ye U T fR) (®

where 7(Rj) is the cutoff function such as

+1

1 ( ij

=|cos R.<R
fARy = 2[ R N C)
0 R.>R

Rjjis the distance between QM atom /and j, and A, Rs, and nare hyperparameters of NN.
The angular function of atom 7is

N 2 2 2
; _ —n(R,.+ R, +R,)
Gne=ol-¢ kz:z Axcosdpe L ROFRYXfU(Ry)  (10)
J> !

where 8 is the angle that consists of atom / / and &, Rj;, Rjxand R, denote the distances
between two atoms, and £ is another hyperparameter of NN. Several radial and angular
functions with different sets of (7, £) are used in each atomic subnet. More details on
symmetry functions have been discussed in Behler’s papers.#849 The second group of input
variables includes the external electrostatic potentials at different QM grids, which are
generated from the surrounding MM charges, that is,

4

| Irm — rll

ext _
vio(r,) =

(11)

where gyand r ;are the point charge and position of MM atom /, respectively, and r ,, is the
position of QM grid m close to atom / which is expressed as a linear combination of the
positions of QM atom i and other QM atoms in the current work. More complex
representations such as electrostatic multipole moments centered on solute atoms or a set of
radial and spherical harmonic basis functions®%-51 can be also applied to expand the MM
polarization effect. In spite of the function form, the key point to design this input feature is
to decrease the thousands of MM degrees of freedom to a low-dimensional data
representation.

The RC subnet was introduced to describe the information on reaction coordinates in a more
explicit way. On one hand, the predefined RC can capture the major physical or chemical
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change in molecular processes. On the other hand, definition on the accurate RC is very
challenging for many chemical reactions, and thus, an approximate RC in a low-dimensional
space is often constructed in practice. To exploit the guidance of RC and overcome its
limitation, we employed several parameters related to RC as the input variables of RC

subnet, that is, x;'( ineq 7 for /= N+ 1. A typical input feature can involve not only internal

coordinates but also solvent variables or virtual coupling parameters.>2:3 Its choice is very
flexible because increasing the number of input nodes in NN is much easier than increasing
the dimensionality of RC in MD samplings.

It is worthwhile to point out that there are three changes on the structure of QM/MM-NN
compared with our previous method. The first one is due to the feature that different subnets
are built for different atoms in QM/MM-NN. This is not a problem for energy predictions on
our testing systems because most of QM atoms can be distinguished from others according
to the molecular graph of the QM subsystem, while the “identical” atoms defined as the QM
atoms that are indistinguishable based on molecular topology, such as the hydrogen atoms
connected to the same heavy atom in the QM subsystem, can be permuted in advance to
satisfy a predefined order of their bond lengths. For MD simulations, however, it will cause
some errors since the NN-predicted PES is discontinuous at the configurations in which the
bond lengths related to identical atoms are equal. A possible choice is to keep different
subnets for different atoms but introduce an exchange scheme with a smooth switch function
during MD.>* As an alternative, we assigned the same subnet to identical atoms in this work
in order to maintain permutation invariance, which may cause a slight loss of the accuracy of
NN as a compromise. Note that the definition of identical atoms is different from that in
Behler’s work in which all atoms of the same element were described identically in the high-
dimensional NN model.38 The permutation invariance is also considered on the positions of
QM grids in eq 11 and the input variables in the RC subnet. The second change is to replace
the Mulliken charges on QM atoms by the MM electrostatic potentials at QM grids to avoid
the complicated and expensive calculation on the gradient of QM atomic charges.>>¢ The
third change is to introduce more parameters such as internal coordinates to the input
features in the RC subnet, which is useful to collect the “chemically novel” configurations
more efficiently. The schematic structure of the present QM/MM-NN used in this paper is
illustrated in Figure 1.

Adaptive MD Procedure with QM/MM-NN.

In comparison with potential energy predictions using QM/MM-NN, MD simulations on the
NN-predicted PES are more difficult because of two factors. First, the overlap between the
sampling spaces at two levels of theory may be poor. In other words, any neural network
model based on the training points in the SQM/MM sampling space cannot imply the same
degree of accuracy for the data points in the ab initio QM/MM sampling space. Second, the
error on the atomic force prediction of any configuration during MD may dominate the
following samplings and cause failure on simulations. A schematic view of one-dimensional
potential energy surfaces predicted with low-level, high-level, and NN models is illustrated
in Figure 2. In the region in shadow, the NN-predicted PES is consistent with that obtained
using the high-level model, while the results of the low-level model have a large amount of
deviation. In the region out of shadow, however, the energy changes along coordinate at the
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low level and high level have a similar tendency qualitatively, while the NN model gives a
completely incorrect representation since the configurations in this region are excluded from
the training points for NN. In addition, the simulation using QM/MM may come across a
convergence problem on electronic structure calculations when a configuration with high
energy is encountered at one MD step based on the NN. It may be more frequent during the
simulation on chemical reactions in aqueous solution because the degrees of freedom in
these systems are flexible.

In the present work, two features are considered to improve the performance on MD
simulations on the NN-predicted PES. First, when a configuration sampled in QM/MM-NN
MD is outside the database for NN training, it should be appended to the database with a
probability in order to adjust the NN model. Second, the propagation on the configuration
outside NN database should be treated carefully, which requires a compromise between the
computational cost and accuracy on QM/MM calculation at the present integration step. In
this paper, an adaptive algorithm is implemented on the basis of the adaptive selection
scheme36:37 with some adaptions to the above features of QM/MM-NN in order to update
NN and repeat MD iteratively. We outline the procedure as follows:

Initialization steps

Q) Define the reaction coordinate that involves one or a set of collective
variables of the system and perform SQM/MM MD simulations in different
sampling windows along RC.

2 Select several snapshots randomly from SQM/MM MD trajectories in step
1 and calculate their ab initio QM/MM potential energies to build the initial
database for NN training.

Iteration steps

(©)] Construct the QM/MM-NN based on the current database with the
combined genetic and steep-descent optimization algorithms reported in our
previous work.42

4 Perform QM/MM MD simulations on the NN-predicted PES using
QM/MM-NN obtained in step 3. At one MD step, each NN input variable

x;'( in eq 7 is first calculated and compared with its boundary determined by

the data points in the current training set. Then, the positions and velocities
of all atoms are propagated forward in time in three cases:

@ Each input variable is inside its boundary. In this case, the
QM/MM potential energy is obtained using eqs 4-7, and the

corresponding force acting on atom /is denoted as Ff{ and

calculated as

aAE:pL_NH S Ea_x’]‘
ar; l =& ax{c or;

H L
F=FL - (12)
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where atom /7belongs to either QM or MM sub-system, r ;is the
position of atom /, NVis the number of QM atoms, jdenotes the
subnets, & denotes the input nodes with the total number of Min

each subnet, FlL is the low-level force calculated with SQM/MM,

AEis the potential energy difference between SQM/MM and ab
initio QM/MM, AEjis the atomic energy contribution of the jth

subnet defined in eq 7, and x;'( is the input variable in the Ath input

node in the jth subnet as discussed in the above subsection. Note
that ax;'( / or, is easy to calculate since x;{ has been written as an

explicit function of atomic positions.

(b)  Any input variable as a symmetry function (that is, the first group
of input features in the atomic subnet) or any input variable in the
RC subnet is outside its boundary. In this case, the QM/MM
potential energy and forces are calculated using the low-level
SQM/MM model, and the current configuration is saved in
preparation for the extension of NN database.

(c) Any input variable as an MM electrostatic potential at a QM grid
(that is, the second group of input features in the atomic subnet) is
outside its boundary, but other input variables mentioned in case b
are inside. In this case, the QM/MM potential energy and forces
are calculated as case a, but the current configuration is saved as
case b in preparation to extend the database. In the rest of this
paper, the collection of configurations satisfying case b will be
called the “outside QM boundary”, and that satisfying either case
b or ¢ will be called the “outside NN boundary”.

Calculate the properties interested, for example, the free energy change
along RC or the optimized transition path connected two stable states, on
the basis of MD samplings in step 4, and check the convergence with the
results obtained in the previous iteration cycle. Stop if converged and the
number of the sampled configurations outside the boundary in the current
cycle is small enough; otherwise, go to step 6.

Select several snapshots from the configurations saved in step 4 randomly,
calculate their ab initio QM/MM potential energies, and add them to the
current database. Different types of strategy can be employed to select the
data points. Here we used three criteria. First, the numbers of additional
data points from different sampling windows should be in proportion to the
numbers of configurations outside the boundary in the corresponding
windows. Second, the data points selected from the same trajectory should
be at least 100 MD integration steps apart in order to reduce the correlation.
Finally, different probabilities for random selections should be assigned to
different types of input features. For example, the convergence of iterations
was observed to be accelerated when the input variables in the RC subnet
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have priority over others. For simplicity, the total number of additional
snapshots at each iteration cycle is set as the same as that in the initial
database unless the sampled configurations outside the NN boundary in the
current cycle is insufficient to reach the number under the above criteria,
which may take place in the second last cycle for our testing systems.

(7 Repeat steps 3—6 until convergence.

It should be emphasized that the idea of adaptive machine learning model during MD
simulations is not new. For example, Csanyi et al. reported a “learn-on-the-fly” scheme in
which the accuracy of the interatomic potentials was monitored and improved using new
QM data.>” Recent works include different adaptive schemes used for diverse machine
learning models such as Gaussian process,*3 linearly parametrized interatomic potentials,>®
and high-dimensional NN models.36:37 The motivation of the present work is to perform
NN-driven QM/MM MD simulations at the ab initio level by combining an appropriate
adaptive scheme with QM/MM-NN. Compared with the previous adaptive selection scheme
for NN,37 it is worthwhile to discuss two features. First, the QM/MM-NN potential is fixed
during MD samplings at each iteration cycle and retrained using both existing and additional
configurations after MD, which can be called a “macroiteration”. In comparison, in the
previous works the energy function was usually adjusted immediately to mimic the high-
level model when a new conformation was sampled,37°8 which can be called a
“microiteration”. The latter may be the only choice if the total potential energy rather than
the energy difference between two levels was predicted with NN, because the failure on MD
simulations would take place very frequently after encountering a chemically novel
configuration. In our QM/MM-NN scheme, however, the low-level forces can be applied in
such a case to continue less accurate but numerically stable MD samplings. On one hand,
there are some practical advantages of the macroiteration procedure herein. The number of
NN reoptimizations is as small as the number of iteration cycles. The additional
configurations can be selected more systematically, which is useful to obtain more
representative data points with a lower correlation. The communication between different
MD trajectories becomes unnecessary even if parallel simulations such as umbrella sampling
were performed. On the other hand, the microiteration procedure can decrease the total
number of MD steps and further improve the efficiency of QM/MM-NN MD. Second, new
configurations are detected based on the boundaries of input variables of NN in this work,
while the uncertainty analysis based on a machine-learning ensemble was suggested as a
better choice because of the presence of insufficiently sampled regions where all input
variables are inside their boundaries and the lack of a regular high-dimensional grid of data
points.37:59 However, our results on QM/MM solvation free energy calculations using
different machine-learning models show that the uncertainty analysis may also lead to
failure on MD simulations, while the criterion based on the current boundary seems more
robust. Since both algorithms on the credibility of machine learning predictions are
imperfect without any rigorous theory foundation, how to identify and explore insufficiently
sampled regions with NN is still an open problem.
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SIMULATION DETAILS

To evaluate the reliability of this method, we first calculated the free energy changes along a
predefined reaction coordinate for two aqueous systems with different QM/MM models.
One system is the Sy2 reaction of CH3CI+CI™ — CI™ + CH3Cl in water; the other is the

intramolecular proton transfer reaction for glycine as NH;CHZCOO_ — NH,CH,COOH in

water. For the Sp2 reaction, the complex of CH3Cl + CI™ was set as the QM subsystem and
solvated in a cubic water box of 48 A x 48 A x 48 A. For the proton transfer reaction, the
glycine molecule was set as the QM subsystem and solvated in a cubic box of 64 A x 64 A x
64 A. The MM subsystem for the Sy2 and proton transfer reactions contains 3600 and 8650
water molecules, respectively. For both reactions, the TIP3P water model was applied under
periodic boundary condition,5% and the CHARMM22 force field was employed to calculate
the QM/MM vdW interactions.®! The cutoff distance for nonbonded interactions for the Sy2
and proton transfer reactions was set as 14 and 12 A, respectively. The DFT method with
B3LYP hybrid functional®2:63 and 6-31G(d) basis set and the SCC-DFTB method with the
second-order formulation (DFTB2/M10)12.64 were selected as the high-level and low-level
QM models, respectively. Note that we chose the two QM models based on the difference of
the QM/MM MD simulation results, while their comparisons with experiments are not
important for our purpose presently. It should be also noted that the newly issued versions of
DFTB such as DFTB3/30B can provide more accurate results for a wide range of organic
molecules.8566 The MD simulations using umbrella sampling were carried out after
geometry optimization on solute in gas phase and solvent equilibration. For the Sy2
reaction, the reaction coordinate was chosen as Z= dcciy — dcciz, Where dijjis the distance
between atom 7and j, and the umbrella samplings with 37 windows centered from z=-2.5
to 2.5 A were applied. For the proton transfer reaction of glycine, the reaction coordinate
was chosen as z= anH — don, Where H is the transferred proton, and the umbrella samplings
with 25 windows centering from z=-1.5 to 1.5 A were applied. The free energy changes
along zwere calculated with the weighted histogram analysis method.67:68 For both
reactions, the MD simulations at the DFTB2/MIO/MM and B3LYP/6-31G(d)/MM levels
were performed for 50 ps for each window, respectively. The same simulation times were
applied to QM/MM-NN MD in each cycle. The MD integration time step was set as 1 fs,
and the system temperature was maintained at 300 K with a Berendsen thermostat.59

To demonstrate the capability of the direct QM/MM-NN MD simulations, we next
optimized the reaction path for the first system on the free energy surface using the finite-
temperature string (FTS) method, which was first developed by E et al.”%71 The improved
FTS version in collective variable (CV) space’2 was used in this work to capture the
dynamic contributions of the whole system to the free energy. More details on FTS, which
involve the MD evolution on the energy landscape with a reflecting boundary condition at
the boundary of the Voronoi cell, the calculation on the average position of each image in
CV space, and the smoothing and reparametrization processes on the string, can be seen in
the related paper.”2 For the S\2 reaction, the bond lengths acjy and decy, Were selected as
two CVs and represented on the string. The optimized geometries of reactant and product
were set as the end points of the string, and 48 images were interpolated as the intermediates
along the string in two-dimensional CV space. The position of each image was updated each
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10 MD steps. A half-side harmonic restraint was added on the direction of dccin — decie
with a force constant of 20 kcal-mol=1-A=2 when its value is less than —2.5 A or more than
2.5 A. Three QM/MM models, two low-level methods as AM1/MM and DFTB2/MIO/MM
and one high-level method as B3LYP/6-31G(d)/MM, were employed. The FTS calculations
at the SQM/MM and ab initio QM/MM levels were performed for 2 x 10% optimization
steps, respectively. The same steps were applied to QM/MM-NN MD in each cycle. The
convergence of the string at low levels was further checked with longer simulations for 1 x
10° optimization steps. The MD integration time step was set as 1 fs and the system
temperature was maintained at 300 K using Langevin dynamics.’3 All simulations for the
SN2 reaction system were implemented using an in-house QM4D program package’4
combined with GAUSSIAN 03 program?’® for DFT calculations and Amber SQM (version
14) program’8:77 for AM1 and DFTB calculations. All simulations for glycine were
implemented using QM4D combined with GAUSSIAN 03 for DFT calculations.

RESULTS AND DISCUSSION

Free Energy Calculation on Sy2 Reaction in Water.

In the initialization steps, the database for NN training was constructed based on
DFTB2/MIO/MM MD simulations in the same way as that in our previous work.*2 The
training set was set up with 20 samples from each window, that is, with the total number of
data points as 380. Additional 20 samples from each window were adopted to build the
testing set. Note that only 19 windows centered from z= -2.5to 0.0 A were used in the
database because of the symmetry of this reaction along the reaction coordinate. Besides the
subnets of hydrogen atoms as discussed above, the NN parameters in the subnets for two
chlorine atoms are identical for permutation invariance. In each atomic subnet, 5 radial and 5
angular functions were employed with the hyperparameters of (¢ ny 71, €c €n €cl) as
follows: (0.120, 0.300, 0.060, 0.120, 0.300, 0.060), (0.160, 0.400, 0.080, 0.160, 0.400,
0.080), (0.200, 0.500, 0.100, 0.200, 0.500, 0.100), (0.256, 0.556, 0.156, 0.400, 0.700, 0.300),
and (0.312, 0.612, 0.212, 0.600, 0.900, 0.500). The units of 7 are bohr~2. The values of R,
and Rs were set as 6.0 and 0.0 A, respectively. In all atomic subnets, the electrostatic
potentials on the positions of 66 QM grids in total were introduced to represent MM
environment. In the RC subnet, the bond lengths dccip and dccyp and the angle that consists
of C, ClI1, and CI2 were selected as the input variables. For this system, we defined two sets
of identical atoms using the same atomic subnet, respectively. One includes three hydrogen
atoms, another includes two chlorine atoms. It happens to be equivalent to the case in which
all atoms of the same element are identical in NN38 because of the small number of the QM
degrees of freedom and the symmetry of this reaction. The root mean squared errors
(RMSEs) for the potential energy differences between DFTB2/MIO/MM and B3LYP/
6-31G(d)/MM on the training and testing sets were 1.03 and 1.09 kcal/mol, respectively (see
Table 1). The values are similar to that in our previous paper using a similar NN model with
different input variables (1.15 and 1.16 kcal/mol).42

The free energy barrier was estimated as 26.8 and 22.0 kcal/mol from DFTB2/MIO/MM and
direct B3LYP/6-31G(d)/MM MD simulations, respectively. The constructed NN was applied
to perform MD simulations with the algorithm in step 4. The free energy barrier was
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calculated as 22.8 kcal/mol, which is similar to the results obtained at the high level.
However, 28.6% of the configurations in all trajectories were outside NN boundary, and the
major portion (27.8%) was outside the QM boundary and calculated at the
DFTB2/MIO/MM level for MD evolution. Therefore, we performed the iteration steps to
adapt NN with the growing database and repeat MD simulations on the updated NN-
predicted PES. The free energy changes along the reaction coordinate were shown in Figure
3a. It can be seen that the free energy changes obtained in the second and third cycle were
very similar, in which the barrier heights were estimated as 21.7 and 21.8 kcal/mol,
respectively. As shown in Table 1, the percentage of MD samples outside NN and QM
boundary in the second cycle was decreased to 1.6% and 0.7%, respectively, and that in the
third cycle was 0.2% and less than 0.1%, respectively. The RMSEs on the training and
testing sets for the updated NNs were 1.0-1.1 kcal/mol. The QM/MM-NN MD simulations
can achieve convergence after two iteration cycles, and the converged free energy profile
agrees well with that obtained using direct ab initio QM/MM MD (see Figure 3b). A small
discrepancy within 0.5 kcal/mol along the free energy profiles from DFTB2/MIO/MM and
QM/MM-NN MD simulations was observed between Berendsen and Langevin thermostats,
which indicates a slight dependence of the present calculations on the statistical mechanical
ensemble associated with thermostats.

Three types of calculations are involved in our approach. The first type is DFTB2/MIO/MM
and NN-driven MD simulations. It has been well-known that DFTB is usually 100-1000
times faster than DFT.64.78.79 The QM/MM-NN prediction requires only a small fraction
more than the computation needed for DFTB. For this reaction, we performed
DFTB2/MIO/MM MD for 50 ps in the initialization steps and NN-driven MD (i.e.,
DFTB2/MIO/MM MD with NN corrections at each MD step) for totally 150 ps during 3
cycles in the iteration steps. Therefore, the computational cost on all MD simulations is
about 0.4-4.5% of that on the direct ab initio QM/MM MD for 50 ps using DFT with
medium sized basis sets. The second type is the B3LYP/6-31G(d)/MM single point
calculations in order to construct the database for NN training. As discussed in our previous
work, 20 samples from each window are sufficient for training, which requires 20 ab initio
QM/MM calculations.#2 No more than this number of samples were appended to the
database after MD simulations in each iteration cycle, and thus, the computational cost on
all ab initio QM/MM calculations is about 0.1-0.2% of that on direct ab initio QM/MM MD.
The third type is the optimization on the parameters of QM/MM-NN. On one hand, its
efficiency is determined by the implemented training algorithm,80-83 which is an active
research topic but outside the scope of this work. On the other hand, a single NN covering
the whole range of reaction coordinate is optimized in our method to predict the potential
energy of any configuration in any window. Therefore, the NN optimization spends much
less CPU time compared with the umbrella samplings with 20-40 windows. For this system,
the CPU time on all NN optimizations in the initialization and iteration steps is less than
0.1% of that on direct ab initio QM/MM MD. In summary, the total CPU time on QM/MM-
NN MD to simulate this reaction is about 0.5-5.0% of that on the high-level QM/MM MD,
showing the saving in computational cost as around 2 orders of magnitude.
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Free Energy Calculation on Proton Transfer Reaction for Glycine in Water.

The ab initio QM/MM potential energies of glycine with different conformations from
zwitterion to neutral form during the proton transfer process were predicted with NN. The
training set was constructed with 20 samples from each window during SQM/MM
simulations, that is, with the total number of data points as 500. Additional 20 samples from
each window were employed for the testing set. In each atomic subnet, 5 radial and 5
angular functions were used with the hyperparameters of (¢ 7o, v, 74, Ec €0y €Ny €R) @S
follows: (0.480, 0.120, 0.480, 0.120, 0.480, 0.540, 0.600, 0.360), (0.640, 0.160, 0.640,
0.160, 0.640, 0.720, 0.800, 0.480), (0.800, 0.200, 0.800, 0.200, 0.800, 0.900, 1.000, 0.600),
(0.856, 0.256, 0.856, 0.256, 1.000, 1.100, 1.200, 0.800), and (0.912, 0.312, 0.912, 0.312,
1.200, 1.300, 1.400, 1.000). The units of 7 are bohr~2. The values of R, and R; were set as
6.0 and 0.0 A, respectively. In all atomic subnets, the electrostatic potentials on the positions
of 190 QM grids in total were introduced to represent MM environment. In the RC subnet,
the bond lengths any and doy and the angle that consists of N, H, and O were selected as
the input variables, where H is the transferred proton. For this system, we defined two sets of
identical atoms using the same atomic subnet, respectively. One involves two hydrogen
atoms in NH», and another involves two hydrogen atoms in CH,. For all heavy atoms and
the transfer proton, different subnets were applied to different atoms. In the initialization
steps, the RMSE on the training set was 1.03 kcal/mol, and that on the testing set was 1.22
kcal/mol (see Table 2), which are comparable with the accuracy reported in our previous
paper (1.22 and 1.25 kcal/mol).42

The free energy difference and barrier were estimated as —7.6 and 5.3 kcal/mol with
DFTB2/MIO/MM MD simulations, respectively, while the corresponding values calculated
using direct B3LYP/6-31G(d)/MM MD were 8.1 and 10.2 kcal/mol, respectively. The latter
predicts the predominant form of aqueous glycine as zwitterion correctly. Applying the NN
model constructed based on DFTB2/MIO/MM samplings to perform MD simulations, the
free energy difference and barrier were obtained as 0.4 and 7.7 kcal/mol, respectively, both
of which were underestimated compared with the high-level free energy calculation. As
shown in Table 2, more than half (53.3%) of the configurations from all windows were
outside NN boundary, and the major portion (50.3%) was outside QM boundary. During the
second cycle of the iteration steps, the percentage of MD samples outside NN and QM
boundary was decreased respectively to 4.4% and 1.2%, but the free energy profile was a
little overestimated, where the difference and barrier were 8.9 and 10.7 kcal/mol,
respectively. As shown in Figure 4a, the convergence can be achieved after four iteration
cycles. The free energy difference and barrier were estimated respectively as 7.7 and 9.9
kcal/mol in the last cycle, in which 0.3% and less than 0.1% of configurations were outside
NN and QM boundary, respectively. The free energy changes along the entire reaction path
are consistent with the results using direct ab initio QM/MM MD (see Figure 4b). The
RMSEs for the updated NNs were 1.1-1.3 kcal/mol. Again, the difference on the free energy
profiles between Berendsen and Langevin thermostats was within 0.5 kcal/mol.

The savings in computational cost on this system can be estimated in the same way as
discussed above. First, the DFTB2/MIO/MM and NN-driven MD simulations were carried
out for 50 and 250 ps in the initialization and iteration steps, respectively, which consume
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the computational time as about 0.6—7.0% of that on direct ab initio QM/MM MD for 50 ps.
Second, the number of iteration cycles was increased to five, so the computational cost on ab
initio QM/MM calculations to build the database is about 0.2—0.4% of that on direct ab initio
QM/MM MD. Finally, the CPU time on NN optimizations was observed as around 0.2—
0.4% of that on direct ab initio QM/MM MD for this system. The computations on NN
training are more expensive than that for the first system because of a larger number of
atomic subnets and more input variables for MM representation in each atomic subnet for
aqueous glycine. The total CPU time for QM/MM-NN MD simulations is about 1-8% of
that on the high-level QM/MM MD, showing a computational saving of about 10-100.

For this system, it can be seen that the free energy profile in the third cycle is similar to the
converged result. For example, the free energy difference and barrier were respectively 8.2
and 9.9 kcal/mol, which have a small difference within 0.5 kcal/mol from the corresponding
values in the last cycle. During MD simulations in this cycle, the percentage of the
configurations outside NN and QM boundary was only 1.5% and 0.2%, respectively. The
same tendency was observed for the first system in the second iteration cycle. It suggests
that the free energy changes calculated in the iteration cycle of QM/MM-NN MD may be
good enough when the percentage of MD samples outside QM boundary is less than 1%
and/or that outside NN boundary is less than 2%. The application of the looser criterion can
further reduce the computational cost on this method by 25-35%.

Transition Path Optimization on Sy2 Reaction in Water.

The transition path connecting the reactant and product of the Sy2 reaction of the first
system was optimized using the FTS method’? in the two-dimensional CV space that
consists of two bond lengths as accjp and dccyp- The bond lengths between C and Cl in the
transition state can be further identified from FTS because this reaction is symmetric along
acci—Acciz, Which leads to accip = deepp in the transition state independent of the model
applied to potential energy calculations. The locations of the optimized strings in CV space
are dissimilar using different QM methods. The C-ClI bond length in the transition state was
calculated as about 2.17, 2.28, and 2.36 A at the AM1/MM, DFTB2/MIO/MM, and B3LYP/
6-31G(d)/MM levels, respectively. In addition, the FTS optimization using AM1/MM
underestimates the C—CI bond length in CH3Cl in the reactant and product regions by about
0.1 A compared with that using the two other methods.

We used DFTB2/MIO/MM as the low-level SQM/MM method. The existing NN model that
has been constructed iteratively during umbrella sampling on the same system was applied
directly. The algorithm in step 4 was followed. At each MD step in FTS, the potential energy
difference between DFTB2/MIO/MM and B3LYP/6-31G(d)/MM for the current
configuration was predicted with NN, and then, the positions and velocities of all atoms
were propagated on the NN-predicted PES. The iterative procedure to update NN was absent
during the FTS calculation. As shown in Figure 5, the deviation of the optimized transition
path at the DFTB2/MIO/MM level from that at the ab initio QM/MM level can be reduced
significantly with NN corrections. It indicates that an existing NN model constructed during
an adaptive procedure can be used for different sampling algorithms for various purposes as
long as the same low-level and high-level QM/MM methods are applied to the same system.
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To further validate the performance of our adaptive procedure, we next employed AM1/MM
as the low-level model, which has a larger deviation from the optimized transition path at the
ab initio QM/MM level, and then implemented the adaptive procedure of QM/MM-NN MD
during FTS optimizations. The potential energy difference between AM1/MM and B3LYP/
6-31G(d)/MM for any sampled configuration in FTS was predicted with the adaptive NN.
Starting from FTS calculations at the AM1/MM level, the initial training set was generated
with 20 samples from each image along the string, that is, with the total number of data
points as 1000. Additional 20 samples from each image were selected for the testing set.
Note that an “image” in FTS is analogous to a “window” in umbrella sampling. In each
atomic subnet, 7 radial and 7 angular functions were introduced with the hyperparameters of
(nc ma, 1c1, €c €n ) as follows: (0.080, 0.200, 0.040, 0.080, 0.200, 0.040), (0.120, 0.300,
0.060, 0.120, 0.300, 0.060), (0.160, 0.400, 0.080, 0.160, 0.400, 0.080), (0.200, 0.500, 0.100,
0.200, 0.500, 0.100), (0.256, 0.556, 0.156, 0.400, 0.700, 0.300), (0.312, 0.612, 0.212, 0.600,
0.900, 0.500), and (0.368, 0.668, 0.268, 0.800, 1.100, 0.700). The units of 7 are bohr=2,
Other hyperparameters of NN were set as the same as that reported in the first subsection in
this section. As shown in Table 3, the RMSEs on the training and testing sets in the
initialization steps were 0.75 and 0.80 kcal/mol, respectively. Applying this NN to FTS and
following the MD algorithm in step 4, we obtained a string with a small deviation from the
high-level result. The percentage of the samples outside NN and QM boundary in all
trajectories was 31.6% and 30.6%, respectively (see Table 3). The iteration steps were then
performed to update NN and repeat FTS optimizations for 2 x 104 steps in each cycle. As
shown in Figure 6, the strings obtained in the second and third cycle were very similar and
in good agreement with the ab initio QM/MM optimized reaction path. Less than 0.1% of
configurations were outside NN and QM boundary in the last cycle. The RMSEs for the
updated NN were 0.7-0.8 kcal/mol. The savings in CPU time are comparable with that
during umbrella samplings on the same system, again 2 orders of magnitude faster than the
high-level FTS calculations.

Further Improvements and Extensions.

The accuracy and efficiency of the present method can be further improved in three aspects.
The first one is a better modeling of the neural network. For example, the sampled
configurations can be classified based on the clustering technique or structure-based
sampling,8485 which would be useful to optimize the size of the growing database to further
reduce the computational cost on ab initio calculations and NN optimizations. The cutoff
function in eq 9 can be also improved on account of the discontinuity of its second derivative
at the cutoff distance. Figure S1 shows good energy conservation on both examples with a
total energy drift smaller than 5 x 10~/ kcal/mol per atom per picosecond during a 20 ps
NVE simulation, which indicates the reliability of the present cutoff function for our testing
systems. Other switch functions with continuous first and second derivatives are better than
that in eq 9, particularly for some more complex reactions with a large QM subsystem.
48.86.87 |n addition, although we focus exclusively in this paper on neural networks, there are
many other machine learning approaches such as kernel ridge regressions combined with a
Coulomb matrix descriptor to construct a sophisticated potential energy surface efficiently.
88,89 A systematic assessment of different machine learning potentials for QM/MM MD
simulations would be addressed in the future. The second aspect is the application of
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advanced MD techniques. For example, the enhance sampling such as the generalized
ensemble methods?%:91 can be introduced for more uniform distribution and increase the
sampling space of data points for training. Special care should be also taken on the
reliability of the statistical mechanical ensemble associated with QM/MM MD simulations.
92 Finally, it can be expected that the time savings on QM/MM-NN MD would be increased
significantly if more expensive QM models such as coupled cluster methods were applied at
the high level. The transferability of QM/MM-NN among several QM models was validated
by choosing different low-level (e.g., DFTB3/30B/MM) and high-level (e.g., CCSD(T)/aug-
cc-pvtz/MM) methods. The preliminary results listed in Tables S1 and S2 were obtained
using the aforementioned initial database for our first and second testing examples and the
same hyperparameters without further tuning. Almost all RMSEs are less than 1.5 kcal/mol,
which indicates a great potential to extend QM/MM-NN MD to the maximum QM accuracy.

CONCLUSIONS

In summary, in order to achieve the accuracy of ab initio QM/MM yet at the computational
cost similar to SQM/MM approaches, we developed a new method to advance our previous
QM/MM-NN method to QM/MM MD simulations by employing an adaptive procedure.
First, a QM/MM-NN model was generated after SQM/MM simulations to predict the
potential energy difference between SQM/MM and ab initio QM/MM for any configuration.
Based on our original QM/MM-NN method reported recently, several modifications on the
input variables of NN were applied for MD evolution. Second, MD simulations on the NN-
predicted PES were carried out. The reliability of NN prediction on diverse configurations
encountered during simulations was analyzed carefully. Some of the chemically novel
configurations excluded from the current training set were selected and added to the
database, and then, the QM/MM-NN model was retrained with the growing training and
testing sets. Finally, MD simulations were repeated on the updated QM/MM-NN PES. The
adaptive procedure was performed iteratively until the NN-predicted potentials and the
properties under research achieved a convergent result.

Free energy calculations on two chemical reactions in water and reaction path optimization
on one aqueous system were carried out for computational validations on this method. The
RMSEs for the predicted QM/MM potential energies were around 0.7-1.3 kcal/mol. The
free energy changes along the reaction coordinate and the optimized transition path in
collective variable space were obtained using QM/MM-NN MD, which are in excellent
accordance with the results at the high-level ab initio QM/MM level. The convergence of the
adaptive procedure was achieved after 2—4 iteration cycles, showing a speed-up of about 2
orders of magnitude compared with the direct B3LYP/6-31G(d)/MM MD. The QM/MM-NN
MD provides great potentials to study a broad range of biochemical systems in complex
environment using long time simulations. As a dynamic scheme of QM/MM-NN, we expect
this method to be particularly useful for the characterization of reaction dynamics for
interesting applications, such as the discovery of new reactive channels,93:94 the
identification of reaction coordinates and pathways,’1:95:9 and the kinetics study with
transition path samplings.97-%9
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Figure 1.

Schematic structure of QM/MM-NN for a system containing A/atoms in the QM subsystem.
Here rqpm and ry are respectively the Cartesian coordinates of the atoms in the QM and

MM subsystem, {Gf.‘} is the symmetry function that depends on r gy, /denotes the QM

atoms, k denotes different radial and angular functions with different hyperparameters, and
{vf’“} is the external electrostatic potential at QM grids close to atom 7as a function of r gy

and rym. After semiempirical QM/MM calculations with rqon and r v, the total potential
energy EIéM/MM and the corresponding forces F]éM/MM on all QM and MM atoms at the low

level are known. Then the energy difference between two levels as A£is predicted with

QM/MM-NN, and the derivative of AE with respect to rgp and ry is calculated

analytically. Finally, the total potential energy ESM/MM and the corresponding forces

FgM/MM on all QM and MM atoms at the high level is obtained. The differences on the input

variables of NN compared to our previous work*2 are highlighted in red.
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— high-level QM/MM
— low-level QW/MM
—— QM/MM-NN

Coordinate

Figure2.
Schematic view of potential energy surfaces with high-level QM/MM (blue), low-level

QM/MM (orange), and QM/MM-NN (red). The range of coordinates of the configurations
for NN training is in shadow. For the samples within the interval of training points, the
QM/MM-NN PES is much more accurate than the low-level result compared with the high-
level QM/MM PES. For the samples outside the boundary of the database, the low-level
QM/MM PES is similar to the high-level reference qualitatively, but the QM/MM-NN
prediction is completely incorrect, which may cause convergence failure and/or numerical
instability during MD evolution on the NN-predicted PES.
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Figure 3.

Potential of mean force for the Sy2 reaction. (a) Convergence of QM/MM-NN MD during
iteration steps. Different colors and shapes represent different iteration cycles. (b)
Comparison between low-level QM/MM, high-level QM/MM, and QM/MM-NN. Different
colors and shapes represent different methods (orange diamond DFTB2/MIO/MM MD; red
circle QM/MM-NN MD in the third iteration cycle; blue star direct B3LYP/6-31G(d)/MM
MD).

J Chem Theory Comput. Author manuscript; available in PMC 2019 March 13.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnue Joyiny

1duosnuely Joyiny

Shen and Yang

15+
+— DFTB/MM
—+— NN cycle1
10] —+ NNcycle2
—— NN cycle3
— —»— NN cycle4
o NN
2 5. —— cycleb
b=
[
£
S— 0 -1
. \
L
.5 G
‘04"”‘
-10 -
1.5 1.0 0.5 0.0 0.5 1.0 1.5
i = Do (A)
(a)

Figure 4.

-
W
1

—
(=]
1

AA (kcal/mol)

&

'

=

o
1

Page 28

+— DFTB/MM
—+— B3LYP/MM
—e— QM/MM-NN

? *
b

H3N® 0@ HzN OH ',.0**"

g T L
1.5 -1.0 -0.5 0.0 0.5 1.0 1.5

dun = don (A)
(b)

Potential of mean force for the proton transfer reaction of glycine. (a) Convergence of
QM/MM-NN MD during iteration steps. Different colors and shapes represent different
iteration cycles. (b) Comparison between low-level QM/MM, high-level QM/MM, and
QM/MM-NN. Different colors and shapes represent different methods (orange diamond
DFTB2/MIO/MM MD; red circle QM/MM-NN MD in the fifth iteration cycle; blue star

direct B3LYP/6-31G(d)/MM MD).
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Figureb.
Transition path for the S\2 reaction with FTS optimization in two-dimensional collective

variable space without the adaptive procedure. Different colors and shapes represent
different methods (orange diamond DFTB2/MIO/MM,; red circle QM/MM-NN with the
existing NN model that has been constructed iteratively during umbrella sampling along
one-dimensional reaction coordinate dccii—dccio, see subsection Free Energy Calculation
on SN2 Reaction in Water in section Results and Discussion; blue star B3LYP/6-31G(d)/
MM).
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Figure 6.
Transition path for the Sy2 reaction with FTS optimization in two-dimensional collective

variable space. (a) Convergence of QM/MM-NN during iteration steps. Different colors and
shapes represent different iteration cycles. (b) Comparison between low-level QM/MM,
high-level QM/MM, and QM/MM-NN. Different colors and shapes represent different
methods (orange diamond AM1/MM,; red circle QM/MM-NN in the third iteration cycle;
blue star B3LYP/6-31G(d)/MM).
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Table 1.

Root Mean Squared Errors (kcal/mol) of Training and Testing Sets with ¢ Values (in Parentheses)aand

Percentages of MD Samples outside the Boundary of the Database (%)b in Different Iteration Cycles for Sy2
Reaction with Corrections from DFTB2/MIO/MM to B3LYP/6-31G(d)/MM

RM SE per centage outside boundary

trainingset  testingset NN boundary QM boundary

cycle 1 1.03 1.09 (0.766) 28.6 278
cycle 2 0.99 1.07 (0.789) 1.6 0.7
cycle 3 1.00 1.06 (0.749) 0.2 <0.1
ZN ( pred _ ref)2
a~2 i=1Vi Vi pred ref . . .
=1- N ; 7 where Y and y; are the predicted and reference values of QM/MM potential energy difference
re =
i=1 (yi - y)

between two levels for the ith sample in the testing set, respectively, and y is the average of y?ef

bThe explanations of outside QM boundary and outside NN boundary are in step 4 in the subsection Adaptive MD Procedure with QM/MM-NN in
the section Theory.
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Percentages of MD Samples outside the Boundary of the Database (%) in Different Iteration Cycles for Proton

Transfer Reaction of Glycine with Corrections from DFTB2/MIO/MM to B3LYP/6-31G(d)/MM

RMSE per centage outside boundary
trainingset  testingset NN boundary QM boundary
cycle 1 1.03 1.22 (0.972) 53.3 50.3
cycle 2 1.15 1.30 (0.969) 44 1.2
cycle 3 1.17 1.23 (0.977) 15 0.2
cycle 4 1.18 1.24 (0.976) 0.8 <0.1
cycle 5 1.18 1.26 (0.973) 0.3 <0.1
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Percentages of MD Samples outside the Boundary of the Database (%) in Different Iteration Cycles for Sy2

Reaction with Corrections from AM1/MM to B3LYP/6-31G(d)/MM

RM SE per centage outside boundary
trainingset  testingset NN boundary QM boundary
cycle1 0.75 0.80 (0.942) 31.6 30.6
cycle 2 0.75 0.80 (0.973) 0.6 <0.1
cycle 3 0.70 0.81 (0.968) <0.1 <0.1
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