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Abstract

Molecular dynamics (MD) simulation is an extremely powerful, highly effective,
and widely used approach to understand the nature of chemical processes in atomic
details for small molecules, biomolecules, and materials. The accuracy of MD simu-
lation results is highly dependent on force fields. Quantum mechanical (QM) calcu-
lation has excellent accuracy, but the computational cost is not affordable for long
MD simulations. Therefore, traditional molecular mechanical (MM) force fields,
which divide energy into classical bond, angle, dihedral, electrostatic and van der
Waals (vdW) terms, or hybrid QM/MM methods, which consider tradeoff between
QM accuracy and MM efficiency, are generally utilized in MD simulations. Machine
learning (ML) provides capability for generating an accurate potential at QM level
without increasing much computational effort, and ML-based potentials had rapid
development and widespread applications during the past decade. In this disserta-
tion, we apply MD and ML techniques to develop new methods for simulating on
small molecules and proteins. First, we train ML models to increase the accuracy of
QM /MM from the semiempirical to the ab initio level. Active learning is performed
to efficiently update ML models on the fly with gradient boosting technique, and
new data from MD simulations are sampled according to the boundary of reference
energies, distance-based clustering, and density-based clustering. Solvation free en-
ergies of small molecules obtained from QM /MM ML models show good agreement

with experiment. Next, force fields based on neural network (NN) are constructed
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for QM /MM vdW interaction, which is normally described with Lennard-Jones (LJ)
potential. We develop a new QM /MM NN architecture, dubbed QM-NN/MM-NN,
and new input features based on center of mass for NN, which better describes non-
bonded interactions than other descriptors. NN force fields greatly outperform LJ
potentials and show good transferability to different small molecules. In addition,
general and transferable NN force fields based on CHARMM force fields, named
CHARMM-NN; are constructed for proteins, according to residue-based systematic
molecular fragmentation method. NN is based on atom types and new input features
that are similar to MM inputs are proposed, which enhances the compatibility of
CHARMM-NN with MM MD. The validations on geometric data, relative potential
energies and reorganization energies demonstrate that the potential energy minima
of CHARMM-NN are very similar to QM, but the simulations of peptides and pro-
teins indicate that the solvent effects and non-bonded interactions should be modeled
in future development of NN force fields. Finally, we develop a piecewise approach
to run all-atom steered MD (SMD) simulations within small water box, avoiding the
huge amounts of computational resources required to run all-atom SMD simulations
using a large water box. The robustness of this approach is validated with a small
protein NI3C. Compared to coarse-grained SMD, the all-atom SMD simulations on
luciferase reveal more atomic resolution details on force-extension plots and the key

secondary structures related to mechanical stability in unfolding pathway:.
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1

Introduction

1.1 Molecular Dynamics Simulations

Molecular dynamics (MD) simulations are widely used and very e ective to study
many kinds of systems, such as small molecules, biomolecules, and materials.[1, 2,
3, 4, 5, 6] Various atomic-scale information, such as macroscopic thermodynamics
properties[7], protein folding and unfolding[8], conformational changes[9], protein-
ligand binding[10], and structural re nement[11], can be obtained from these simula-
tions. MD simulations dynamically evolves the system, following Newton's equation
of motion. With appropriate potential energy functions (or force elds), sampling
techniques, simulation time scale, and so on, MD can be applied to solve di erent
problems. With the software optimization and hardware improvement, applications
are broaden and calculations accelerate.[12] The results from MD simulations are
helpful for understanding the nature of problems and motivating some experimental
work.[13]

For a normal MD simulations, the potential energy functionV and initial posi-

tions and velocities of all atoms in the system are provided as inputs. The positions



must be provided, and the velocities can be initialized with Maxwell-Boltzmann dis-
tribution at a given temperature. The equation of motion for atomi in the system
with N atoms is expressed as

Bzri

miﬁ Fi; 1 1:::5;N; (1.1)

where m; is the mass of atomi, r; is the position of atomi, and F; is the force

on atomi. The force of atomi can be obtained from the potential energy function

Fi (1.2)

IE:

After forces are calculated, the velocities an positions of atoms are updated by nu-
merically solving the equation of motion. Common algorithms to integrate Newton's
equation of motion are leap-frog integrator and velocity Verlet integrator. It is note-
worthy that the algorithms should be symplectic and time reversible, meaning that
the total energy can be conserved and the simulations in forward and backward di-

rections result in identical trajectories. The leap-frog integrator is usually used in

MD simulation, in which the velocitiesv at time t > t and positionsr at time t

are used to update velocities and positions according to

1 1 Fpq
vt > tq vp > tq e t; (1.3)
and
1
rpt tq rpgg vp > tq t (1.4)

Although the theoretical pure work may seem straightforward, many technical
details need to be pointed out in the real MD simulations. First, periodic boundary
conditions (PBC) are generally used to approximate an in nite system and minimize
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edge e ects with a nite system (or unit cell). A particle only interacts with the clos-
est image of of other particles according to minimum-image convention. The PBC
can be applied to di erent box types, such as cubic, rhombic dodcahdron, and trun-
cated octahedron box, which have di erent shapes to reduce the number of solvent
molecules. Second, the integration time step should be appropriately selected. It is
limited by the period of fastest vibration, which is typically the vibration of hydro-
gen atoms. Therefore, bonds involving hydrogen atoms are usually constrained by
SHAKE[14] or LINCS[15] algorithms. Generally speaking, the time step is 2 fs when
bonds with hydrogen are constrained, and 0.5 or 1 fs when no constraint is added. In
addition, multiple time-step algorithm[16] can be used to save computational cost.
Third, the conditions of the simulations should be speci ed, such as NVE, NVT, and
NPT ensembles. To control temperature in the system, several thermostat algorithms
can be applied, such as Berendsen thermostat[17], velocity-rescaling thermostat[18],
Andersen thermostat[19], and Nose-Hoover thermostat[20, 21]. To control pressure in
the system, Berendsen barostat[17], Parrinello-Rahman barostat[22], and Martyna-

Tuckerman-Tobias-Klein barostat[23] can be used.
1.1.1 Force elds

The accuracy of MD simulations is highly dependent on force elds, since the
potential energy function is involved in calculating the forces and solving equation
of motion.[24, 25, 26] Numerous force elds have been developed in several decades
and applied to many systems. Traditional force elds are usually within 3 categories,
guantum mechanical (QM), molecular mechanical (MM), and the combined quantum
mechanical / molecular mechanical (QM/MM).

Potential energies calculated from QM are based on the Schmdinger equation,
which is very accurate but the computational cost is high. Therefore, ab initio MD

(AIMD)[27] can only be used on relatively small system and run short-time simula-
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tions. Adabatic and Born-Oppenheimer approximations are generally performed in
AIMD, resulting in several types of AIMD, such as Born-Oppenheimer MD[28] and
Car-Parrinello MD[29].

To enable MD simulations on large systems like proteins with explicit water, more
e cient force elds should be employed, and the most widely used such force elds are
MM force elds. Classical xed-charge MM force elds typically consist of bonded
terms, including bond stretching, angle bending, dihedral torsion, and improper
dihedral distortion, and non-bonded terms, including electrostatic interactions and
van der Waals interactions.[26] Four major categories of MM force elds, AMBER][30,
31, 32, 33], CHARMM[34, 35, 36, 37], GROMOSI[38, 39, 40, 41], and OPLS[42, 43,
44, 45], are ubiquitous in the MD simulations for organic molecules, proteins, DNA,

RNA, lipids, and carbohydrates. As an example, the CHARMM force elds[46] have

the form of
V. ke B T kp o  krl cogn qs
bonds angles dihedrals
Tokp e T ke uodf
impropers Urey-Bradley (1-5)
: Ry © , R " aq
' ! ri I ri
where ky, by, k, o, k, n, , ki, o ki Up, j, Rj, g, and g are the force

eld parameters, which are determined from QM calculations and experimental
data, such as macroscopic properties and spectroscopic and crystallographic data.[47]
Since polarizability is omitted in xed-charge force elds but is important in many
problems, polarizable force elds[48] have been developed, including uctuating
charges[49], Drude oscillators[50], inducible dipoles[51], and methods including mul-
tipole electrostatics[52]. Two examples of current polarizable force elds for proteins

are AMOEBA[53] and Drude-2013[54]. Since the most biomolecular processes hap-
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pen in aqueous condition, the solvation model is also important. One model is im-
plicit solvation, in which the solvent is represented as a continuous medium.[55, 56]
The implicit solvent models are generally based on accessible surface areas and con-
tinuum electrostatics, such as Poisson-Boltzmann model[57] and generalized Born
model[58]. Implicit solvation can enhance the simulation speed dramatically be-
cause of no explicit water atoms, but the accuracy is still limited and it lacks of
the description of interaction between solute and solvent and cannot obtain some
microscopic solvent features. Another model is explicit solvent model. The simplest
water models that are widely used in MD simulations are SPC[59] and TIP3P[60]
models, which have three interaction points for a water molecule. More complicated
models with higher number of interaction sites such as TIP4P[60] and TIP5P[61]
were developed to enhance the accuracy of calculations with water. Besides the all-
atom force elds, many coarse-grained force elds have been developed to address
the issue of large protein size and long simulation time scales.[62] Even though the
coarse-grained force elds have the similar energy representations as all-atom force
elds, the resolution is lowered by representing all-atom model with fewer atoms or
groups, then smoothening the energy landscape. Some examples of coarse-grained
force elds include CABS[63], MARTINI[64], UNRES[65], and Go-like model[66].
These force elds are particularly helpful to understand some events at long time
scales, such as protein folding.

To balance the accuracy and e ciency of force elds, the QM/MM model was
developed, which separate the system into a QM region and a MM region.[67, 68]
The QM region typically contains the active site of interest, and the MM region
contains the rest of the system. The QM calculation can be ab initio or semiempirical,

depending on the accuracy desired. The QM/MM energy is written as

Eqmmm Eqm ESEA/MM E(ngMVYMM E(%?\X/MM Ewm ; (1.6)



where the rstterm is QM internal energy, the second, third, and fourth terms are the
electrostatic energy, van der Waals energy, and colvalent interaction energy between
QM and MM subsystems, respectively. The last term is the pure MM interaction
energy. The electrostatic QM/MM interaction can be calculated with mechanical
embedding, electrostatic embedding, and polarized embedding schemes.[69] Mechan-
ical embedding treats the electrostatic interaction between QM and MM subsystems
at MM level, which uses the atomic charges from MM force elds, while electrostatic
embedding accounts for the polarization of the QM subsystem by the MM subsys-
tem, which includes the one-electron terms in the QM Hamiltonian and does not
need the MM electrostatic parameters for QM subsystem. Polarized embedding also
considers the polarization of the MM subsystem by the QM subsystem compared
to electrostatic embedding. Another issue is the boundary condition with the cova-
lent bonds across the QM and MM subsystems[70], which is usually addressed by
the link hydrogen atom[71], the pseudobond method[72], or the frozen local-orbital

method[73].
1.1.2 Samplings

Adequate sampling is also critical to obtain reliable results from MD simulations.
The common brute-force samplings are a ordable for some problems at the time
scale, thanks to developments of CPU and GPU hardware. Millisecond-scale MD
simulations can be achieved with the Anton supercomputer, which was speci cally
designed for that purpose.[74]

Even though hardware improvement enables longer MD simulations, the com-
putational cost is still too high for some problems at high time scale. Therefore,
enhanced sampling methods are employed to increase the sampling e ciency.[75]
One category of enhanced sampling relies on collective variable (CV), which is pre-

de ned to describe the problem of interest. The CV-based methods include um-

6



brella sampling[76], metadynamics[77], variationally enhanced sampling[78], confor-
mational space annealing[79], hyperdynamics[80], potential smoothing methods[81],
and so on. Some additional bias potential is usually added to the Hamiltonian in
these methods. However, determining proper CV is challenging in some systems.
Another category of CV-free enhanced sampling methods can be therefore used,
such as replica exchange MD (REMD)[82], accelerated MD[83], temperature accel-
erated MD[84], Gaussian accelerated MD[85], Wang-Landau sampling[86], envelop-
ing distribution sampling[87], multicanonical simulation[88], integrated tempering
sampling[89], and steered MD (SMD)[90].

The free energy is an important thermodynamic property that can be obtained
from MD simulations. Several techniques can be employed to calculate free energy.
Free energy perturbation (FEP)[91] estimates the free energy di erence between state

A and state B according to the Zwanzig equation

Usg Ua

FAB kBT In xXexp 7
B

Ya; (1.7)

where kg is Boltzmann constant, T is temperature, andUg and U, are potential
energy of state B and state A, respectively. Other common methods include thermo-
dynamic integration (TI)[92], umbrella sampling using weighted histogram analysis
method (WHAM)[93] and -dynamics[94].

In QM/MM simulations, several methods based on the reaction path have also
been developed to enhance the sampling e ciency.[95] The rst method, named
QM/MM-FE[96], iteratively performs MM minimization with QM atoms xed and
QM optimization with MM atoms xed until convergence, which is usually nished
in several iterations. This approach reduces the number of QM calculations, which is
the most time-consuming part in QM/MM simulations. The second method, named
QM/MM-MFEP[97, 98], iteratively samples MM ensemble with QM atoms xed
and performs QM optimization with the MM ensemble xed, which overcomes the

7



problem of QM/MM-FE that the initial structure a ects the optimization path a

lot.
1.2 Machine Learning

Machine learning (ML) is very powerful and useful in many di erent elds, such
as science, technology and health care, and it has rapid development in the past
decades.[99, 100] ML has been incorporated into the eld of computational chem-
istry for many years, and have received more and more attentions from theoretical
and computational chemists. ML-related papers increased exponentially in the last
20 years, with around 1000 publications in 2000 and more than 16000 publications
in 2020.[101] The three major types of ML are supervised learning, unsupervised
learning, and reinforcement learning. In supervised learning, ML models are learned
from inputs and reference outputs. The supervised learning mainly addresses clas-
si cation and regression problems such as predicting energy and other properties,
and the commonly used ML models include linear regression, logistic regression,
support vector machine,k-nearest neighbor, decision tree, random forest, gradient
boosting, and arti cial neural network (NN). In unsupervised learning, the refer-
ence outputs are unknown and only inputs are provided. The unsupervised learning
is usually used for clustering and dimension reduction. Commonly used methods
include k-means clustering, principal component analysis (PCA), anttdistributed
stochastic neighbor embeddingt{SNE). Reinforcement learning involves agents that
determines optimal actions in an environment based on the positive and negative
feedback, which is mainly used to nd molecules in chemical space.

A ML model is generally constructed according to the following work ow. First,
a dataset is generated and necessary input descriptors and output labels are cal-
culated. The dataset is typically divided into training, validation and testing sets,

which can be assisted with unspervised learning method to extract optimal data
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for training[102]. Next, the ML model is trained with a de ned loss function, in
which hyperparameters can be determined through cross validation. Regulariza-
tion and early stopping can be applied to alleviate over tting. Finally, the ML
model is tested and applied in production. For the ML model used in MD simu-
lations, because the con gurational space can be very large and the initial dataset
is too small to be thorough and comprehensive, extrapolations frequently are en-
countered, which sometimes lead to unreasonable results and unstable simulations.
In this situation, active learning is usually required to augment dataset with new
data. Commonly used approaches detect new con gurations from MD simulations
based on boundary of input features[103, 104] and based on uncertainty estimate
of ML ensembles[105, 106]. More recently, several methods that avoid running MD
simulations were developed to generate more data that are not contained in the orig-
inal dataset, such as entropy-maximization approach[107], the negative of squared

di erence surface method[108], and the uncertainty-based adversarial attacks[109].
1.2.1 Force elds

As discussed previously, MM force elds are widely used in MD simulations of
large systems like proteins because of the much lower computational cost than QM
and QM/MM force elds. However, the accuracy of MM force elds is not as good
as QM, because of its simple and limited energy forms. ML model usually have more
complicated form than MM and can learn potential energy surface (PES) accurately
provided with enough data, which suggests ML-based force eld is a good solution to
achieve the QM accuracy while still have the computational cost at MM level.[110,
111, 112, 113, 114]

Although machine learning methods can be utilized to adjust MM force eld
parameters[115, 116, 117, 118], our focus is primarily on the construction of force

elds with machine learning models because of the potential improvement of func-
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tional form. The common machine learning models used to build force elds are
divided in two categories, kernel-based methods and arti cial NN.[119] The kernel-
based method approximates the energy as a linear combination of kernel function,

written as
M

y  aKpxqg (1.8)

i1
where M is the number of samples in datasety; are coe cients, x are the inputs
for the point of interest, x; are the inputs for the samplei, and K is the kernel
function that measures the similarity of two descriptors, which can be polynomial
kernel, Gaussian kernel, and so on. A common example of kernel-based methods
is the Gaussian approximation potential, which is approximated by the Gaussian
process regression on di erent descriptors and kernels[120], such as local atomic
density and SOAP kernel[121]. Another kernel-based method is gradient domain
machine learning (GDML), which is trained to predict force directly rather than
energy.[122, 123, 124, 125] Originating from the networks in biological neurons, ar-
ti cial NN generally have one input layers, multiple hidden layers, and one output
layer. For a fully-connected NN with 2 hidden layers, the energy can be calculated

as
hq PV ix  big
ho  pWahy  bog (1.9)

y pWsh,  bsg

where x are the input vectors, h; is the output of hidden layer 1 with weights
W ; and biasesbi, h; is the output of hidden layer 2 with weightsW, and bi-
ases, andy is the nal energy at output layer with weights W 3 and biasesbs. For
arti cial NNs, high-dimensional neural network potential (HDNNP) was the rst

descriptor-based neural network potential (NNP) that uses atomic-centered symme-
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try function as descriptors[126, 127], and subsequent developments included the con-
sideration of long-range interaction and non-local phenomena[128, 129, 130]. Some
di erent NNPs were also developed based on di erent descriptors such as ANI[131],
TensorMol[132], deep potential[133], QM/MM-NN[134, 104], water NN[135] and em-
bedded atom NN[136, 137]. Another type of NN is end-to-end NN, which directly uses
the Cartesian coordinates and nuclear charges as inputs instead of descriptors.[138]
End-to-end NN are usually based on graph NN[139] like message-passing NN[140],
and prominent examples include deep tensor NN[141, 142], SchNet[143, 144], and
PhysNet[145, 146].

1.2.2 Samplings

Recently, the ML techniques have also been widely applied to enhance sampling
to discover CVs.[147, 148] ML can help discover some CVs that are dicult to
be inspired by physics and assist enhanced sampling. For examples, di usion-map-
directed MD[149] and intrinsic map dynamics[150] were developed based on di usion
maps, which reduce dimensionality, to learn intrinsic manifold and perform enhanced
samplings. With nonlinear dimensionality reduction methods, CVs can be discovered
as well.[151] The autoencoders were also frequently used to determine CVs, which
are obtained from the layer between encoder and decoder.[152, 153] Similarly, vari-
ational autoencoders can be used to discover CVs.[154] Reinforcement learning can
also be employed in determining CVs.[155] For discovery of slow CVs, many deep
learning models were developed, such as time-lagged autoencoders[156], variational
dynamics encoders[157], and state-free reversible VAMPnets[158]. In addition, the
combination of deep learning models and dimensionality reduction techniques leads
to several models that uncover CVs such as Deep-LDA[159] and Deep-TICA[160].
Besides the applications on CVs and enhanced samplings, the machine learning can

be employed to directly sample desired distribution. Based on normalizing ows, the
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Boltzmann generator can generate statistically independent samples from Boltza-
mann distribution and no prior knowledge of CVs is required.[161]

In this dissertation, we are going to rst increase the accuracy of force elds
in MD. First, We enhance the QM/MM accuracy from semiempirical to ab initio
levels to accurately calculate solvation free energies of small molecules, in which the
active learning issue is addressed. Next, the QM/MM vdw interaction is modeled
with a NN force eld, which outperforms the classical Lennard-Jones potential. In
addition, we improved the traditional MM force eld by training NN models on
fragments, which is general and transferable to di erent proteins. we are also going
to decrease the computational cost of MD for large protein systems. To achieve this
goal, we develop the piecewise pulling approach to decrease the size of water box
required for simulations and uncover more details of protein unfolding from all-atom

steered MD simulations.
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2

Solvation Free Energy Calculations with QM/MM
and Machine Learning Models for Small Molecules

This chapter is mainly adapted from the following journal article,
Zhang, P.; Shen, L.; Yang, W. Solvation Free Energy Calculations with Quantum
Mechanics/Molecular Mechanics and Machine Learning Models. J. Phys. Chem. B.

2019, 123, 901-908.
2.1 Introduction

The solvation free energy (SFE) is vital for studying chemical and biological
reactions as well as designing drugs.[162, 163, 164, 165] Many methods of free en-
ergy calculations, such as free energy perturbation[91], thermodynamic integration
(TDH[92], umbrella sampling[76] and -dynamics[94], have been widely used to calcu-
late SFE from molecular dynamics (MD) simulations.[166] On one hand, su cient
MD samplings for free energy calculations require an e cient method to calculate
the potential energies of the whole system for at least thousands of con gurations.

On the other hand, an important ingredient to accurately estimate SFE is the ap-
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propriate description of potential energy surface (PES). Although empirical mod-
els such as molecular mechanical (MM) force elds can predict the SFE of various
small organic molecules successfully [167, 168, 169, 170, 171], quantum mechanical
(QM) models at the ab initio level are considered to be more general and rigor-
ous. Treating both the solute and solvent molecules using QM method is extremely
time-consuming if not impossible. The combined quantum mechanical and molecu-
lar mechanical (QM/MM) method, rst proposed by Warshel, Karplus and Levitt,
considers a tradeo between accuracy and e ciency for large systems.[67, 68] In the
framework of QM/MM model, the whole system is divided into a small active site
(e.g., the solute) treated at the QM level and a relatively large surrounding part
(e.g., the solvents) treated at the MM level. Even though the ab initio QM/MM
can achieve high accuracy for PES, it is still computationally demanding in long-
time MD simulations. [172, 95, 173, 174, 175, 70, 176, 177, 178, 179] Alternatively,
the semiempirical QM/MM (SQM/MM) signi cantly speeds up electronic structure
calculations but sometimes sacri ces the accuracy.[180, 181, 182]

Recently, many kinds of machine learning (ML) techniques such as neural
network (NN) representation[183, 184, 126], kernel-based Gaussian approximation
potential[185, 186] and support vector machine[187] are being increasingly used for
accurate interpolation/prediction of PES.[188, 189, 190, 191] Inspired by the high-
dimensional NN scheme to represent the total potential energy as a sum of atomic
energies[126] and the -machine learning method to predict the di erence between
the calculations at two levels [192], Shen and Yang developed a novel method to in-
troduce the machine learning methods to QM/MM models, denoted as QM/MM-NN,
to achieve the accuracy of high-level ab initio QM/MM with only the computational
cost of low-level SQM/MM. [134, 104] The highly accurate free energy pro les on
aqueous chemical processes such @2 @&nd proton transfer reactions can be obtained
from direct QM/MM MD simulations combined with QM/MM-NN.
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Although there is a growing trend in molecular simulations based on the ML-
predicted PES, how to detect new con gurations outside of the domain of training
data remains challenging. One choice is based on the boundary of input variables of
the current ML model, which may miss many new data points encountered during
MD.[103] Another way is based on the uncertainty analysis on a machine learning
ensemble[105, 106], which may also lead to failure on MD simulations, according to
the results of our SFE calculation. Furthermore, in order to explore new regions of
the PES, a robust and e cient method to update the current ML model during MD
simulations is also an urgent issue. Several adaptive methods have been reported
and can be further classi ed as \microiteration" and \macroiteration" procedures.

In the microiteration approach, the ML model was adjusted immediately to mimic
the reference when a new conformation was sampled. Despite the success of the
related works such as the adaptive ML framework[193, 105] and \learn-on-the- y"
technique[194, 195], there are still some challenges that should be addressed. Spe-
cially, the reconstruction of ML models is usually frequent and expensive, which
hampers the e ciency of ML for exploring diverse con gurations. In the macroi-
teration approach, for example, the adaptive QM/MM-NN proposed by Shen and
Yang recently,[104] the NN construction and MD simulation were performed itera-
tively. The ML model was unchanged during MD samplings at each iteration cycle
and reconstructed using both existing and additional con gurations after MD. This
approach requires a large number of MD sampling steps before obtaining the nal
ML model. It may be unavailable for larger systems on which the SQM/MM compu-
tational cost becomes considerable. How to explore something new for large systems
using ML models, even in the con gurational space, is still an open problem without
satisfactory solutions.

In this work, we address the two aforementioned challenges on the ML-based

QM/MM MD for free energy calculations. First, we explore a systematic way for
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the identi cation of insu ciently sampled regions during ML-driven MD in order to
overcome the limitations on the existing methods based on the boundary of input
variables or the uncertainty of machine learning ensembles. Second, we employ the
gradient boosting algorithm, which was rst reported by Friedman[196] and followed
by classi cation and regression applications[197] such as the predictions on elimina-
tion half-lives[198] and RNA-protein interactions[199], to update the QM/MM ML
model e ectively when a new con guration is detected. We nally perform SFE
calculations on several typical organic molecules to validate our new QM/MM ML

approaches.

2.2 Methods

2.2.1 QM/MM ML SFE calculations

For the SFE calculations with QM/MM MD[200, 201, 202, 203], the total poten-

tial energy of the system with QM/MM model we use is [204]

vdw

Eot X [Ho ee  aGVmmmigl y Eommm P vawd  Ewmm; (2.1)
iPMM

where e and g are two switching parameters varying from 0 to 1 for TIH, is
the Hamiltonian of the QM subsystemg is the point charge of MM atomi, Vyw [iq
is the electrostatic potential on MM atomi exerted by the QM subsystemr; is the
position of atomi, and Eg,wMM is the soft-core potential that can avoid numerical
instability problem in MD simulation when 4, iS close to zero (see Simulation
Details in SI).[205] Applying the same MM force eld at two levels, the energy
dierence E between high-level ab initio QM/MM (labeled as H) and low-level
SQM/MM (labeled as L) is represented as [134]

E x "R we’ gVwwmial Ty x MBS ae aVuwmigl 'y (2.2)

iPMM iPMM
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To properly represent the atomistic environment, two types of descriptors, mod-
i ed symmetry functions[126] and power spectrum[121], were employed as the input
variables in this work. The same cuto function[127] is involved in both input vari-

ables as

$
&

R..
tanh® Jg R @ R
fRiq o, 0 P R N R

0; Ri i Rc

; (2.3)

whereR; is the distance between atom and j, and R is the cuto radius. The in-
teraction is neglected if the distance between two atoms is larger th&. Symmetry

functions consist of a radial function

N
G T e Wi RAfRq (2.4)
P

where and Rg are pre-determined hyperparameters, and an angular function

G"™ 28~ pl cosige i R R"quchRij o cPRik of cPRjk § (2.5)
jik i
where and are hyperparameters, and;y is the angle centered at atom. Since
the radial and angular symmetry functions are only dependent on QM geometry,
the external electrostatic potential generated by surrounding charges is employed as
another input feature to describe the in uence of MM subsystem, which is written
as[104]
v o= (2.6)
jpmm

whereq is the point charge on MM atom;j . Di erent from symmetry functions, the

input variables of power spectrum are de ned as

|
P b Chim Chim ; (2.7)
|

m
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wheren and | are pre-determined integersim is an integer varying from | to I, and

d,n is constructed as

5

Chim e Wi Radfy pisidifRiq (2.8)

where and R, are hyperparameters),, is the spherical harmonic function to de-
scribe the relative positions of andj using spherical coordinates and' centered

at atom i, and!; is de ned as the nuclear charg&; if atom j belongs to the QM
subsystem or de ned as ¢eq if atom j belongs to the MM subsystem.[135] The orig-
inal power spectrum[121] applied orthonormalized high-order polynomials as radial
basis functions, but here we change them to equidistant Gaussian functions together
with cuto functions because they are sensitive and cover wide range of distances,
which satis es the requirements mentioned in the original paper.[121] Note that in
the framework of modi ed symmetry functions, two functions, symmetry functions
in Egs 2.4 and 2.5 and external electrostatic potentials in Eq 2.6, are employed to
describe the QM and MM subsystem, respectively; while in the framework of power
spectrum, QM and MM subsystems are described with the same function as in Eq 2.7
with di erent hyperparameters.

Using modi ed symmetry functions or power spectrum as input variables, the
energy dierence E in Eqg 2.2 can be predicted with any ML method such as
neural network or Gaussian kernel. Here we use the linear regression model, which
has successfully described the energy landscape of metal systems with symmetry

functions[206, 207], as

p

E =~ aX ay (2.9)
i1
wherex; is the input variables with the total number ofp, and g is the ML parame-

ters that can be obtained using the component-wise gradient boosting algorithm[208]
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combined with the early stopping technique[209, 210] (see below for more details).
Actually, the initial QM/MM ML model can be constructed with any other training
method, not restricted to gradient boosting. The forces acting on atom can be

calculated as

B E LPBx
FL —— Ft -
[ B,.i [ J 1al B.i’

(2.10)

where atomi belongs to either QM or MM subsystem, andrt is the low-level force
calculated with SQM/MM. Using Eq 2.10, MD evolution can be implemented on the
ML-predicted PES. The nal SFE through Tl is calculated as

»1BBE F »1BBE F

H H
A d ele d vaw » (2-11)

0 B ele 0 B vdw

ele vdw

where the angular bracket denotes an average over the samplings with a xed
2.2.2 Detecting models

Although many ML predictions are capable of reaching beyond the chemical
accuracy[193, 131, 211, 191], both the energy and forces of some con gurations in
new regions on PES, where the samples in the existing database are insu cient,
are unreliable using the current ML model. A systematic and e ective approach to
detect such new con gurations is necessary. Here we applied three di erent methods
based on the boundary of reference energy, the clustering of data points [212] and
the Gaussian distribution on the density of data space[213], respectively. The rst
method is new to our best knowledge. The second and third are popular clustering
algorithms that have been successfully used to solve classication and regression
problems.[214, 215, 216, 217, 218, 219] For examples, khmeans clustering and
Gaussian mixture model have been widely used in molecular simulations, such as
enhanced sampling, identifying states, and free energy calculations.[220, 221, 222,

223, 85, 224] Here we introduce them to the eld of ML-driven MD simulations for
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real-time detection of new con gurations, that is, learn-on-the-y, because of the
insu ciency of the database. The additional computational cost on all methods is
small.

The rst is denoted as the output-check model (Model 1), which corresponds
to the boundary of reference energy. This model is based on the minimum and
maximum values of the reference energy in the database. If the predicted value
for a con guration is smaller than the minimum or larger than the maximum, the
con guration will be identi ed as a new point and added into the database.

The second is denoted as thk-means clusteringmodel (Model 2), in which the
k-means clustering algorithm is employed to classify the existing data points into
k numbers of clusters. The initial centroids are selected by the-means++ [225],
and then an iterative procedure is performed to determine optimal clusters[212].
The database will be extended if the con guration encountered during MD does not
belong to any cluster.

The third is denoted as theGaussian model (Model 3) in which the density of
data space is described with multiple Gaussian distributions[213]. This model is
constructed as follows and more details are illustrated in Sl. First, thke-th Gaussian
distribution is represented with the mean vector , and covariance matrix , and
the percentage of th&k-th Gaussian distribution (denoted asPy) are initialized using
the k-means clustering based on the existing data points. Second, the probability
of a con guration x; in the k-th Gaussian distribution, denoted asPpx; P kq is
expressed as

o PkNormpx;| «; «Qq |
« PcNormpxi| «;  «Q

Ppxi Pkq (2.12)

where Normpxi| «; kqdenotes thek-th Gaussian distribution. The Py, ¢ and
are then recalculated based oR px; P kgfor all existing con gurations in the current

database, leading to the updated values d?px; P kg The iterative procedure is
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repeated until P¢ is unchanged for all Gaussian distributions or the maximum step
is reached. Finally, a new con gurationx encountered during MD is checked using

Pmxq =~ PNormx| «; «G (2.13)
k

and added to the database iP pxqis smaller than the pre-determined threshold.
2.2.3 Gradient boosting

Once the database is extended during MD simulations on the ML-predicted PES,
the ab initio QM/MM potential energy of the additional con guration should be
calculated as the reference value, and the current QM/MM ML model should be
updated to explore broader regions on PES. Here we applied the component-wise
gradient boosting algorithm[208] for reoptimization. The feature of gradient boost-
ing is to add some weak models (called as the base learner) to the existing ML
model to build a stronger model. No matter how complicated the initial ML model
is, only the base learner is necessary to be optimized to correct the errors of the
existing model. In other words, the choice on base learner for reoptimization is
independent of the previous construction, indicating the high e ciency of reopti-
mization regardless of the complexity of the initial ML model. Generally, the base
learner is very simple, e.g., the linear functions in this work, so the computational
cost of on-the- y reconstructions on ML model during ML-driven MD is low. In con-
trast, frequent reoptimizations on a complicated ML model with either microiteration
[194, 193, 195, 105] or macroiteration [104] procedure are usually time-consuming.

Here is the basic procedure of component-wise gradient boosting algorithm[208]:

1. De ne the loss functionLpy;f pxqq the base learnethpxq ax b, and the
databasepx;;yiqincluding n samples, where; is the p-dimensional input vari-

able andy; is the reference value for the-th sample.
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2. Initialize the prediction modelf pxg
3. Form 1 to Mggp:

BLW;fm lp(qq
Bfm 1p(q

(a) Compute the negative gradient of the loss functiom
as the residue at them-th step.

(b) Fit the residue r using di erent one-dimensional base learnerispx; g re-
spectively, wherex; is the component of thep-dimensional input variables,

andj varies from 1 top.

(c) Compare the RMSEs using di erent base learners and choose the best one
ashn 1Xq

(d) Build the boosting model asf,pxq fm 1q hn 1XG
4. Determine the nal prediction modelf pxqthrough early stopping technique.

At step 3, P I0;1sis the shrinkage parameter that reduces the signi cance of every
boosting step in order to slow down weak learning and avoid early over tting. It is
set as 0.01 in this work. The early stopping technique[209, 210] is applied to select
the prediction model with the best performance on the testing set.

The whole procedure of our method is demonstrated in Figure 2.1. At the initial-
ization stage, MD simulations with di erent values of .4, and e were performed
at the SQM/MM level to construct the initial database. The initial models, including
the QM/MM ML model, the output-check model, the k-means clustering model and
the Gaussian model, were optimized based on the database. In the update stage,
the direct QM/MM MD combined with our ML model was implemented. One of
the three approaches, that is, the output-check model, thle-means clustering model
and the Gaussian model, was employed to check the validity of the predictions. If

the con guration was identi ed as a new data point, the potential energy and forces
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at this step would be calculated using the low-level SQM/MM model. This data
point would be added to the ML database unless another con guration within the
previous 100 MD steps had been selected. Then the QM/MM ML model would be
updated with the gradient boosting technique. At the nal stage, MD simulations
were performed with the updated QM/MM ML model, and the nal properties of
interest such as SFE at the approximate ab initio QM/MM level were calculated

using Eq 2.11.

Figure 2.1 : The owchart of solvation free energy calculation with ML-based
QM/MM MD simulations.

2.2.4 Computational details

To calculate the solvation free energy (SFE), the solute molecule was solvated
in a cubic water box of 64 64 64 A 3 and treated as QM subsystem. The
surrounding water molecules were treated as MM subsystem. The TIP3P water
model [60] was applied under periodic boundary condition. The cuto distance for
nonbonded interactions was set as 1& The self-consistent charge density functional
tight binding with second-order formulation and MIO basis (DFTB2/MIO)[226, 227]
was employed as the low-level SQM model, and the DFT method with the B3LYP
hybrid functional[228, 229] and the 6-31G(d) basis set was employed as the high-level

ab initio QM model. The soft-core potential was used to describe the van der Waals
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(vdW) interaction between QM and MM subsystems and expressed as [169]

Eé?vIV\;MM Pvawd 4 vaw , ] i
iPQM j PMM
) (2.14)

i ij .
pl vdwq2 |? ri? pl vdwq2 S ri? ,

wherer; is the distance between QM atom and MM atom j, and are the
potential well depth and vdW radius, which were chosen from the CHARMM22
force eld[34] in this work, gy IS the switching parameter varying from O to 1
for thermodynamic integration, and is the soft-core parameter as 0.5 in this
work. For each system, 21 MD simulations were performed to calculate the SFE
with thermodynamic integration, which includes 11 trajectories with e 0.0
and yqw 0:0;0:1; 0:2; 0:3; 0:4; 0:5; 0:6; 0:7; 0:8; 0:9; 1.0 and 10 trajectories with
vdw 1.0 and ¢e 0:1;0:2;0:3; 0:4; 0:5; 0:6; 0:7; 0:8; 0:9; 1:0. For the low-level
DFTB2/MIO/MM and high-level B3LYP/6-31G(d)/MM simulations, the total time
of each MD trajectory was 110 ps, which consists of 10 ps of equilibration and
100 ps of sampling. In the initialization stage of QM/MM ML, 50 con gurations
were randomly selected from each trajectory of DFTB2/MIO/MM MD simulations.
Then the B3LYP/6-31G(d)/MM potential energies of all 1050 con gurations were
calculated in order to build the initial database. In the subsequent QM/MM ML
simulations, the total time of each MD trajectory was 110 ps, which consists of 50 ps
in the update stage and 60 ps in the nalization stage. For all MD simulations, the
integration time step was set as 1 fs, and the system temperature was maintained
at 300 K using a Langevin thermostat.[230] All simulations were implemented using
the in-house QM4D program[231] combined with GAUSSIAN 03 program for DFT

calculations[232].
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2.3 Results and Discussion

2.3.1 Quality of QM/MM ML models

Six small organic molecules, acetic acid, acetamide, acetone, benzene, ethanol
and methylamine, were investigated to demonstrate our new approach. The self-
consistent charge density functional tight binding with second-order formulation and
MIO basis (DFTB2/MI0)[226, 227] was employed as the low-level SQM model, and
the DFT method with the B3LYP hybrid functional[228, 229] and the 6-31G(d) basis
set was employed as the high-level ab initio QM model. First, we randomly selected
about one thousand con gurations from low-level QM/MM MD trajectories and
assigned them as the training and testing sets to construct the initial QM/MM ML
model. Second, we screened the optimal hyperparameters for symmetry functions
and power spectrum. For symmetry functions, theR., Rs and were set as 6
A, 0 A and 1.0, respectively. The and are dependent on elements, which are

shown in Table 2.1. For power spectrum, thdR; is 9 A, and the Nnax, Imax» Rn

Table 2.1: Hyperparameters (bohr?) and of Symmetry Functions for Di erent
Elements of Six Molecules.

Molecules
C H O N C H @) N

Acetic acid 0.20 0.60 0.10 1.00 1.00 0.05
Acetamide 0.30 0.60 0.05 0.05 0.40 0.05 1.00 0.05

Acetone 0.70 0.20 0.20 0.05 0.05 0.05

Benzene 0.70 0.05 0.90 0.05

Ethanol 0.20 0.60 0.05 1.00 0.05 0.05
Methylamine 0.05 0.40 0.30 0.05 0.05 0.05

and are displayed in Table 2.2. Note that di erentn P 11;npaxsand | P 10; [haxS
can be chosen for QM and MM subsystems. Finally, the linear regression model was
optimized using the component-wise gradient boosting algorithm[208] combined with

the early stopping techniques[209, 210]. The reliability of the QM/MM ML model is
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Table 2.2: Hyperparameterfmax, Imax, Rn (A) and  (A?) of Power Spectrum for
Six Molecules.

QM MM
Nmax  lmax  Rn{N Nmax Imax Ra{nN
Acetic acid 4 4 0.5 4 2 20 0.3

Molecules

Acetamide 4 4 0.5 4 2 20 0.5
Acetone 4 4 0.5 4 2 20 0.2
Benzene 4 4 0.5 4 4 20 05
Ethanol 4 4 0.5 4 2 20 0.8

Methylamine 4 4 0.5 4 2 20 03

shown in Table 2.3. The root mean squared errors (RMSES) for high-level QM/MM
potential energies in all cases are lower than 0.7 kcal/mol. The correspondiQj
values vary from 0.56 to 0.91, most of which are larger than 0.7.

Table 2.3: Root Mean Squared Errors (kcal/mol) and)? Values (in Parentheses) for
Six Molecules.

Molecules Symmetry Functions Power Spectrum

training testing training testing

Acetic acid  0.60 0.57 (0.81) 0.31  0.42 (0.90)
Acetamide 057 054 (0.66) 0.37  0.49 (0.72)

Acetone 0.44 0.46 (0.56) 0.28 0.34 (0.75)
Benzene 0.32 0.35(0.82) 0.20 0.26 (0.91)
Ethanol 0.65 0.66 (0.70) 0.36  0.53(0.80)

Methylamine 052  0.51 (0.83) 0.55  0.68 (0.70)

2.3.2 Results from initial QM/MM ML

The values of solvation free energies were calculated based on MD samplings using
three QM/MM models as DFTB2/MIO/MM, B3LYP/6-31G(d)/MM and the initial
QM/MM ML model, that is, the DFTB2/MIO/MM model with ML corrections on
the basis of the initial training data. All MD samplings using DFTB2/MIO/MM and
B3LYP/6-31G(d)/MM models were repeated by 11 times, respectively, and the stan-

dard deviations of SFEs for all systems are between 0.1 and 0.7 kcal/mol. As shown
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(a) Symmetry Functions

Acetic acid Acetamide Acetone

Benzene Ethanol Methylamine

(b) Power Spectrum

Acetic acid Acetamide Acetone

Benzene Ethanol Methylamine

Figure 2.2 : Comparison of the ML-predicted energiesgP®?) with the QM refer-
ence E'"") with (a) symmetry functions and (b) power spectrum.
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in Table 2.4, the di erences of results between DFTB2/MIO/MM and B3LYP/6-
31G(d)/MM are signi cant, varying from 1.6 to 6.1 kcal/mol. The results with
QM/MM ML are very close to the reference in the major part of all testing examples,
except the simulations on acetamide, acetone and ethanol with symmetry functions
and methylamine with power spectrum. Specially, we terminate MD trajectories
for acetamide, acetone and ethanol using symmetry functions once a convergence
problem on electronic structure calculations takes place, which indicates that some
unphysical con gurations are encountered because of the insu cient samples on the

present ML database.[104]

Table 2.4: Solvation Free Energies (kcal/mol) from MD Simulations with QM/MM
Methods and Initial QM/MM ML Models.

Initial QM/MM ML

Symmetry Functions Power Spectrum

Molecules  DFTB/MM B3LYP/MM

Acetic acid 5:0 75 7.0 7.8
Acetamide 9.0 121 | @ 114
Acetone 2:3 4:3 | 2 4:3
Benzene 0 0:6 1.0 11
Ethanol 1.0 4:8 | @ 5:0
Methylamine 09 52 53 432

a4 MD trajectories are terminated.

2.3.3 Results from updated QM/MM ML

To address this issue, we rst tried two existing detecting methods, boundary of
input variables and uncertainty analysis on a ML ensemble. These methods were rst
applied to the three cases whose MD trajectories are terminated without updating
QM/MM ML models, to validate whether the detecting methods are eligible to select
new con gurations. With boundary of input variables, MD trajectories of those three
cases become normal. However, with uncertainty analysis on a ML ensemble, even

though MD trajectories of acetamide and acetone become also normal, the MD
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trajectory of ethanol is still terminated, since we could nd that two ML models
have similarly poor predictions on some con gurations. Hence, uncertainty analysis
on a ML ensemble is not appropriate in this work. Next, the boundary of input
variables was applied to all cases and QM/MM ML models were updated on the

y, whose results are displayed in Table 2.5. All calculated solvation free energies

Table 2.5: Solvation Free Energies (kcal/mol) and Percentages of New Con gurations
(in Parentheses) Using Boundary of Input Variables.

Molecules  Symmetry Functions Power Spectrum

Acetic acid 6:8 (3.0%) 6:5 (59.4%)
Acetamide 114 (2.7%) 11:3 (61.3%)
Acetone 3:9 (1.6%) 3:8 (59.0%)
Benzene 0:2 (1.2%) 0:2 (56.8%)
Ethanol 4:1 (3.1%) 4:3 (61.1%)
Methylamine 4:2 (1.6%) 2:9 (57.6%)

are within the chemical accuracy to the high-level results, except methylamine with
power spectrum, which will be explained later. However, even though the percentages
of new con gurations for symmetry functions are low, the percentages for power
spectrum are too high (around 60%), which is unacceptable because such frequent
updates, even with gradient boosting, are computationally expensive. Therefore,
more e ective detecting methods are desirable.

To solve this problem, the QM/MM ML model is updated based on three models,
that is, the output-check model, thek-means clustering model and the Gaussian
model, respectively. These models for detecting new con gurations were also updated
every 1, 30 and 50 new data points encountered for output-cheékmeans clustering
and Gaussian model, respectively. 10 clusters and 10 Gaussian distributions were
applied for k-means clustering and Gaussian model, respectively. All MD samplings
using QM/MM ML models were repeated by 5 times to obtain average values and

standard deviations of SFEs. The results from the updated QM/MM ML models
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are displayed in Table 2.6 . First, the aforementioned terminated MD trajectories
can all be continued using the updated QM/MM ML models. Second, the SFEs
calculated with all models are close to the reference values. One exception is the
simulations on methylamine with power spectrum. Compared with the results at the
ab initio QM/MM level as -5.2 kcal/mol, the nal SFE predicted with our updated
QM/MM ML models is about -2.5 kcal/mol. However, it is much better than the
results of -43.2 kcal/mol using the initial ML database as shown in Table 2.4. On
the other hand, the simulations on methylamine with modi ed symmetry functions
lead to more accurate results, indicating that the errors of power spectrum may
result from the higher dimensionality of input variables, which may be more sensitive
to small con gurational changes and inconsistent with the simple linear regression
model. Therefore, for the simplicity ML model, the symmetry functions could be
the more appropriate choice as input variables. Finally, in the update stage only
the few new con gurations are selected by both output-check(0:4%) andk-means
clustering (@ 2:0%) methods, while the Gaussian model can extract much more new
con gurations up to 40%. However, only a few cases of the Gaussian model have
large percentages and they are much less than those from boundary of input variables.
The three models lead to more e cient update, since the number of updating times
is the most expensive part for on-the- y calculations. The accuracy of SFEs using
the above three models is similar, so the model extracting lowest percentages of new
con gurations, that is, output-check model, is suggested among the three models.
Since 50 ps of MD simulations are enough in the update stage and the percentages
of new con gurations are less than 2% for Model 1 and 2 and usually less than
10% for Model 3, the present method appears to be more e cient than the adaptive
QM/MM-NN reported by our group recently[104], in which 30-50% con gurations
were observed as new data points using the initial ML model and 150-250 ps of
MD samplings were required for reconstructing the NN model. In addition, the
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update scheme in this work is more e cient than on-the- y retraining because of the

characteristic of gradient boosting.

Table 2.6: Solvation Free Energies (kcal/mol) and Percentages of New Con gurations
Sampled (in Parentheses) Using Three Detecting Models.

Symmetry Functions Power Spectrum
Model 1 Model 2 Model 3 Model 1 Model 2 Model 3

Acetic acid  6:8 (0.3%) 67 (1.1%) 7.0 (20.3%) 69 (0.4%) 68 (1.0%) 7.3 (6.2%)
Acetamide 114 (0.1%) 113 (1.2%) 116 (16.0%) 109 (0.2%) 109 (0.9%) 117 (3.8%)

Molecules

Acetone 36 (0.1%) 39 (1.1%)  38(5.0%) 39 (0.2%) 38 (1.0%) 39 (5.7%)
Benzene 03 (0.2%) 02 (2.0%) 03 (1.8%) 02 (0.3%) 05 (1.6%) 0.6 (4.4%)
Ethanol 46 (0.1%) 46 (1.3%) 43 (40.0%) 40 (0.4%) 40 (1.0%) 46 (9.8%)

Methylamine ~ 3:8 (0.4%) 40 (1.7%) 45 (7.2%) 24 (0.4%) 22 (1.3%) 25 (10.2%)

2.4 Conclusions

In summary, we developed a novel machine learning method combining with addi-
tional models to identify new con gurations encountered during MD and the gradient
boosting algorithm to update the ML models with an increasing database. The sol-
vation free energies were calculated based on the direct QM/MM MD simulations
on the ML-predicted PES. Two types of input features, namely, modi ed symmetry
functions and power spectrum, and three approaches to identify new data points,
namely, the output-check model, thek-means clustering model and the Gaussian
model, were all implemented and employed. We concluded that the ML methods us-
ing linear regression and modi ed symmetry functions should be updated during MD
simulations to achieve robust and accurate results. All three approaches to detect
new con gurations are reliable, and the output-check model is recommended based
on e ciency. The ML models with linear regression tting and power spectrum
meet more challenges, so we suggest modi ed symmetry functions for the simple ML
model. However, power spectrum could be employed for more complex ML model
such as neural network and it is more systematically generated. The gradient boost-
ing algorithm makes the procedure to update the QM/MM ML models much more
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e cient. The present machine learning method for direct QM/MM MD simulations

not only achieves the high-level ab initio QM/MM accuracy and low-level SQM/MM

e ciency simultaneously, but also provides a systematic, robust and e ective way
to update ML models on-the-y. Applying this procedure to various complex ML
models such as the high-dimensional neural network and Gaussian kernel should be

promising for exploring new chemistry using ML-based simulations.
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3

Neural Network Force Fields for QM/MM vdW
Interaction

3.1 Introduction

Van der Waals (vdW) interaction is ubiquitous and greatly important in various
natural process[233], such as protein folding[234, 235], stability of materials[236, 237],
hydrophobic e ects[238, 239], formation of crystal[240, 241], gecko standing on the
ceiling[242, 243], and supramolecular self-assembly[244, 245]. Two primary ingre-
dients, repulsion and dispersion, contribute to vdW interactions.[246, 247] On the
one hand, repulsion arises from the Pauli exclusion principle, which o ers a repul-
sive force to keep molecules apart especially for short distance.[248] On the other
hand, dispersion contributes the attraction, which results from the interactions of
instantaneous multipoles, that is, the uctuations of electron density.[249] These
origins determine that the vdW interaction is quantum mechanical (QM) in na-
ture, which means many-body e ect is extremely important for better description
of the vdW interaction.[250] However, the vdW interaction is hard to be compre-

hensively considered in calculation. Some QM methods such as the popular density

33



functional theory (DFT) lack of considerations for dispersion.[251] Di erent types of
approaches were proposed to address this issue, for examples, dispersion corrected
pseudopotentials[252, 253], pairwise additive corrections[254, 255], environment-
dependent corrections[256, 257, 258, 259], long-range density functionals[260, 261],
and methods beyond pairwise additivity[262, 263].

Molecular simulations are widely used to approximately mimic the real reac-
tion and better understand the microscopic information of chemical processes.[264]
Considering the tradeo between accuracy and e ciency for complex systems,
the combined quantum mechanics / molecular mechanics (QM/MM) method, rst
developed by Warshel, Karplus and Levitt[67, 68], has quickly developed and
broadened its applications in recent decades.[95, 175, 70, 176, 177, 179] However,
one of the components, the QM/MM vdW interaction, receives less investigation
than other parts in the QM/MM method. Even though some methods, such
as the charge-dependent exchange-repulsion and dispersion model[265, 266] and
the density-dependent dispersion-repulsion model[267, 268], were developed to im-
prove the QM/MM vdW interaction, it is generally expressed with the MM force
eld[269, 69, 270, 271], such as the Lennard-Jones potential[272], because of its sim-
plicity and e ciency. The parameters of the vdW force eld are usually optimized to
reproduce some experimental properties, e.g., liquid densities, enthalpies of vaporiza-
tion, and solvation free energies[273, 274, 171], but di erent parameters hardly a ect
thermodynamic properties[275]. Designing a vdW force eld based on experimental
data is challenging because the data-to-parameter ratio is insu cient and experimen-
tal data re ect averages over an ensemble of conformations.[276] In contrast, using
QM calculation as reference results in a better one-to-one mapping of conforma-
tions. The key obstacle for this approach is to extract vdW contributions from QM
results. The feasible solution is symmetry-adapted perturbation theory (SAPT),

which treats intermolecular interactions as small perturbations.[277, 278, 279] It
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is free of basis set superposition error, which occurs in the supermolecular ap-
proach, and it provides separated contributions for intermolecular interactions, from
which the vdW interaction can be obtained as the summation of exchange-repulsion
and dispersion.[280] Some force elds regarding intermolecular interactions, such as
charge penetration[281, 282], charge transfer[283] and vdW[284], were successfully
developed based on SAPT.[285] For the Atomic Multipole Optimized Energetics for
Biomolecular Applications (AMOEBA) vdW force elds, the bu ered 14-7 potential

is optimized using SAPT as reference.[284] However, the vdW force eld still relies
on a pairwise additive form at MM level, which fails to include many-body e ect.
Many-body e ects are pivotal to increase the accuracy of QM/MM vdW interaction
from MM level to QM level. Improving the form of traditional pairwise additive
force elds is therefore a signi cant issue.

Recently, machine learning (ML) techniques have been developed in a miracu-
lously speed and applied in numerous aspects related to chemistry[100, 286, 287],
such as improving ab initio QM theories[288, 289, 290, 291], constructing ac-
curate potential energy surface[126, 185, 292, 293], and predicting structures or
reactions[294, 295, 296, 297]. Because ML shows relatively good accuracy, compu-
tational cost and versatility simultaneously, it also becomes an appealing approach
to improve the accuracy of force elds.[110, 122] One approach is to generate new
parameters for force elds using ML, for examples, parametrizing the non-bonded
parameters of AMOEBA force eld with genetic algorithm[115], optimizing parame-
ters of reactive force eld (ReaxFF) withk-nearest neighbor and random forest[298],
and predicting electrostatic parameters of CHARMM general force eld with neural
network (NN)[116]. Another way is to construct ML models as force eld, such as
the ANI-1 force eld[131] and ML force elds for nanocluster[299], water[135] and
protein[300], which achieves the accuracy at the level of QM level with the similar

speed as MM force elds. In addition, Zhang et al proposed a combination of ML
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model with the classical MM force eld, named adaptive modeling method, which
divides a system into ML, MM and transition regions.[301] ML has already been
applied in QM/MM molecular dynamics (MD), mainly for correcting the QM and
QM/MM electrostatic interactions to ab initio QM/MM level[134, 104, 302], but no
attention has been paid to the QM/MM vdW interaction.

In this work, we build a NN force eld for the QM/MM vdW interaction to
correct two-body interaction and consider many-body e ect, because NN has strong
capability to learn and predict[210] and its form is far beyond pairwise additive
potential. We develop a new NN architecture, named QM-NN/MM-NN, for QM/MM
ML model, and a new input feature, named center of mass based ngerprint, to

describe the non-bonded interaction.

3.2 Methods

3.2.1 Neural network architecture for QM/MM

As Figure 3.1(a) shows, the atomic NN structure[126] containing two hidden
layers is used to describe atomic energies. For each atgmatomic NN receives input
variablesf Gjg and outputs the atomic energyE;, and the hyperbolic tangent acts

as non-linear function in this work, represented as[210]

N;j Nk N .
E; ! i tanh Wijk tanh Wijki GJI bjk hj h; (31)
i1 Kk 1 |1

whereN;, Ni and N; are total number of nodes in the input layer, the rst hidden
layer and the second hidden layer, respectivelyy , wijx and w; are weight pa-
rameters for connecting the input layer, the rst hidden layer and the second hidden
layer to next layers, respectively,by , bj and b are bias parameters for the rst
hidden layer, the second hidden layer and the output layer, respectively, ar@j is
the j -th input variable in fG;g.
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A QM/MM con guration, whose vdW energy is described by NN, is composed
of a vdW dimer including an organic molecule and a water molecule as QM part,
and the other water molecules as the MM environment. Two approaches are then
applied here to obtain total vdW energy of a con guration, which is the summation
of atomic energies from NN. The rst approach uses one atomic NN for each atom in
QM region, denoted as QM/MM-NN, as shown in Figure 3.1(b). The input variables
generated from QM and MM parts are combined together for a NN, which is a general
way to represent the atomic energy as some other work did.[134, 104, 302] Figure
3.1(c) illustrates the second approach, which separates the input variables calculated
from QM and MM parts, so two NNs, one for QM and one for MM, are used for
each QM atom, denoted as QM-NN/MM-NN. In this case, the atomic energy for an
atom is the combination of atomic energies from NN for QM input variables and NN
for MM input variables. This approach can avoid the information between QM and
MM shared too early in the rst hidden layer, but instead merge the energies from

NN for QM and NN for MM after the output layer.
3.2.2 Center of mass based ngerprint

Since input variables are signi cant for NN to achieve good learning and predic-
tion, input features that describe well vdW dimers surrounded by water environment
are desirable. In this work, we propose input features used for non-bonded interac-
tion, named center of mass ngerprint (COMF). For a vdW dimer composed of an
organic molecule and a water molecule, the COMF for the QM region is constructed
based on element and the COMF for the MM region considers atoms in MM environ-
ment altogether. Assuming QM1 denotes the organic molecule and QM2 denotes the

water molecule, andC,and C, are center of mass for QM1 and QM2, respectively,
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Figure 3.1 : The architecture of NN. (a) Atomic NN structure; (b) QM/MM-NN;
(c) QM-NN/MM-NN.

the QM COMF of atom i in QM1 for element X such as C, H, O, and N in QM2 is
Ginl;x > e AnMi rnqucrfij 02 BiP cai mfzj; (3.2)
jPQM23j X
and the MM COMF of atom i in QM1 is

5

Ginl e Anprij fnqucprij e BiPcyi '(fq1 (33)

j PMM
wheren and | are hyperparameters related to radial function and angular function,
respectively,r, and | are roots of Laguerre polynomials determined by and I,
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respectively,r is the distance between atom andj, c,; is the angle formed by
center of mas<C,, atom i and atomj, Z; and g are the nuclear charge and the point

charge of atomj, respectively,fprj; gis the cuto function with the form of[264]

$
. 3 4 5
& Fij Fij Fij .
1 10 — 15 — 6 — = ryor
femriq y re re re I ‘. (3.4)
°0; N i T

wherer . is the pre-determined cuto distance,A, has the relationship withr, sug-
gested by Hamilton and Light[303, 304] and successfully used in NN for protein force
eld[300], which is

Yo
o i1
L 4r(;12q2
AAi , ——: 1 i n; (3.5)
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%gn M 1q2; ! n

wherec is a hyperparameter, andB, is similarly obtained with respect to ;.

The COMF has advantages compared to other existed input features such as
symmetry function[126] and power spectrum[121]. The symmetry function requires
three-body calculations for angle, which is highly time-consuming when calculating
input variables for numerous water molecules in MM environment, while COMF
selects the center of mass as a reference point, which decreases the computational
cost by reducing the three-body calculations to two body. The COMF has a form
similar as power spectrum, except that the spherical harmonics in the power spectrum
are replaced by angular Gaussian function. The power spectrum is extremely useful
in many situations but this revision is important for non-bonded interaction since the
angle formed by an atom in one QM molecule, an atom in another QM molecule and
the center of mass of another QM molecule can better capture angular information

than spherical harmonics for the vdW dimer separated with certain distance, as
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demonstrated by the results comparing these two input features later.
3.2.3 QM/MM vdW force elds with NN

Reference energies for all con gurations in the database were calculated at the
level of SAPT2+/aug-cc-pVDZ, selected from some benchmark studies[305, 306], in
the PSI4 program[307]. The vdW energy was obtained from the results by summing
over exchange-repulsion energy and dispersion energy. However, the vdW energy has
a wide range, from 1 kcal/mol to 10* kcal/mol, for all separations of vdW dimers.
Directly using the original vdW energy to train NN is therefore not appropriate since
the errors for small energy and large energy are di cult to be trained at the same

level. Here a strategy to scale the vdW energy was applied, which is

#
EvdW; EvdW a1

Es” INEWq 1. EVW 1’ (3.6)

so that the vdW energies of medium-range or long-range vdW dimers are maintained
while the vdW energies of short-range vdW dimers are scaled to the magnitude of
10 kcal/mol, which emphasizes the accuracy of small vdW energies more. With this
scaling approach, the small vdW energies are predicted by NN in the actual accuracy
but the large vdW energies are predicted in the scaled accuracy, which are enlarged
after scaling to the original magnitude. Even though the absolute error for large vdwW
energies might be large, the vdW energies are still large enough and the repulsive
property is unchanged. The large absolute error is therefore acceptable and the
better indicator is mean absolute relative error (MARE), which is more reasonable
for both small and large vdW energies. The NN force eld aims to achieve accuracy
at SAPT2+ level with cheap computational cost, but the MARE is already lower
than 0:10 for vdW dimers whose separations are larger than/owhen predicted by
Lennard-Jones potential, so Lennard-Jones potential can still be applied to the long-

range separations for simplicity. The nal QM/MM vdW model can be expressed
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as
Egunv  fIcEgumm 1 frasEgunm (3.7)
where EZVIN is the NN force eld, Egiiy  is Lennard-Jones potential, and prq

is the switching function[264] represented by
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wherer; and r, are switching separations, which can be set asf6and 7 A, respec-

tively. We focused on building NN force eldE i\ in this work, which contributes

to vdW energies for vdW dimers separated less than A, so the database is com-
posed of those con gurations. Six organic molecules, acetic acid, acetamide, acetone,
benzene, ethanol, and methylamine, were included in the database, containing 7200
con gurations in total, in which 5760 con gurations were used for training and 1440
con gurations were used for testing. The NN force eld was constructed by us-
ing TensorFlow packages[308]. The mean absolute error, together with L1 or L2
regularization penalties, was used as loss function, which was optimized with the
Adam algorithm[309], and the best NN force eld was selected after 50000 epochs

optimization.
3.2.4 Computational details

To obtain con gurations from molecular dynamics (MD), the organic molecule,
which is the QM subsystem, was solvated in a cubic water box of 6464 64 A3
containing more than 8000 water molecules, which were treated as the MM subsys-

tem. The total potential energy was represented by[204, 302]
C G

Etot Hov e GV Edivm P vawd  Emm; (3.9)
iPMM
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whereH gy, is the Hamiltonian of the QM subsystem, ¢ and ,qw are two coupling
parameters for electrostatic and vdW interactions that control the state between vac-
uum and solution, respectivelyg is the charge of MM atomi, V; is the electrostatic
potential on MM atom i generated from the QM subsystenkE gy is total energy for
the MM subsystem described by TIP3P water model[60], anEI(V?‘fVIV)’MM P vaw qis the
soft-core potential[169] for vdW interaction, which prevents numerical instability in

MD, expressed as

5 5

dw
Eommm P vawd 4 vaw i

iPQM j PMM
) (3.10)
i J :
il vaw @ i? ri? L vaw @ i(j5 ri? ’
where j, j andr; are the potential well depth, vdW radius and distance be-

tween atomi and j, and is the soft-core parameter. The self-consistent charge
density functional tight binding with second-order formulation and MIO basis
(DFTB2/MIO) [226, 227] was used as QM method, and the CHARMM22 force
eld[34] was employed as MM model. For each organic molecule, two MD simula-
tions were performed for 110 ps, in which the rst 10 ps was used for equilibrium
and the subsequent 100 ps was used for sampling. The rst simulation was set
with qe 1.0 and gw 1:0, which is the normal solvated state, and 1000 con-
gurations with di erent separation of vdW dimers were evenly selected from this
trajectory. The second one was set withge 0:0and gw  0:01, which is close to
the vacuum state but ,gw  0:01 ensures the organic molecule and water molecules
do not overlap, and 200 con gurations with closer separation of vdW dimers were
extracted from this trajectory. Note that a con guration is composed of a vdwW
dimer as QM region, including QM molecule and a water molecule, and other wa-
ter molecules inside cuto distance as MM region. The cuto distance was set to
12 A for non-bonded interactions. A Langevin thermostat[230] was used to main-
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tain temperature at 300 K and the integration time step was set as 1 fs for all MD

simulations, which were performed in the in-house QM4D program[231].

3.3 Results and Discussion

3.3.1 Force Field from QM/MM-NN versus QM-NN/MM-NN

Two aforementioned schemes, the QM/MM-NN and the QM-NN/MM-NN, were
used to construct the force eld and are compared here. A series of hyperparameters
n and | for QM and MM COMF input variables were selected to generate di erent
number of inputs, as Table 3.1 shows. For these four sets of hyperparameters from
the top to the bottom, the number of total inputs is 15, 28, 45, 80, respectively.
For each input set, two hidden layers were chosen as the NN structure and di erent
numbers between 4 to 64 were tried as nodes in a hidden layer, from which the
optimized NN model was extracted to obtain the results shown in Table 3.1. Note
that the data whose reference energies are lower than 0.01 kcal/mol can largely a ect
MARE but they have small mean absolute error as the data slightly larger than 0.01
kcal/mol, so the MAREs with or without those data are reported herein, but the
MARE without those data is a more appropriate indicator for the quality of NN. No
matter whether those data are considered or not, the MAREs for the training set
from the QM-NN/MM-NN and the QM/MM-NN are comparable, but the MAREs
for the testing set and the di erence between the training set and the testing set from
the QM-NN/MM-NN are smaller than those from the QM/MM-NN for each input
set, indicating that the QM/MM-NN is not as accurate as the QM-NN/MM-NN and
causes more over tting. In addition, when the number of inputs is increased, the
results for both NN models tend to become worse and more over tted. According
to the trained results, the optimized NN model is the QM-NN/MM-NN, in which
the nodes in hidden layer are 24 and 16 for QM NN and 4 and 4 for MM NN, with

the smallest input set ioy 3, lom 2, nwv  3,lum 1), because it o ers the
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lowest computational cost on input variables and retains excellent accuracy.

Table 3.1: MAREs for Data without Reference Energies Lower than 0.01 kcal/mol
(MAREs for All Data in Parentheses) with dierent n and|.

QM Inputs MM Inputs QM/MM-NN QM-NN/MM-NN

n | n | training testing new training testing new

3 2 3 1 0.14 (0.22) 0.18 (0.23) 0.37 (0.60) 0.15(0.19) 0.18 (0.22) 0.30 (0.55)
4 3 4 2 0.13 (0.19) 0.21 (0.70) 0.32 (0.64) 0.15(0.23) 0.20 (0.50) 0.30 (0.56)
5 4 5 3 0.13 (0.18) 0.25(0.61) 0.35(0.57) 0.17 (0.21) 0.23 (0.39) 0.31 (0.60)
8 4 8 4 0.18 (0.24) 0.31 (0.44) 0.35(0.59) 0.14 (0.19) 0.23 (0.41) 0.30 (0.53)

To assess the quality of a QM/MM vdW force eld, transferability is also a
signi cant criterion. Here, we generated a new database containing 9 organic
molecules, acetaldehyde, cyclopropane, dimethyl ether, dimethylamine, ethane, ethy-
lene, methane, N-methylformamide, and propene, which cover dierent types of
functional groups. For each molecule, 1200 con gurations were included in the
new database. For each input set, the MARE without low-energy data from the
QM-NN/MM-NN is better than that from the QM/MM-NN, and the similar trend
appears for the MARE with all data, except for the input set whem is equal to 5.
Moreover, the MARES for the new database are correspondingly larger than those for
the testing set of the old database. Even though the largest one could be 0.19 for the
QM/MM-NN with the smallest input set, the di erence of MARE is generally around
0.10, which is acceptable because the new database is completely di erent from the
old database. However, when the number of inputs is increasing, the MAREs for
the new database are almost stable although uctuated for both NN models, rather
than becoming much worse as occurred for the testing set of the old database. From
the investigation of the new database, the transferability of the QM/MM vdW force
eld is validated, and the QM-NN/MM-NN model with the smallest input set is
also selected as the optimized NN model based on the consideration of accuracy and

e ciency, which is same as the outcome from the results of the old database.
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3.3.2 Comparing NN force elds with LJ potentials

The QM-NN/MM-NN with the smallest input set (nom 3,lom 2, num 3,
Iwm 1) was selected as the nal optimized QM/MM vdW NN force eld, according
to the previous analysis. The NN force eld was rst compared with the Lennard-
Jones potential, which is widely used to represent the vdW interaction. The vdwW
energies range from 1:0 kcal/mol to more than 1¢* kcal/mol for di erent separa-
tions of vdW dimers, so Figure 3.2 demonstrates the accuracy of the Lennard-Jones
potential and the NN force eld in di erent ranges of reference energies. Accord-
ing to Figure 3.2(a) and Figure 3.2(b), the Lennard-Jones potential underestimates
vdW energies for the reference energies less than 10 kcal/mol, but the accuracy is
good for some negative vdW energies around 0.0 kcal/mol, which correspond to the
more separated, near long-range, vdW dimers. The underestimation results from the
excessive emphasis on the dispersive term for relatively long ranges in the Lennard-
Jones expression. From Figure 3.2(c), the Lennard-Jones potential can either over-
estimate or underestimate for the reference energies between 30 kcal/mol and 100
kcal/mol because of the random cancellation of the repulsion and dispersion at short
and medium ranges. When reference energies become very large, as Figure 3.2(d)
shows, the Lennard-Jones potential overestimates the energies a lot, which means
the repulsive term dominates for very short ranges. However, with the NN force
eld, the predicted energies are quite close to the reference energies for all ranges,
indicating that the NN force eld achieves much higher accuracy than the classical
Lennard-Jones potential.

In addition to the range of reference energies, the range of separation between
vdW dimers is also investigated. As shown in Table 3.2, the MAREs of all con gura-
tions and di erent 1 A ranges of separation from O to A are predicted by di erent

models. The Lennard-Jones potential has extremely large overall MARESs in both
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Figure 3.2 : Comparison of reference energies and predicted energies frofh to
(a) 1 kcal/mol; (b) 10 kcal/mol; (c) 100 kcal/mol; (d) 1000 kcal/mol.

the old and the new databases, which are at the magnitude of*and 10°, respec-
tively. According to the results from di erent ranges of separation, the short-range
(013 A)vdW dimers are the primary reason for the ridiculous MARES, which are
similar to the overall error. The MARESs for medium ranges (3 | 7 A) become much
lower, while they are still very large for the shorter parts (3 | 5 A). Even though the
MARE for the range of 5| 6 A is small enough (around 0.30), the prediction of the
Lennard-Jones potential is more accurate when the separation is larger, such as the
MARE of 0.09 for the range of 6 | 7 A, which is why only vdW dimers separated by
less than 7A were sampled and the longer separation could be well evaluated with

the Lennard-Jones potential.
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When the optimized QM-NN/MM-NN using COMF as input variables is applied
to the old database, the overall MARE is reduced to 0.20, which is excellent compared
to the results from the Lennard-Jones potential. The MARESs for the ranges of O |
3 A are all lower than 0.10, so the NN force eld highly improves the accuracy of
short-range prediction. For medium ranges, the MAREs for the ranges of 5 | A are
0.08, which is slightly better than those from the Lennard-Jones potential, and the
MAREs for the ranges of 3 | 5 A are less than 0.40, which has more improvement,
even though it is larger than the MARE for other ranges. Since the con gurations
whose reference energies are lower than 0.01 kcal/mol only appear in the ranges of 3
| 5 A, Table 3.2 displays the MARESs without those data in the parentheses, which
are 0.15 for all ranges, 0.25 for the range of 3 | 4A, and 0.26 for the range of 4 |
5 A. For the prediction on the new database, the overall MARE is increased by 0.35
compared to the prediction on the old database, or 0.15 if the data with tiny energies
are not considered. The increase is mainly from the worse prediction on the ranges of
0]4 A, inwhich the MARESs are increased by at least 0.18. Although the MARE
for the range of 4 | 5 A seems to increase a lot (0.46), the MARE for data without
small energies is only increased by 0.08. In addition, the MARESs for the longer part
of the medium ranges (5| 7 A) is only increased by 0.10, or even decreased, so the
NN force eld with COMF can be well transferred to di erent systems, especially

for the systems with longer separation.
3.3.3 Superiority of COMF as Input Variables

To verify the advantages of COMF, the QM-NN/MM-NN using power spectrum
as input variables was also constructed. The number of radial functiomsand radial
functions | were sampled from 3 to 8 and from O to 4, respectively. For each input
set, the nodes of hidden layer were selected with some numbers between 4 and 64,

and a series of QM/MM-NN and QM-NN/MM-NN models were trained with these
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hyperparamters. Finally, the optimized NN force eld with power spectrum was
determined as the QM-NN/MM-NN, which has 16 and 12 nodes for QM NN and 8
and 4 nodes for MM NN, with the input set ofngy 4, lom 4, Nym 4, and
Iwm 3. Asdisplayed in Table 3.2, when the optimized QM-NN/MM-NN with power
spectrum is applied to the old database, the overall MARE is 0.61 (0.36), which is
much worse than the NN force eld with COMF. The MAREs for the ranges of O |

5 A, more than 0.19 di erences compared to COMF, are the dominating parts which
lead to the inferiority. Although the MARESs for the ranges of 5| 7 A are larger
than COMF only by 0.10, the MARE for the range of 6 | 7 A is larger than that
from the Lennard-Jones potential, which means the QM-NN/MM-NN with power
spectrum is even not as good as the Lennar-Jones potential for long ranges, so the
training quality of NN force eld with power spectrum is far behind that with COMF.
Additionally, if the new database is predicted by the QM-NN/MM-NN with power
spectrum, the overall MARE becomes very unsatis ed, which is larger than 1. Not
only the MAREs for the ranges of 0 | 5 A are much worse than those from the old
database, the MARESs for the ranges of 5 | 7A are increased by more than 0.40 as
well. Therefore, the transferability of the QM-NN/MM-NN with power spectrum is
terrible, so it is very di cult to be used in various systems. Based on these results,
the COMF is more appropriate than power spectrum as input variables for describing

non-covalent interactions.
3.4 Conclusions

In summary, we have developed a NN force eld for the QM/MM vdW interac-
tions by improving two-body description and including many-body e ects, to achieve
the accuracy at the QM level but maintain the computational cost at the MM level.
The force eld uses the QM-NN/MM-NN model, which has one NN for the QM

subsystem and one NN for the MM subsystem, presenting higher accuracy and less
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Table 3.2: MAREs for All Data (without Reference Energies Lower than 0.01
kcal/mol in Parentheses) with LJ, COMF and Power Spectrum.

. Lennard-Jones COMF Power Spectrum
Separation @A)

old new old new old new

All 3:05 10° 214 10'° 0:20 (0.15) 055 (0.30) 061 (0.36) 180 (1.08)
0]1 1:08 1¢¢ 212 10 0:08 036 043 066
1]2 8 :62 10° 583 104 0:05 030 024 086
2|3 3:30 10 598 10° 0:06 024 025 Q80

3|4 5:21 335 032 (0.25) 114 (0.72) 095 (0.49) 202 (1.60)

415 4 57 362 039 (0.26) 085 (0.34) 121 (0.62) 365 (1.40)
5|6 0 :29 031 008 018 018 058
6|7 0 :09 009 008 Q07 018 088

over tting than the QM/MM-NN model, which only has one NN for the QM/MM
system. The COMF is proposed to serve as the input variables for the NN force eld,
because it describes the non-convalent interaction better than the widely used power
spectrum according to the comparison, and it has no time-consuming three-body
calculations compared to symmetry functions. The QM-NN/MM-NN with COMF
shows much higher accuracy than the traditional Lennard-Jones potential, and the
transferability to di erent molecules is also quite favorable.

We expect the current NN force eld can enhance the accuracy in many QM/MM
problems where the traditional MM methods are used for the QM/MM vdW interac-
tions, such as calculations of redox potential and solvation free energy. In addition,
the current work provides the QM-NN/MM-NN scheme, which can be applied to
other NN-based QM/MM developments, and the COMF descriptor, which can be

used as input variables for other problems involving non-convalent interactions.
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A4

Neural Network Force Fields for Proteins

4.1 Introduction

Molecular dynamics (MD) simulation is an e ective and widely used technique to
investigate proteins, such as protein folding and unfolding, protein-ligand binding,
and protein conformational and structural analysis.[3, 4, 5, 6, 13] One of the most
important factors that a ects the accuracy of results from MD simulations is the
choice of force eld.[24, 25, 26] For the relatively large protein systems, the tradi-
tional molecular mechanical (MM) force elds computationally outperform quantum
mechanical (QM) or QM/MM force elds because they have much simpler energy
representations. The potential energy described by MM force elds usually consists
of bond energy, angle energy, dihedral energy, improper dihedral energy, non-bonded
energies such as electrostatic energy and van der Waals energy.[46] The parameters
of all energy terms are generally tted to experimental data, such as macroscopic
properties and sepctroscopic and crystallographic data, and quantum mechanical
(QM) calculations.[47] Four major families of force elds, AMBER[30, 31, 32, 33],
CHARMMI[34, 35, 36, 37], GROMOSJ[38, 39, 40, 41], and OPLS[42, 43, 44, 45],
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are widely used in MD simulations, and many methedological improvements have
increased the applicability of these force elds over the years. In addition to the tra-
ditional xed-charge MM force elds, the polarizable force elds were developed to
account for polarization [48], based on uctuating charges[49], Drude oscillators[50],
inducible dipoples[51], and methods including multipole electrostatics[52].

Even though the current protein force elds are applicable to many problems, they
are still not perfect and can fail in some situations[310, 311]. For examples, protein
folding pathways and thermodynamics cannot be identi ed very well[312, 313], and
the strength of protein-water interactions is not well balanced compared to protein-
protein interactions[273, 314]. In addition, most force elds struggle to simulate in-
trinsically disordered protein (IDP), which is lack of well-de ned three-dimensional
structures but has full functionalities[315, 316]. Since an IDP can only be character-
ized with an ensemble of exible interconverting conformations, the MD simulation
approach is preferred compared to di cult experimental methods[317, 318, 319],
which suggests the urgency of more accurate force elds. The current force elds
generally generate too compact ensemble of IDP[320, 321, 322, 323], and two
types of strategies were typically applied to improve force elds for IDP[324, 325].
The rst one is adjusting backbone dihedral or CMAP parameters to avoid high
propensity of secondary structures for -helix or -sheet, such as 14IDPSFF[326],
CHARMMS36IDPSFF[327, 328], OPLSIDPSFF[329], RSFF2C[330], and ESFF[331].
The second strategy is re ning protein-water interactions by adjusting non-bonded
parameters to achieve better description of protein-water interactions, such as a99SB-
UCBJ[332], 03ws[314], and KBFF[333, 334, 335]. Moreover, speci c coarse-grained
force elds were also developed for IDP[62, 336], such as AWSEM-IDP[337] and
MOFF-IDP[338]. With the continuous development of force elds, the simulation
results for IDP were improved but there are still unsolved issues, such as the limita-
tion to study the post-translation modi cations in IDP and the di culty to obtain
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balanced local structural features and global structural features[325, 318]. This strug-
gle is due to the simplicity and limitation of force eld forms in MM representations.
According to an investigation on the structural reorganization energy de ned by the
energy di erence between the MM optimal structure and the QM optimal structure,
the reorganization energies with the major AMBER, CHARMM, GROMOQOS, and
OPLS force elds are all large, which suggests that the MM force eld forms need to
be improved.[339]

Recently, machine learning technique have been widely and successfully in-
tegrated into force eld development because of its capability to describe po-
tential energy surface (PES) at high level of theory with low computational
cost.[110, 111, 112, 113, 114] The two major classes of machine learning force elds
are kernel-based methods and arti cial neural networks (NN). The prediction from
kernel-based method depends on the number of data in dataset, which is not suit-
able for long-time MD simulations if the dataset is large. NN-based potentials were
widely developed and used in MD simulations, and two categories of NN were mainly
used. One is descriptor-based NN, which needs the user-de ned descriptors as in-
puts, such as high-dimensional NN potential[126, 127], ANI[131], TensorMol[132],
deep potential[133], QM/MM-NNJ[134, 104], and embedded atom NN[136, 137]. An-
other is end-to-end NN, for which the inputs are the raw Cartesian coordinates and
nuclear charges rather than descriptors, and the examples include message-passing
NN[140], deep tensor NN[141, 142], SchNet[143, 144], and PhysNet[145, 146]. Ma-
chine learning provides a powerful and promising way to develop force elds at QM
accuracy with excellent e ciency.

Despite the success of machine learning force elds in plethora of chem-
ical problems, including electronic e ects, thermodynamics, reactions, and
spectroscopies,[119] the development of transferable and scalable force elds for pro-
tein is still very challenging because of the following reasons. First, to obtain plenty
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of data for training of machine learning model, the calculation of QM reference en-
ergy is infeasible for protein since the protein could have thousands of atoms. Second,
the size of protein for MD simulations could range from short peptides to large pro-
teins, which increases the di culty to train a general machine learning force eld
that is applicable to di erent systems. To address these issues, the fragmentation
methods can be utilized to systematically express the total energy of large systems
with the individual energy of small fragments.[340] Some common fragmentation
methods include divide and conquer[341], many-body expansion[342, 343, 344, 345],
systematic molecular fragment (SMF)[346, 347, 348], e ective fragment potential
approach[349], electrostatically embedded generalized molecular fractionation with
conjugate caps (EE-GMFCC)[350, 351, 352, 353], X-pol method[354, 355, 356, 357],
and energy-based fragmentation method[358, 359]. In 2019, Hao and Yang developed
residue-based systematic molecular fragmentation (rSMF) to enable the construction
of general fragments for any proteins, and the neural network force eld (NNFF) was
trained on glycine and alanine dipeptides to demonstrate the transferability to mixed
alanine and glycine polypeptides.[300] More machine learned force elds based on
similar fragmentation methods were developed[360, 361, 362], but a comprehensive
and transferable force eld which can be applied on general protein simulations is
still not available.

In this work, we apply rSMF method to obtain fragments that are trained with
NN and develope a NNFF based on CHARMM force eld, named CHARMM-NN.
The CHARMM-NN is based on atom types and the input features are similar to
the variables in CHARMM energy terms, such as bonds, angles, dihedrals, and non-
bonded features, which is highly compatible with the original MM simulations. The
CHARMM-NN is rst validated by the geometric data and strctural reorganization
energies, and more simluations of peptides and proteins are performed to test the
quality of this force eld.
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4.2 Methods

4.2.1 Residue-based systematic molecular fragmentation

Based on the original SMF method, the residue-based systematic molecular frag-
mentation (rSMF) was developed by Hao and Yang in 2019[300], which generates
fragments that can be applied to any proteins. The fragments are based on amino
acid residues, and di erent levels of rSMF can be applied. The rSMF at level 1
generates dipeptides, de ned by 1 side chain group and 2 peptide bonds, as the basic
fragments. Higher level of rSMF can be applied to increase the accuracy of fragmen-
tation, but the sampling e ort, as well as the computation of QM energies and forces,
will increase dramatically. Therefore, the rSMF used in this work is at level 1. Using
the rSMF method, a protein with N residues capping with an acetyle (ACE) group
on N terminus and a N-methyl amide (NME) group on C terminus can be divided
into N dipeptides andN 1 ACE-NME fragments. As an example, a tripeptide P
is fragmented as Figure 4.1, where Aand A, are the corresponding dipeptides for
each amino acids in the tripeptide, and ACE-NME is the peptide bond between;A
and A;.

Figure 4.1 : The fragmentation of a tripeptide with rSMF at level 1.

The test of rSMF method on homogenous and heterogenous alanine and glycine
polypeptides suggests that this method can provide stability of errors with increasing

size, which is highly desirable and necessary in protein force eld development since
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the protein size could be arbitrarily large. Based on this behavior, we construct
NN models for the ACE-NME fragment and 24 dipeptide fragments, including 3
dipeptides for di erent protonation states of His (Hse, Hsd, Hsp), 2 protonated state
of negative charged amino acid dipeptides (AspH, GluH), and 19 other natural amino
acid dipeptides (Gly, Ala, Val, Cys, Pro, Leu, lle, Met, Trp, Phe, Ser, Thr, Tyr, Asn,
GIn, Lys, Arg, Asp, Glu ). Even though these fragments are enough for the some
proteins, many proteins contain the disul de bonds formed by two cysteines, which
cannot be described by the fragments. Therefore, to enable the applicability on
more proteins, we complement the rSMF method with 2 more fragments, one is
the dipeptide fragment of cysteine with SMe group connected to S atom, named
Cys-SMe, and another is dimethyl disul de (DMDS) fragment that accounts for the
overlap between two cysteines that form disul de bond. As shown in Figure 4.2,
the molecule of two cysteines connected by a disu de bond can be fragmented into
two Cys-SMe dipeptides and a DMDS fragement. The CHARMM-NN includes 27

fragments in total, and each fragment has its own NN model.

Figure 4.2 : The fragmentation of two cysteines connected by a disul de bond.

The hydrogen atoms are capped to the broken bonds according to

: ro r } )
XpHq xpq Hmﬁq Xpags (4.1)

where xpH g is the coordinates of capping hydrogen atomxpq and xg q are the
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coordinates of atom i and atom j that form the bond to be broken in forming the
fragment, respectively,rpqg rgg and rpH g are the standard covalent radius for
elementi, j, and H, respectively. Since the NN is trained on the di erence between
QM energy and MM energy, the total energy of a protein witln amino acid residues,

denoted asP", can be represented as

ErP"s . EnnrAis ; 1ENN rpACE-NMEgs a Enn IDMDS;s EynP"s (4.2)
i1 i1 i1

The NN correction energy is the sum of energies of all dipeptide fragments minus
the energies from ACE-NME and DMDS, and the total energy is the sum of MM
energy and the NN correction energy. The approximation is because the non-bonded
interactions between the the capped hydrogen atoms and other atoms in the dipep-
tide fragment and ACE-NME fragment are not completely same, even though the
additional bond, angle, and dihedral energy terms that is related to the capped hy-
drogen atoms can be exactly canceled each other. Based on this approximation, we
can run normal MD simulations with C36m force elds and apply the additional
correction from NNFF, which is very convenient to be integrated into any existing

MD programs without the requirement to modify many core codes.
4.2.2 Atom type based NN and MM based input features

For each fragment, the total correction energy from NN is the sum of atomic NN

energy, expressed as

n m
ExurAs ExnFG| g (4.3)

i 1j 1
wheren is the total number of atom types in fragment A,m is the number of atoms
for atom type i, E\, is the NN energy for atom typei, and G} is the input vectors

for atom j in atom type i. The atom types are exactly the same as the atom types
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in CHARMM force elds for each fragment. For an example, since glycine dipeptide
has atom types NH1, H, CT2, HB, CT3, HA, C, O, the atomic NN with these 8 atom
types are trained. The input featuresGJi are also obtained based on atom types, and

they are similar to the variables in MM potential energy terms, represented as

Gj tdj; jicos j  2sin 2 X5 YU (4.4)

whered; is the vector of bond lengths containing atom, ; is the vector of angles
containing atomj, and ; is the vector of dihedral angles containing atom. Two
more input variablesX; and Y; are the inputs accounting for electrostatic and van

der Waals interactions, expressed as

> 1
X —; (4.5)
L
and
s 2
Yi pr_—cf; (4.6)
koK

wherek are the atoms that does not form bond, angle and dihedral angle with atom
j in the fragment, andrj is the distance between atonj and atom k. For the
example of CT3 atom type in glycine dipeptide, theal; inputs contain the CT3-NH1,
CT3-HA, and CT3-C bonds, the j inputs contain the NH1-CT3-HA, HA-CT3-HA,
HA-CT3-C, CT3-NH1-H, CT3-NH1-C , CT3-C-O, CT3-C-NH1 angles, and the
inputs contain the HA-CT3-NH1-H, HA-CT3-NH1-C, HA-CT3-C-NH1, HA-CT3-
C-O, CT3-NH1-C-O, CT3-NH1-C-CT2, CT3-C-NH1-H, CT3-C-NH1-CT2 dihedral
angles. The total number of input variables for glycine CT3 atom type is thereby 28,
including 3 bonds, 7 angles, 16 variables for dihedral angles, and 2 non-bonded input
variables. The input features for other atom types and other fragments are obtained
similarly. Using the MM based input features can reduce the computational cost
not only because of its simplicity, but also because it can be directly obtained or
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derived from every step MD simulations when those MM variables are calculated.
Therefore, the atom type based NN and MM based input features are extremely
compatible to the MD simulations with MM force elds, which is the baseline before

the NN correction is applied.
4.2.3 Computational details

In this work, the C36m force elds[37] were used for all MM calculations and
B3LYP-GD3BJ/6-31+G(d)[363, 228, 364] were used for all QM calculations. To
construct the dataset for all fragments, two strategies were combined. First, normal
mode sampling (NMS)[131, 365, 366] were performed on the dataset of stationary
points for all fragments. The initial data were constructed from two approaches. In
the rst approach, 24 dipeptide fragments were extracted from the NOMAD dipep-
tide dataset that is optimized with PBE+vdW method[367], and the Cys-SMe inital
structures were obtained by replacing the hydrogen atoms with SMe groups for all
Cys dipeptides. The initial structures of all dipeptide fragments were optimized with
B3LYP-GD3BJ/6-31+G(d) and the similar structures were removed based on root
mean square deviation (RMSD) and energy. For the two connecting fragments, op-
timization resulted in 2 and 1 local minima for ACE-NME and DMDS fragments,
respectively. This approach provided the initial conformers at local minima or sta-
tionary points. In the second approach, the backbone dihedralsand were each
constrained into 20 windows, leading to 400 windows for dipepitde fragments, and
20 windows were obtained by constraining the C-C-N-C and C-S-S-C dihedrals for
the ACE-NME and DMDS fragments, respectively. The QM optimizations were
performed with the constraints to obtain the 400 and 20 optimal structures at each
window for dipeptide fragments and connecting fragments, respectively. This ap-
proach provided the conformers that span the whole conformational space. From

the QM optimization for the initial structures from the two approaches, the normal
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mode coordinates and the corresponding force constants can be obtained, and the
NMS were performed according to ANI-1 work[131]. The displacemeRt for normal
mode coordinatei was calculated as

c__
3GNks T

R.
| KI 1

4.7)

where ¢ is the uniformly distibuted random number for normal mode coordinate
with the constraint that the sum of all ¢ is between 0 and 1, and\, is the number

of atoms in the fragment, kg is Boltzmann's constant, T is the temperature, and
K is the force constant of normal mode coordinate The sign is determined based
on a Bernoulli distribution with probability equal to 0.5. The new structures were
obtained by apply the displacements on the optimized structures, and the maximum
perturbation distance allowed along each normal mode is 0.26 During the gener-
ation of non-equilibrium structures with NMS, the structures that are similar to all
previously accepted structures were not accepted, if the RMSD 0:0075N A[368],
whereN is the number of heavy atoms used to calculate RMSD. Second, the adap-
tive samplings based on the disagreement of NN ensemble were performed to sample
more comprehensive data points. For each fragment, two NNs were trained, and
were used to predict energies in MD simulations. The prediction discrepancy of two

NNs is calculated by
b

E PE: E pE: EQ; (4.8)

where E; and E, are the predicted energies from the rst NN and the second NN,
respectively, andE is the average predicted energy of two NNs. Ifg is larger than a
pre-de ned tolerance, the structure is considered as new data point and added to the
dataset. Several cycles of adaptive samplings were performed to ensure the NN is not
encountering many new con gurations in MD simulations. For the MD simulations

in adaptive samplings, the temperature of 500 K was used to ensure NN can be safely
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used in the MD simulations at 300 K.[119] The parameters of MD simulations are
described as follows. The Verlet cuto scheme[369] was used for neighbor searching.
The cuto for short range coulomb interaction and van der Waals interaction were
set to 1.2 nm, while the force switch was performed for van der Waals interaction
with the switch distance starting at 1.0 nm. The smooth particle mesh Ewald (PME)
method[370, 371] was applied to calculate long-range electrostatic interaction, with
0.16 nm Fourier grid spacing and cubic interpolation. Velocity rescaling[18] was used
for temperature coupling and the time constant for coupling was set as 0.1 ps. To
control pressure at 1 bar, Parrinello-Rahman barostat[22] was used with isotropic
pressure coupling. The time constant for pressure coupling was set as 2 ps and
the compressibility was set as:% 10 ° bar . The periodic boundary condition
(PBC) was applied in all directions. The leap-frog integrator was used with the 0.5
fs integration step because of high temperature, and no constraint was added to the
bonds involving hydrogen. The simulation time was set as 15 ns, and the two new
structures obtained from NN prediction uncertainty were set to be at least 5 ps away
from each other to avoid high correlation[302].

After new data were sampled from each cycle of NMS and adaptive samplings,
the MM and QM single point energies and forces were calculated and the NN models
were trained on the updated dataset. The dataset was divided into training set
and testing set, with around 90% data for training and 10% data for testing. For
the atomic NN architecture, two hidden layers were used for each atom type in all
fragments. The nodes of the hidden layers were determined di erently for di erent
sizes of fragments, which are 16, 24, or 32 for heavy atoms and 8, 12, 16 for hydrogen

atoms. The loss function contains the energy and force contributions, de ned as

5 a 5
L pEiref EiNN ? m“:iref FiNN I’g b ! j2; (4.9)
i : j

where a is the relative weight of force in training with respect to energyN; is the
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number of atoms in molecule, bis the hyperparameter for regularization term that

is aimed to prevent over tting, and ! ; are the NN parameters. Thea was set as 1 in
this work, and the hyperparameterb was searched with di erent values in training

to obtain the best results. All NN training were performed in TensorFlow[308]. The
input features were scaled based on the maximum values such that the the range
in is r0; 1s and the reference energies were translated by subtracting the average
values. The Adam algorithm[309] was used to optimize the NN models with the
default parameters, for which the learning rate is 0.001 and the exponential decay
rates for the rst and second moment estimates are 0.9 and 0.999, respectively. The
forces of NN were calculated with the automatic di erentiation. The training was
based on mini batches, in which the batch size is a hyperparameter that could be
64, 256, or 1024. The maximum number of epochs is 50000, and the early stopping
was employed based on the testing error to alleviate over tting.

All MD simulations to test CHARMM-NN on dipeptides, peptides and proteins
were performed in the modi ed GROMACS 2021.6[372], in which the NN correc-
tions were calculated with TensorFlow C API, and all QM energies and forces were
calculated by Gaussian 16[373]. The basic MD parameters, such as cuto scheme,
temperature coupling and pressure coupling, are the same as what they were set in
the adaptive samplings. In the simulations to validate CHARMM-NN, the bonds
involving with hydrogens were constrained by LINCS algorithm[15] with fourth or-
der and one iteration. The integration time step was therefore set as 1 fs or 2
fs. All systems were rst solvated by creating a cubic water box with the length
of longest distance in the protein plus 2 nm bu er, and neutralized with enough
sodium or chloride counter-ions. Next, the solvated systems were minimized with
steepest descent algorithm and equilibrium with a 500 ps NVT simulation followed
by a 1 ns NPT simulation. Starting from the QM-optimized structures, the con-

formers of all dipeptides were minimized with steepest descent algorithm for up to

61



50000 steps for C36m and CHARMM-NN. The structural reorganization energies
were calculated by subtracting the energy at the last step of minimization, which is
the MM-optimized structure, from the energy at the rst step of minimization, which

is the QM-optimized structure. For the simulations of Glyg, Alas, Val; and Alay, the
total simulation time was set as 1 s, in which the rst 100 ns was discarded, and the
coordinates were saved every 10 ps. Tlecoupling constants were calculated with

Karplus equations and the parameters were extracted from the Graf et al work[374].

4.3 Results and Discussion

4.3.1 Training quality of CHARMM-NN

The CHARMM-NN training and testing accuracy are measured with root mean

squared error (RMSE), de ned as

d

1.
E RMSE W FEiref EiNN q2; (410)

[

and
¢ 1 1
F RMSE ﬁ m“:iref |:iNN|2; (4_11)
[

whereN is the number of samples, an®R?;de ned as

o

. _FE‘ref E-NNCf.
R* 1 IrElref Elrefqz’ (4.12)
i M= i

where E®' is the average the reference energies for sampleThe training quality

of CHARMM-NN is shown in Table 4.1. For the smallest fragment DMDS, the
RMSEs of energies and forces for training and testing sets are below 0.2 kcal/mol
and around 1.0 kcal/mol/A, respectively, and theR? for the testing set is 1, which
shows the best training accuracy across all fragments. Another connecting fragment

ACE-NME also has relatively low error of energies and forces, which are below 0.5
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Table 4.1: RMSEs of Energies and Forces for Training Set and Testing Set aRd
for Testing Set from CHARMM-NN. (E: kcal/mol, F: kcal/mol/ A)

E train Ftrain Etest Ftest R?

ACE-NME  0.44 1.71 0.49 1.84 0.99
DMDS 0.16 1.05 0.13 093 1.00

Gly 0.57 2.08 0.78 216 0.99
Ala 0.67 2.09 0.85 2.16 0.98
Val 0.86 2.29 1.09 2.37 0.98
Cys 1.04 2.53 1.29 264 0.98
Pro 0.74 2.18 1.02 2.29 0.97
Leu 0.84 2.16 1.12 2.27 0.97
lle 0.84 2.20 1.06 2.28 0.98
Met 0.90 2.23 1.18 2.27 0.97
Trp 0.80 2.30 1.15 232 0.98
Phe 0.84 2.70 1.12 277 0.98
Hse 0.91 2.28 1.23 235 0.97
Hsd 0.83 2.25 1.13 2.28 0.98
Cys-SMe 0.96 2.30 1.30 247 0.97
Ser 0.81 2.29 1.00 235 0.98
Thr 0.89 2.47 1.14 264 0.97
Tyr 0.88 2.83 1.22 292 0.97
Asn 0.90 2.53 1.19 2.64 0.98
GlIn 0.91 2.34 1.17 237 0.97
Lys 1.34 3.00 2.08 3.79 0.96
Arg 1.35 2.81 1.86 297 0.97
Hsp 0.73 2.16 1.07 2.20 0.99
Asp 1.04 2.92 1.80 3.35 0.98
Glu 1.07 2.91 1.68 3.50 0.98
AspH 0.89 2.42 1.13 247 0.98
GluH 0.90 2.35 1.15 2.34 0.96

Average 0.86 2.35 1.16 248 0.98

kcal/mol and 2.0 kcal/mol/ A, respectively. For dipeptide fragments, the errors of
energies and forces are typically larger. The errors are lower for neutral dipeptides
compared to the charged dipeptides. For the simplest dipeptides Gly and Ala, the
RMSEs of energies and forces for testing set are below 1.0 kcal/mol and equal to
2.16 kcal/mol/ A, respectively, which are smaller than other neutral dipeptides. The

RMSEs of energies for other neutral dipeptides are between 1.0 kcal/mol and 1.3
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kcal/mol, and the RMSEs of forces are in the range af:2; 3:0s kcal/mol/ A. For

the negative charged dipeptides Asp and Glu, the errors are slightly higher, for
which the energy errors are around 1.8 kcal/mol and the force errors are around 3.5
kcal/mol/ A. The positive charged dipeptides Lys and Arg have similar behaviors,
and the Lys dipeptide has the largest error among all fragments. For Lys dipeptide,
even though the RMSEs of energies and forces for testing set are 2.08 kcal/mol and
3.79 kcal/mol/ A, respectively, theR? is equal to 0.96, which still demonstrates the
goodness of tting. The average RMSEs of energies and forces are 0.86 kcal/mol
and 2.35 kcal/mol/A for training set, respectively, and are 1.16 kcal/mol and 2.48
kcal/mol/ A for testing set, respectively, with the R? equal to 0.98. Overall, the

training of CHARMM-NN is accurate for all fragments.
4.3.2 Dipeptides

Next, we examined the performance of CHARMM-NN on dipeptides. One typical
system is alanine dipeptide, which has many conformations and received systematic

studies[375]. The graphical structure of Ala dipeptide is shown in Figure 4.3. We

Figure 4.3 : Structure of Ala dipeptide fragment with labels on atoms.

rst compare the geometric information optimized from C36m, CHARMM-NN and
B3LYP. As displayed in Table 4.2, the CHARMM-NN outperforms C36m in on

all three Ala conformers, C{, C7., and C5. Most angles and dihedrals angles
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from CHARMM-NN are closer to the B3LYP geometries compared to C36m, and
almost all bonds optimized from CHARMM-NN are better than C36m. The large

Table 4.2: Geometric Data from C36m, CHARMM-NN, and B3LYP on Three Typ-
ical Alanine Dipeptides, CZy, C7x, and C5.
CTeq CTx C5
C36m CHARMM-NN B3LYP C36m CHARMM-NN B3LYP C36m CHARMM-NN B3LYP
Dihedral angles (degree)

-77.1 -78.9 -82.3 78.0 75.9 734  -158.1 -159.5 -158.1
71.3 73.6 74.5 -56.8 -55.8 -56.1 161.5 161.7 161.8
11 178.2 179.4 -178.7 174.0 174.5 175.4 179.3 178.8 178.2
12 -179.7 -175.4 -174.7  -179.3 -177.8 -178.6  179.2 179.0 177.4
Bonds (A)
C4-C5 1.481 1.517 1.515 1.480 1.519 1.516 1.482 1.519 1.518
C5-N7 1.341 1.361 1.360 1.343 1.360 1.358 1.337 1.360 1.361
C5-06 1.224 1.236 1.236 1.225 1.237 1.237 1.223 1.231 1.232
N7-C9 1.449 1.467 1467 1.457 1.473 1475 1.441 1.450 1.449
C9-C11 1.543 1.525 1523 1.547 1.537 1535 1.545 1.542 1.540
C9-C12 1.530 1.551 1.548 1.524 1.543 1.544 1.516 1.531 1.533
C12-013 1.229 1.231 1.231 1.228 1.232 1.233 1.230 1.231 1.232
C12-N17 1.346 1.356 1.356 1.346 1.352 1.351 1.348 1.356 1.355
N17-C19 1.444 1.456 1.454 1.444 1.452 1.453 1.445 1.456 1.457
N7-H8 0.992 1.012 1.011 0.993 1.010 1.010 0.996 1.014 1.015
N17-H18 1.002 1.018 1.017 1.004 1.017 1.019 0.994 1.011 1.010
Angles (degree)
C4-C5-N7 117.0 116.5 116.4 116.4 116.3 116.1 116.8 115.8 115.9
C5-N7-C9 123.6 123.2 1231 126.1 125.9 126.8 122.6 122.0 122.2
N7-C9-C12 1129 110.7 110.0 114.0 1135 1142 108.3 107.0 107.1
C9-C12-N17 116.9 114.4 1140 1175 116.2 116.6 1175 115.4 115.7
C12-N17-C19 122.8 121.7 121.4 1229 121.8 121.3 121.8 121.7 121.7

corrections occur on C4-C5 and C5-N7 bonds, for which the bond lengths from
C36m are generally much smaller than B3LYP structures, and C9-C11 bond, which
typically has large bond length with C36m.

Besides the geometric evaluation, we also compared the relative potential ener-
gies and reorganization energies between C36m and CHARMM-NN force elds. As
shown in Table 4.3, six Ala conformers, G§, C7., C5, (, 2;and 1 were calcu-
lated because the optimization with B3LYP can be obtained for these conformers so
that direct comparison can be executed. The optimized backbone dihedrals from QM
calculation are shown in Table 4.3 for all conformers. According to B3LYP calcula-
tions, the C7q4 conformer has the lowest energy, which are selected as the baseline

for comparison, and the relative energies are listed in Table 4.3, in which the C5
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Table 4.3: Potential Energies (kcal/mol) with Respect to C&and Structural Reor-
ganization Energies (kJ/mol) with Respect to B3LYP Reference.

relative potential energies reorganization energies
Conformers (, )
C36m CHARMM-NN B3LYP C36m CHARMM-NN

C7¢ (-82.3, 74.5)  0.00 0.00 0.00 16.99 1.71
C7x (73.4,-56.1) 1.27 2.13 2.10 14.03 2.10
C5 (-158.1, 161.8) -0.67 1.75 1.62 12.63 1.37

L (69.0, 22.3) 4.18 5.10 5.30 22.49 1.57

2 (-105.3, 9.8) 1.21 3.12 3.13 20.35 2.39

1(-166.3, -43.1) 5.41 6.80 6.80 31.55 0.93

and !conformers have the lowest and the highest relative energy, respectively. For
the conformers minimized with C36m, the errors of relative energies are between 0.8
kcal/mol and 1.4 kcal/mol for C7,, ., and *conformers compared to B3LYP. For
C5 and , conformers, the errors are up to 2.29 kcal/mol and 1.92 kcal/mol, re-
spectively, and the C36m optimized C5 tends to be slightly stable than G Using
CHARMM-NN, the relative energies are extremely consistent with B3LYP results
for all conformers, and the largest error is only 0.2 kcal/mol. The accurate relative
energies from CHARMM-NN demonstrate that the local minima on the PES of Ala
dipeptide are close to QM PES, which can be very important for the simulation
samplings being similar to QM results. In addition to the relative potential energies,
we also compared the reorganization energies between C36m and CHARMM-NN for
these six conformers of Ala dipeptide. In Table 4.3, we can observe that the reorga-
nization energies with respect to B3LYP are from 12.63 kJ/mol to 31.55 kJ/mol for
C36m, but only between 0.93 kJ/mol and 2.39 kJ/mol for CHARMM-NN. The min-
imized structures from CHARMM-NN are much closer to B3LYP optimal structures
than C36m.

In adition to the few tests of reorganization energies for Ala dipeptides with re-

spect to B3LYP, which is the reference QM method that the CHARMM-NN is trained
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on, more thorough validations of the reorganization energies were performed on the
YMPJ conformer database[376, 377], which includes the conformers of dipeptides op-
timized with MP2/cc-PVTZ. As shown in Table 4.4, the 14 neutral dipeptides have
di erent number of conformers at energy minima. For C36m, the reorganization en-

Table 4.4: Number of Energy Minima and Average Structural Reorganization Ener-
gies (kJ/mol) with Respect to MP2/cc-PVTZ reference structures.

NO. minima C36m CHARMM-NN

Ala 10 32.72 7.07
Asn 12 36.76 7.40
Cys 23 36.83 7.36
GlIn 20 41.55 10.25
Gly 8 24.33 6.87
lle 24 39.63 7.70
Leu 26 37.83 10.02
Met 56 41.37 12.07
Phe 26 39.34 10.15
Pro 5 33.10 7.07
Ser 23 35.94 7.10
Thr 17 42.96 8.13
Tyr 16 42.04 6.72
Val 14 39.88 7.38
Average 38.82 9.01

ergies for almost all dipeptides are larger than 30 kJ/mol, except for Gly dipeptide
(24.33 kJ/mol), which is the smallest dipeptide. The reorganization energies can
be higher than 40 kJ/mol for GIn, Met, Thr and Tyr dipeptides. For CHARMM-
NN, the reorganization energies for most dipeptides are below 10 kJ/mol, except for
GIn, Leu, Met and Phe dipeptides. The Met dipeptide, which includes the most
number of conformers, has largest reorganization energy (12.07 kJ/mol), but it is
still much better than C36m results. The average reorganization energy for C36m is
38.82 kJ/mol, which is close to the work from Kenig and Riniker[339]. Even though
the CHARMM-NN is trained with B3LYP, it outperforms C36m on the dataset of

MP2/cc-PVTZ as well, and the average reorganization energy is only 9.01 kJ/mol.
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The low reorganization energy with respect to QM is critical to the obtain accurate
thermodynamic properties like free energy that are close to QM, since the expected
variance is exponentially related to the reorganization energies for the free-energy

estimation.[339]
4.3.3 Pepetides and proteins

To validate the performance of CHARMM-NN in MD simulations, theJ -coupling
constants were calculated from the MD simulations for Gly Alas, Val; and Alay,

and the results are shown in Table 4.5. For Gly the most J-coupling constants

Table 4.5: J-coupling Constants (Hz) for Gly, Alas, Valz and Alay (n: No Experi-
mental Values).

3JpHn H g 3JpHy;Clg *JpH (Clg *0pChClg *JpHN;C g NN;C g 2IpN;C g *JpHy;C g

residue 2 CHARMM-NN 6.04 0.49 4.27 0.77 2.26 11.03 7.77 0.61
Glys Exp 5.89 1.10 4.01 0.26 n 12.17 10.45 0.78
residue 3 CHARMM-NN 6.04 0.48 4.24 0.78 2.28 11.17 7.67 0.59
Exp 5.87 0.99 3.90 n n 12.77 9.05 0.61
residue 2 CHARMM-NN 6.7 1.62 2.69 0.91 1.56 10.44 7.12 0.47
Alas Exp 5.68 1.13 1.84 0.25 2.39 11.34 9.14 0.70
residue 3 CHARMM-NN 6.88 1.73 2.43 0.98 1.53 10.50 7.05 0.49
Exp 6.52 1.29 2.14 n 2.02 11.47 8.45 0.65
residue 2 CHARMM-NN 8.25 2.77 2.61 1.70 0.67 9.71 6.92 0.56
Vals Exp 7.94 0.58 2.42 0.34 1.38 10.80 8.35 0.77
residue 3 CHARMM-NN 4.18 3.15 3.37 1.02 0.66 11.00 7.22 0.21
Exp 7.91 1.01 2.45 n 1.40 11.02 7.80 0.75
residue 2 CHARMM-NN 6.49 1.54 2.84 0.86 1.61 10.43 7.10 0.46
Exp 5.62 1.15 1.87 0.19 2.36 11.39 9.17 0.68
Ala, residue 3 CHARMM-NN 6.57 1.57 2.55 0.87 1.64 10.40 7.09 0.47
Exp 5.89 111 1.95 n 2.24 11.33 8.56 0.60
residue 4 CHARMM-NN 6.89 1.61 2.72 0.95 1.53 10.44 6.95 0.47
Exp 6.56 1.26 2.24 n 1.99 11.53 8.37 0.60

are close to the experimental value for residue 2 and residue 3. The largest error
is on2JpN; C g which has deviation of 2.68 Hz and 1.38 Hz from experiments for
residue 2 and residue 3, respectively. However, the experimental values 10.45 Hz
and 9.05 Hz can never be obtained because the maximum value is less than 9 Hz
with the parameters for Karplus equation. For Ala, the deviation for 2JpHy;H g
3JpH ;Clg and 3JpHy; C garound 0.8 to 1.0 Hz for residue 2, but they are much
better for residue 3. OtherJ-coupling constants have similar error for residue 2
and residue 3, and the largest deviation is 2.02 Hz gd pN; C qfor residue 2. For
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Vals, the 3JpHy ;H qis pretty good for residue 2 with the di erence of 0.31 Hz, but
it is terrible for residue 3, which has error of 3.73 Hz. In contrast, théJpN;C g
and 2JpN; C ghas a better agreement with experiments on residue 3 compared to
residue 2. For Ala, the results are similarly to Ala; that the 3JpHy;H ¢ 2JpH ;CYg
and 3JpHy ; C ghave less errors from residue 2 to residue 4. Overall, the Glyas
good results for allJ-coupling constants exceptJpN; C g The Alaz and Ala, have
similar results, suggesting that the simulations on systems with di erent sizes provide
stable results for CHARMM-FF. The results of Va} are good for some) -coupling
constants, but they can also have large error on others.

We also run several simulations on several folded proteins with CHARMM-NN.
The folded proteins we tested are ubiquitin (PDB: 1UBQ[378]), crambin (PDB:
1EJG[379]), GB3 (PDB: 1P7E[380]), and lysozyme (PDB: 135L[381]). As displayed
in Figure 4.4, the potential of mean force plots for the folded proteins are similar to
the normal Ramachandran plots. The dominating regions include region ( 160

20 and 120 50) in which the right-handed helix g ( 100

30 and 67 7 ) are sampled most, region ( 180 90
and 50 180 plus 180 90 and 180 120 plus 160

180 and 110 180), ppll region ( 90 20 and 50 180

plus 90 20 and 180 120), and  region ( 30 100
and 7 67 ).[37] The crambin and GB3 have almost all points located in these
regions, showing the reliability of CHARMM-NN on sampling conformational space.
However, the ubiquitin and lysozyme have several unfavored regions, the regions
with 100 120 for ubiquitin and the regions with 0 30 for lysozyme.
The not ideal results from the Ramachandran plots of some folded proteins and the
J-coupling constants of some peptides indicate that the CHARMM-NN is still not
perfect to be used for any proteins. The imperfection of CHARMM-NN is because of

the following reasons. First, it is only trained with all data in vacuum state and no
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Figure 4.4 : Potential of mean force along backbone dihedrals for four folded pro-
teins, a) ubiquitin; b) crambin; c) GB3; d) lysozyme.

background charges are included in QM calculations and NN inputs, which can only
approach the limit of accuracy at mechanical embedding QM/MM level. The protein-
water interactions are crucial to MD simulations for proteins. However, the protein-
water interactions cannot be included in the training of NN because the solvent
environment of small fragments is largely di erent from the solvent environment of
proteins, and no general sampling methods can be applied to sample enough small
fragments surrounding with solvent that resemble the actual solvent environment

in all proteins. Second, the non-bonded interactions between fragments are still
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calculated at MM level, which causes the CHARMM-NN corrections are imbalanced

on proteins.
4.4 Conclusions

In summary, we constructed machine learned force elds based on C36m force
elds, named CHARMM-NN, by using the rSMF method to generate the elemen-
tary fragments that can form any kinds of proteins. The dataset was generated and
enlarged by combining NMS and adaptive sampling based on prediction uncertainty.
The CHARMM-NN force elds use the atom-type based NN to calculate energies
and forces, and the input features can be obtained or simply derived from the tradi-
tional MM variables. The high compatibility between CHARMM-NN and MM force
elds enables the convenient implementation of CHARMM-NN to all MD programs
without the need of modifying core codes. The training error for CHARMM-NN
is low for all 27 fragments, and the validations on dipeptides demonstrate that the
CHARMM-NN can result in good geometric data similar to QM calculations and
much lower reorganization energies than traditional MM force elds. For the MD
simulations with CHARMM-NN on several peptides and proteins, some results are
acceptable but some results are not very good, suggesting that the CHARMM-NN
needs to be improved further. The future directions include considering comprehen-
sive solvent e ect in data samplings and constructing machine learned force elds to

describe non-bonded interactions between fragments.
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3}

Piecewise All-atom Steered Molecular Dynamics
Simulations on Luciferase

This chapter is mainly adapted from the following journal article,
Zhang, P.; Wang, D.; Yang W.; Marszalek, P. E. Piecewise All-Atom SMD Simula-

tions Reveal Key Secondary Structures in Luciferase Unfolding Pathway. Biophys.

J. 2020, 119, 2251-2261.
5.1 Introduction

Understanding the folding of proteins provides potential avenues for ther-
apeutic development in the treatment of various folding related diseases such
as Parkinson's[382, 383] and in potential methods to predict protein structure
from amino acid sequences[384, 385]. While the folding of small single domain
proteins has been well characterized theoretically[386, 387, 388, 389, 390, 391],
computationally[392, 393, 394, 395, 396, 397, 398, 399, 400], and experimentally[401,
402, 403, 404, 405, 406, 407], the folding of multi-domain proteins is less well char-
acterized although single-molecule force spectroscopy approaches have started to

Il this void[408, 409, 410, 411, 412]. Furthermore, various processes such as co-
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translational folding[410, 411, 413] and the interaction of protein substrates with
chaperones[414, 415] suggest complications to the picture of protein folding provided
by single domain protein folding studies[410, 413, 416].

One commonly used model system to study multidomain protein folding as
well as cotranslational folding and chaperone interactions is the 550 residue mul-
tidomain protein rey luciferase[391, 414, 417, 418, 419, 420]. It is known
that rey luciferase folds cotranslationally[418], displays di culty refolding after
denaturation[419, 421], and can experience accelerated refolding because of interac-
tions with chaperones[415, 417]. Although the mechanisms of re y luciferase folding
and refolding have been examined via thermodynamic experiments[417, 418] and sin-
gle molecule studies using force spectroscopy[408, 409, 422], the precise atomic-level
details of how various substructures in rey luciferase interact to produce prop-
erties such as mechanostability remain unknown because of di culties in achiev-
ing atomic-level resolution using experimental means[408, 409]. Obtaining these
atomic-level details, however, is crucial to understanding various phenomena such as
whether chaperone unfolding of rey luciferase by force in the \unfoldase" model
is a plausible mechanism for how chaperones aid rey luciferase refolding after
denaturation[423, 424]. To alleviate this problem, we used piecewise all-atom steered
molecular dynamics simulations to examine re y luciferase unfolding under force in
all-atom resolution.

All-atom molecular dynamics simulations provide a computational approach to
examine the details of protein dynamics in all-atom resolution. Such a description is
di cult to obtain via experimental means[393, 425, 321, 426, 427, 428, 429, 430, 431,
432]. To examine whether all-atom details would a ect the force-extension plots of
rey luciferase we utilized a piecewise approach for unfolding luciferase and con-
ducted all-atom steered molecular dynamics simulations on re y luciferase piece by

piece in a smaller water box { with around 460,000 atoms - based on a modi cation
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of a previously established methodology[392]. Normally, the complete mechanical
unfolding of large proteins such as luciferase using all-atom steered molecular dy-
namics simulations would involve setting up a very large water box. The large size of
the water box during steered molecular dynamics simulation is a result of the length
of the linear rey luciferase polypeptide after forced unfolding which drastically in-
creases the amount of water molecules needed to solvate the linear chain. Since the
length of an unraveled and stretched luciferase polypeptide is about 200 nm[433], the
minimum length of the water box for luciferase SMD calculations is around 200 nm,
totaling 1,700,000 atoms. This amount is doubled in the case of Gromacs 2018.2,
which requires the distance between the two pull points on the polypeptide chain
to not exceed one half the length of the water box. We note that much larger sys-
tems (exceeding 60 M atoms) have been simulated using all atom representations,
however such simulations typically require signi cant computational resources (such
as supercomputers)[434, 435]. Our approach reduces the demand on computational
resources and can be executed on a simple desktop with a single NVIDIA GTX 980
GPU within a reasonable amount of time (2 months for luciferase). Thus, using a
small water box and unfolding a large protein in a piecewise fashion not only reduces
the computational cost, but also can improve sampling statistics by increasing the
number of possible replicates for simulations. Furthermore, our modi cations to this
methodology allowed us to produce force-extension plots thereby making possible
the direct comparison of our piecewise steered molecular dynamics simulations with
both coarse-grained steered molecular dynamics simulations and experimental force
spectroscopy recordings of rey luciferase unfolding.

We conducted four separate piecewise all-atom steered molecular dynamics sim-
ulations of luciferase in a small water box and analyzed the consistency of these sim-
ulations with themselves and with respect to coarse-grained simulations that were
previously used to elucidate luciferase unfolding under force. In doing so we reveal
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that piecewise all-atom steered molecular dynamics simulations provide the same
overview of unfolding as coarse-grained simulations based on a native-contact model,
but also provide self-consistent extra details which cannot be properly modeled by
coarse-grained simulations. Furthermore, we identi ed distinct portions of luciferase
secondary structure which appear to provide the greatest contribution to luciferase
mechanostability. We then analyzed each of these portions to examine why these
speci ¢ secondary structures are likely to be important to luciferase unfolding under

force.

5.2 Methods

5.2.1 Piecewise all-atom pulling simulations

To validate the piecewise pulling method, a relatively small protein NI3C (PDB
ID: 2QYJ[436]) was studied. Since all-atom steered molecular dynamics simulations
which unfold the entire protein are still computationally expensive, we performed
piecewise pulling simulations with two di erent sized water boxes to examine whether
water box size would a ect the structural details produced by our all-atom steered
molecular dynamics simulations. For one piecewise all-atom steered molecular dy-
namics simulation, the size of water box was set as 8.08.0 25.0 nn¥, and for
another piecewise all-atom steered molecular dynamics simulation the water box was
setas 8.0 8.0 50.0 nn?. The simulations parameters were set to be identical to
those of the following luciferase steered molecular dynamics simulations.

For steered molecular dynamics simulations of luciferase (PDB ID: 1BA3[437]),
the size of the water box was set as 10.49.2  50.0 nn?, which remains unchanged
for all piecewise luciferase steered molecular dynamics simulations. The water box
was chosen based on coarse-grained steered molecular dynamics simulations and
was chosen because it was large enough to accommodate the rst unfolding event

(peak) identi ed by these simulations. A homology model was generated using Swiss
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Model[438], with the 1BA3 structure as a template, to Il in the two missing amino
acids (residues 197-198). All proteins were re-oriented such that the N-terminus and
C-terminus are aligned with the z-axis in order to pull along one of the cardinal
axes and to restrict the size of the water box. All simulations were performed in
GROMACS 2018.2[372] with the CHARMMS36 protein force eld[36] and the TIP3P
water model[60]. The systems were minimized until the maximum force is smaller
than 1000 kcal/mol and equilibrated for 100 ps before pulling simulations were con-
ducted. An integration time step of 2 fs was applied for both equilibration and pulling
simulations. The lengths of the bonds were constrained by the LINCS algorithm[15].
The ion concentration was set to be 0.15 M. The NPT ensemble was applied for
all pulling simulations. We used a Nose-Hoover thermostat, with a relaxation time
constant of 0.5 ps and a reference temperature of 300 K. To control pressure, we
used a Parrinello-Rahman barostat, with a relaxation time constant of 1.0 ps and a
compressibility of 4.5 10° bar?!. Isotropic pressure coupling was used with a ref-
erence pressure of 1.0 bar for coupling. The cuto s for short-range electrostatic and
van der Waals interaction were set to be 1.4 nm. Particle Mesh Ewald[370, 371] was
employed to calculate long-range electrostatic interactions and periodic boundary
conditions were applied. The Fourier grid dimension was set as 0.12 nm and cubic
interpolation was used for PME. The spring constant and the pulling velocity were
set as 6 pN/nm and 1 nm/ns, respectively based on previous system setups[408, 439].
Constant velocity pulling was used with a dummy atom anchored by a spring to the
C-alpha (C ) atom of the C-terminal residue of luciferase.

Since the performance of all-atom steered molecular dynamics simulations (SMD)
is adversely a ected by the size of water box, piecewise pulling was applied to address
this issue (see Figure 5.1). At the beginning, the Catom of the N-terminal residue
was chosen as the reference atom, and the @tom of the C-terminal residue was
chosen as the SMD pulling atom, on which a harmonic pulling potential was applied.
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Figure 5.1 : Change of SMD atom and reference atom during piecewise pulling
simulations (The black frame is the simpli ed sketch of water box).

For each piecewise pulling simulation, after a portion of luciferase was unfolded, the
new SMD pulling atom was changed to one of the Gatoms close to the folded portion
of luciferase. Similarly, we moved the reference atom whenever substantial unfolding
occurred near the N-terminus of luciferase. It is worth noting that if a protein's
extension becomes larger than half the size of the water box in the pulling direc-
tion, the SMD simulation will be automatically terminated in GROMACS 2018.2.
We changed the SMD pulling atom upon automatic termination of the simulation

by GROMACS 2018.2. After beginning the next piecewise pulling simulation, the
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previously mechanically unfolded portion of luciferase collapses while the remaining
folded portion of luciferase is being mechanically unfolded. This ensures the un-
folded luciferase in every piecewise simulation occupies less than half of the water
box. Therefore, we believe this approach presents signi cant precautions such that
it is reasonable to suggest that the unfolded portion of luciferase will never interact
with its images. For each piecewise simulation, the simulation time was set as 100
ns, but the simulation usually terminated early. After changing the SMD pulling
atom, the initial time of the new piecewise simulation was set as the nal time from
the previous piecewise simulation. This is used to produce the force-extension plot
as discussed later. The potential of the-th pulling simulation is represented as

U %krvt p siptq  digs; (5.1)

where k is spring constant,v is pulling velocity, t is simulation time, sjpq is the
extension between the SMD pulling atom and the reference atom with respect to
simulation time, and d; is the o set to retain force. In the rst pulling simulation,

d; was the distance between the initial positions of SMD pulling atom and the ref-
erence atom, which ensured the starting pulling force is zero. Afterwards, was set

according to the change of reference atom and SMD pulling atom, which is

d d 1 ]s s 4 |r rfy porijig (5.2)

wheres! andr! are the initial positions of SMD pulling atom and reference atom in the
i-th pulling simulation, respectively, ands! , andrf ; are the nal positions of SMD
pulling atom and reference atom in thei( 1)-th pulling simulation, respectively.
The simulation time t remained in between piecewise pulling simulations, so that the
force was retained and continuous through all piecewise pulling simulations.
Although this piecewise pulling scheme resembles previous work[392], we did not

truncate the protein after each piecewise simulation. This allowed us to perform a
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continuation simulation after changing the location of the SMD atom as all atom
locations and velocities could be kept the same. In doing so, we eliminated the need
for re-equilibration steps and did not add any new solvent molecules to the system.
Furthermore, the distance which we set our SMD pulling atom in this piecewise
pulling scheme by Eq 5.2, allowed us to generate force extension plots. This is
signi cant as it allows for direct comparison with force extension plots generated
by continuous coarse-grained simulations and approximates the force-extension plots
generated by experiment. Since the force is already continuous through the piecewise
simulations, the extension is the only quantity that needs to be recovered, which can

be obtained by
Liptg  siptq  riptq  di dy; (5.3)

where Liptg and r;xq are the extension and the position of reference atom with

respect to simulation time in thei-th pulling simulation, respectively.
5.2.2 Coarse-grained pulling simulations

Coarse-grained simulations were performed using GROMACS 2018.2[372] with
a C native structure-based force eld[440] generated from the SMOG server[441].
The coarse-grained model was built after equilibration using the all-atom model. We
found the best temperature for coarse-grained simulations using previously estab-
lished methods[408]. A coarse-grained simulation was rst performed at 300 K to
denature luciferase, and then simulations with the denatured coarse-grained model
of luciferase were computed for 5 di erent temperatures:130 K, 140 K, 150 K, 160
K, and 170 K. Figure 5.2 shows the change of fraction of native contacts in coarse-
grained simulations at 5 di erent temperatures after denaturation at 300 K. By
analyzing the fraction of native contacts, 150 K was selected as the temperature for
coarse-grained steered molecular dynamics simulations because the temperature is

near the melting temperature of the coarse-grained luciferase model, i.e., there is a
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similar probability for the folded and unfolded states. The lower temperatures 130
K and 140 K cause the immediate refolding, which happens in several nanoseconds,
while the higher temperature 160 K and 170 K never enable refolding. For the ap-
propriate temperature 150 K, the misfolded luciferase was refolded in a slow pace.

An integration time step of 0.5 fs was applied for coarse-grained simulations, and

Figure 5.2 : Kinetic runs of coarse-grained simulations denaturing from 300 K to
determine the best pulling temperature.

the simulation time for each coarse-grained simulation was set as 150 ns. The cuto
for van der Waals interactions was set as 3.0 nm for the SMOG coarse-grained force
eld. The spring constant and the pulling velocity, were set as 6 pN/nm and 1 nm/ns,
respectively based on previous system setups[392, 408]. Simulations were repeated
100 times to identify the average behavior of the force-extension plots generated by
the coarse-grained model of luciferase. A set of simulations was chosen to represent

the variation which we found while conducting coarse-grained simulations.
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5.3 Results and Discussion

5.3.1 Validation of piecewise simulations

We conducted multiple simulations of the piecewise unfolding of NI3C, a 154
residue synthetic, consensus ankyrin repeats protein[436], with box sizes of 25 nm
and 50 nm in the pulling direction. From our force extension plots (see Figure
5.3a) we nd that the simulations are very similar to each other with water box size
displaying only small e ects on the location of various force peaks. The extension
of peak 1 is almost the same between simulations which have di erent box sizes.
This is likely because our di erent chosen water box sizes can both accommodate
the rst unfolding event of NI3C. However, the extension of peak 2 for the 25 nm
water box size is slightly smaller than that for the 50 nm water box. We attribute
this change in extension lengths to a di erence in water box size. The 25 nm water
box requires a change in pulling site before the chain length of NI3C could be fully
extended. Thus, the next force peak occurs slightly before it does in simulations
using a larger water box. Extra simulations using a slightly larger 30 nm water box
support this explanation. We expect that this phenomenon may a ect all piecewise
pulling simulations unless the water box is large enough to extend the unfolded
polypeptide chain to its full length. Thus, peaks may be slightly heterogeneous in
their extension lengths which may be attributed to the shift in pull sites.

Although the extension lengths of the various peaks di er slightly between our 25
nm and 50 nm box sizes, we found that the structural information produced by the
piecewise unfolding of NI3C using di erent box lengths remains the same. For exam-
ple, helix 9 (from Thr148 to Asn156) and helix 10 (from Asn158 to GIn166; please
note that residue numbering in 2QYJ starts with number 13 and ends with 166)
unfold at peak 1 for both simulations (see Figure 5.3b and Figure 5.3c). Similarly,

the unfolding event for peak 2, consisting of the unfolding of helix 7 (from Thrll5
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Figure 5.3 : NI3C validation using di erent box size (a: Force extension curves; b:
Peaks from 25 nm water box; c: Peaks from 50 nm water box.)

to Glyl24) and helix 8 (from His125 to Alal35), is also the same in simulations
with di erent length water boxes (see Figure 5.3b and Figure 5.3c). After the rst
two peaks, the unfolding process appears to be more variable (see Figure 5.3a). We
believe that the variable nature of the later peaks is a result of the more stochastic
nature of the unfolding of the N-terminal helix pairs rather than a re ection of the
e ect of di erent water box sizes. This is evident in the heterogeneity found within
multiple simulations using the same water box size (see Figure 5.3a).

The similar locations of force extension peaks and the identical structural details
for the force extension peaks across di erent water box lengths lead us to conclude
that piecewise pulling is a reliable method to uncover the force unfolding behavior

of large proteins in all-atom resolution.
5.3.2 Coarse-grained SMD

From our 100 coarse-grained SMD simulations of luciferase, we found that over-
all coarse-grained simulations followed previously established single-molecule atomic

force spectroscopy (AFM) data[408]. Like previously established AFM data, our
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coarse-grained SMD force-extension plots of luciferase also separate into three dis-
tinct peaks (see Figure 5.4a). After examining the coarse-grained simulations of
luciferase we concluded these peaks correspond to the sequential unfolding of the
three domains of luciferase[408]. On a closer inspection, the rst unfolding peak of
coarse-grained luciferase does display multiple small peaks. We believe this, how-
ever, is a simulation artifact and demonstrate that the number of small peaks in
the rst peak varies according to simulation parameters. Although the second peak,
after averaging over all 100 curves, displays essentially one broad force peak (Figure
5.4a) the details of each individual coarse-grained simulation around the extension
corresponding to the second peak di er signi cantly (see Figure 5.4b). In some sim-
ulations, the second peak of coarse-grained luciferase only displays a single peak.
However, in other coarse-grained simulations the second peak separates into multi-
ple peaks suggestive of multiple unfolding intermediate states captured during the

unfolding of the middle domain of luciferase.

Figure 5.4 : Force-extension plots from coarse-grained simulations. (a: the super-
position of 100 simulations; b: four randomly chosen simulations.)

Thus, we conclude that coarse-grained simulations provide force-extension curves

which are generally consistent with AFM data. Given the reduced nature of our
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coarse-grained model and the variety of features found in our coarse-grained sim-
ulations however, we further suggest that these coarse-grained simulations hint at
more subtle unfolding events that have not yet been resolved by AFM, but may be

characterized using all atom SMD simulations.
5.3.3 More details from all-atom SMD

We note that it is possible to execute hundreds of all atom SMD simulations while
also varying the stretching speed to determine, for example rupture force distribu-
tions and their dependence on loading rate (dynamic force spectra)[429, 442] using
supercomputing resources. However, in the absence of such resources we attempted
to determine the minimum number of independent all atom simulations of luciferase
that would qualitatively produce representative force extension data. We randomly
selected 50 sets of 4 coarse-grained SMD simulations which, when aligned, appear
to be representative of the total 100 replicas overlaid in Figure 5.4a. This suggests
that utilizing 4 all-atom simulation replicates should be enough to observe details
which are representative of the overall mechanical unfolding process. Therefore, four
separate piecewise all-atom SMD simulations were performed in this work with each
simulation being composed of 10 to 15 piecewise stretching episodes. The total simu-
lation time for each simulation was between 200 ns and 300 ns. The total simulation
time was calculated by summing the simulation times from all piecewise-unfolding
episodes. The piecewise all-atom SMD trajectories display the same ordering of do-
main unfolding as coarse-grained SMD simulations. In both sets of simulations the
C-terminal domain of luciferase unfolds rst followed by the middle domain and then
the N-terminal domain. Furthermore, the major three peaks of the resulting force
extension curves correspond to the unfolding of residues in those three domains.
The consistency between the large peaks in the force extension curves of sequential

all-atom SMD simulations and coarse-grained SMD simulations suggests that both
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systems agree with experimental force-extension curves and can reproduce that level

of detail (see Figure 5.3c and Figure 5.5).

Figure 5.5 : The superposition of force-extension plots from four all-atom piecewise
simulations.

The combined force-extension plots of all four simulations is displayed in Figure
5.5. Altogether, six overall peaks are shared between the four simulations. In gen-
eral, six to eight peaks were found in each individual simulation. For the rst six
peaks shared between the four simulations, the extension distance for each peak is
similar. The di erence in the magnitude of the force peaks between the four indepen-
dent simulations is expected as it captures the stochastic nature of the mechanically

driven unfolding process[442]. Furthermore, the force extension curve after peak 6
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is somewhat more variable across various simulations. This is likely due to the loss
of structural integrity within the remaining luciferase fold when most of the protein
has been already unraveled. The increased stochasticity of the last peaks may also
be attributed in part to the di erent SMD pulling atoms across various simulations
and warrants further study.

To further validate this method more piecewise simulations on luciferase and other
large proteins are warranted. An additional layer of veri cation could be provided
by comparing the results obtained with the piecewise steered molecular dynamics
trajectories to results obtained from a single trajectory steered molecular dynamics
simulation performed on a supercomputer.

We examined the unfolding order of secondary structures using the trajectories
provided by our piecewise all-atom steered molecular dynamics simulations (see Fig-
ure 5.6). The four piecewise simulations display a very similar unfolding order in
terms of luciferase secondary structure, with small di erences in some peaks. Helix
15 (Arg435 to Lys437) was unfolded at the beginning for all simulations, even though
it is in the middle domain. This suggests that helix 15 is the weakest secondary struc-
ture element in luciferase. After the unfolding of helix 15, the C-terminal domain was
unfolded. The unfolding of the C-terminal domain is represented by peak 1 and peak
2. The unfolded secondary structure in peak 1 is the same across all simulations, but
the unfolding order in peak 2 varies between each simulation. Peak 3 corresponds to
the unfolding of helix 1 (Ala20 to Ala32) in the N-terminal domain. This small peak
occurs in all four of our simulations.

Peak 4 and peak 5 represent the unfolding of the middle domain. In the unfolding
of the middle domain of luciferase, a large number of secondary structure elements
unfolded in peak 4 in random order, but sheet 1 and helix 9 consistently unfold in
peak 5 in all simulations. Unlike the unfolding of the C-terminal and middle domains,

the unfolding of the N-terminal domain could be separated into 1 or 3 peaks and
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