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Chapter 1

Constructing Datasets for the

Training of Neural Network

Potentials for Rate Constant

Calculations

1.1 Introduction

Atomistic simulation is a highly effective tool for the study of chemistry. In complex

systems, for which there exist no analytical solutions for properties of interest, molecular

dynamics and Monte Carlo simulations provide a means of calculating these properties

using the power of modern computers. Simulations have the ability to visit a vast number

1
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of configurations, providing a route to useful properties such as equations of state, free

energies, as well as detecting dynamical changes in molecular structure.4 Atomistic

simulations have been applied to a diverse range of chemical fields, including catalysis,5–7

biochemical applications such as protein folding,8,9 and polymer science.10,11

The accuracy of results obtained from atomistic simulations depends on the inter-

atomic potential energy, often referred to as the potential energy surface. Ab initio

quantum mechanical calculations provide the most accurate potential energy surfaces.

However, the cost of quantum mechanical calculations is prohibitively expensive, espe-

cially for long simulations or systems with a large number of atoms. Therefore, force

fields, analytical representations of the potential energy surface parametrized with ex-

perimental or ab initio data, have traditionally been used in the simulation community.

While force fields have been applied with success to a wide range of systems, their ac-

curacy is generally limited, and each new system they are applied to requires intensive

development efforts in order to obtain a reasonable description of the potential energy

surface. In addition force fields generally cannot model large changes in the electronic

structure such as bond making and breaking. Reactive force fields have been developed

that are able to model chemical reactivity,12 but they still require intensive development

efforts and approximations inherent in choosing a single functional form for the potential

energy surface limit their accuracy.13

Another approach for the evaluation of interatomic potential energies is the use of

highly flexible functions. This approach is sometimes termed “mathematical”, because
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the functional forms are designed without regard for the physics of the system under

study.13 Instead they contain a vast number of parameters that allow them to accurately

model very complex high dimensional potential energy surfaces. Machine learning is the

leading method in the “mathematical” approach. A variety of machine methods have

been used for potential energy surfaces,14–30 including forward neural networks,31–40

graph neural networks,41–45 Gaussian processes,34,46–48 Kernel methods,49,50 and the

moment tensor potential.51,52

There are many advantages of machine learning potentials. They are fast to evaluate.

For example, they have been shown to evaluate energies of organic molecules up to 5

orders of magnitude faster than density functional theory (DFT).31 They also can be

extremely accurate for atomic configurations similar to the training set. In contrast to

force fields where approximations implicit in the functional form limit accuracy, machine

learning methods employ extremely flexible functions, which can represent any high

dimensional potential energy surface, provided the reference data used to train the model

is accurate. In addition, neural networks promise significant reduction in the human

effort needed to generate the potential energy surface. Because they do not require

careful selection of a functional form, it is possible to imagine the training of neural

networks becoming an automated, “black box” process. For these reasons, machine

learning potentials are receiving more and more attention in the field of chemistry.

Of the machine learning techniques, neural networks have probably received the most

attention for potential energy surfaces. In 2007, Behler and Parinello introduced the
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high dimensional neural network, which decomposes the energy of a system into atomic

contributions.53 Since the development of high dimensional neural network potentials

(HDNNP), they have been applied to a large variety of chemical systems, including

proteins,54,55 protonated water clusters,56–58 and metal surfaces.59–61 HDNNPs have

been developed for some specific catalytic and organic reactions such as the dissociation

of N2 over a Ru(0001) surface,62 and the Claisen rearrangement of allyl vinyl ether

to 4-pentenal. Despite these studies, the application of neural network potentials to

simulations that involve reactive chemistry has yet to be fully explored.

The generation of balanced datasets for training is critical to the success of PESs.

Training data within the field of quantum chemistry is not inexpensive to obtain, partic-

ularly for chemical systems with a large number of atoms. Active learning is a commonly

used method that iteratively selects data to be added to the training dataset.59,63,64 It

has been shown that active learning strategies can significantly reduce the size of training

datasets while improving model accuracy.65

The ultimate test for a machine learning model is whether it can be used to calculate

physical quantities of interest. Machine-learned PESs are well-suited for applications

where the number of model evaluations needed for desired simulations far surpasses the

quantum mechanical energy calculations required to create the training dataset.66–71

Approximate quantum simulation techniques, which demand a high number of force

calls, are thus an ideal application of machine learning potentials.72–74

Ring polymer molecular dynamics, is an approximate quantum simulation technique,
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which employs classical molecular dynamics in an extended phase space. When com-

bined with the Bennet-Chandler method for calculating rates it offers an efficient and

accurate route for obtaining thermal rate coefficients.75–79 Because RPMD simulations

involve several copies of the physical system, a large number of force evaluations are

required for each step of the simulation. Therefore, along with the development of

new numerical integration schemes,80,81 machine learning PESs are important for the

widespread application of RPMD.

In this work, we investigate the construction of a machine learning potential for the

reaction shown in Figure 1,

OH+CH4 −−→ CH3 +H2O (1.1)

r = k[CH4][OH] (1.2)

This reaction is critical in both atmospheric and combustion chemistry, and its kinetics

have been extensively studied using a variety of methods, including variational tran-

sition state theory with multi-dimensional tunneling,2,82,83 quasi-classical trajectories

method,3 and RPMD.81,82,84 Permutation invariant polynomials neural network (PIP-

NN) potentials2 have also been previously combined with RPMD81 and have shown

great accuracy in the prediction of the thermal rate constants. However, the PIP-NN

was developed to obtain more than just the thermal rate constant, and the authors used
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over 135,000 high-level ab initio points to fit the full 15-dimensional surface.2 Therefore,

it remains an open question as to how much data is really required to accurately predict

thermal rate constants using RPMD.

We show that accurate neural network potentials (NNPs) can be trained on datasets

of limited size and discuss active and transfer learning strategies for constructing small

but representative training datasets. We validate our machine learning model through

the calculations of the RPMD thermal rate constants. We choose feed-forward neural

networks with the Behler-Parrinello symmetry functions as features for the majority of

this study because of their efficiency and ability to scale to larger systems.85 However,

we also compare the Behler-Parinello model with the recently proposed NequIP model.41

1.2 Theory

1.2.1 Interatomic Potentials

Accurate evaluation of internuclear forces is critical for molecular dynamics. Tradition-

ally, the internuclear forces are either determined directly from quantum mechanical

calculations (ab initio molecular dynamics) or they are obtained from a parametrized

form of the potential energy surface known as the force field. The variants of ab initio

molecular dynamics can be derived from quantum first principles.86 The time dependent
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Schrödinger equation describing the time evolution of a molecular system is

iℏ
∂

∂t
Φ (r,R;t) = H (r,R) Φ (r,R;t) (1.3)

The molecular Hamiltonian H is given by

H (r,R) =−
∑
I

ℏ
2MI

∇2
I −

∑
i

ℏ
2me

∇2
i +

1

4πϵ0

∑
i<j

e2

∗rj − ri

− 1

4πϵ0

∑
i,I

e2ZI

∗RI − ri
+

1

4πϵ0

∑
I<J

e2ZIZJ

∗RJ −RI

= −
∑
I

ℏ
2MI

∇2
I + He (r,R) (1.4)

where ri and RI represent the electronic and nuclear coordinates MI the nuclear mass,

me the mass of an electron, ZI the nuclear charge, and e the elementary charge. The

Born-Oppenheimer (BO approximation allows certain terms in the full time-dependent

Schrodinger equation to be ignored. Physically, the BO approximation is based on the

fact that since the nuclei have much larger mass than the electrons, they move much

more slowly. Using the BO approximation, the time-dependent Schrödinger equation

may be reduced to [
−
∑
I

ℏ
2MI

∇2
I + Ek (R)

]
χk = iℏ

∂

∂t
χk (1.5)

and the total wave function written as a product of electronic and nuclear functions

Φ (r,R;t) = Ψk (r;R)χk (R;t) (1.6)
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where it is often assumed that state k is the ground state of the system. The BO

approximation separates the task of solving the Schrödinger equation into two separate

parts. One part involves the calculation of the “clamped nuclei” electronic wave function

of equation,

HeΨk (r;R) = Ek (R)Ψk (r;R) (1.7)

which depends only parametrically on the nuclei. The second part involves solving for

the time evolution of the nuclei according to equation 1.5, The total electronic energy

Ek (R) in equation 1.5 serves as the potential energy for the nuclei and is thus often

called the potential energy surface.

To arrive at the usual formulation of Born-Oppenheimer molecular dynamics (BOMD),

the nuclei are treated as classical particles, which is typically a good approximation ex-

cept for the lightest nuclei. It can be shown that in the classical limit, the nuclei follow

Newton’s equations of motion

MI R̈I (t) = −∇IEk ( RI (t)) (1.8)

In a BOMD simulation, Ek is found by solving the time independent Schrodinger equa-

tion for the electronic energy at each step of the simulation using an electronic structure

method such as Hartree Fock or density functional theory.86 Other approaches to ab ini-

tio molecular dynamics exist such as Ehrenfest dynamics, in which the time-dependent

Schrödinger equation is solved simultaneously for the electrons.87
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Instead of solving for the electronic energy “on-the-fly” during a simulation, an ana-

lytical functional form of the potential energy surface may be used to provide the forces.

This analytical potential energy surface, often called a force field, is obtained by fitting

a functional form with data from either experiment or ab initio calculations. Force fields

typically break the total energy into various intra- and inter-molecular contributions. A

basic force field usually includes bond stretching, angle bending, torsion, van der Waals,

electrostatic and cross terms:88

E = Estr + Ebend + Etors + Evdw + Eel + Ecross (1.9)

Each contribution has its own analytic form, for example bond stretches are often

represented by Taylor series truncated at the quadratic or quartic terms, and van der

Waals interactions are often represented by Lennard-Jones potentials. In general, terms

may be added and the exact functional forms of each term changed in order to better

describe the system of interest.

1.2.2 Neural Network Potentials

For the fitting of the potential energy surface, we use an NNP with inputs constructed

from the symmetry functions first introduced by Behler and Parrinello.53 In this NNP

architecture, the total energy of the system is decomposed into atomic energies. Separate

atomic neural network evaluations are performed to obtain atomic energies for each atom

in the system, and these atomic energies are added together to obtain the total system
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energy. The input for the atomic neural networks consists of vectors composed of the

Behler-Parrinello radial and angular symmetry functions, describing the environment

around each atom and ensuring invariance with respect to translation, rotation, and

permutation of like atoms.31

The choice of atomic representations is extremely important for NNP performance.

The obvious choice for NPPs, Cartesian coordinates, suffers from a number of issues.89

Each additional atom leads to three more degrees of freedom included as input nodes,

making the cost of training scale poorly with system size. In addition Cartesian coor-

dinates are not translationally and rotationally invariant. Use of internal coordinates

solves the problem of translational and rotational invariance, but variance with respect

to the permutation of two atoms remains. In 2007, Behler and Parinello introduced

high-dimensional neural networks that use set of functions called symmetry functions

as inputs, overcoming the shortcomings of the atomic representations listed above.53 A

high-dimensional NNP consists of a separate NN for each atom in a system. The indi-

vidual NNs return atomic energies which are summed to find the total energy. The total

energy of a system is

Es =

Nelem∑
ν=1

Natoms,ν∑
µ=1

Eν
µ (1.10)

where Enu
µ is the atomic energy for the µth atom of the νth element.

For inputs, high-dimensional NNs use a set of symmetry functions which probe an

atom’s short range chemical environment within a cutoff radius Rc. The input vector



11

for each atomic NN consists of elements GR
m and GA

m describing the radial and angular

environments respectively of the central atom. The radial symmetry functions are a sum

of products between the Gaussian and the cutoff function:

GR
m =

∑
j

e−η(Rij−Rs)2fc (Rij) (1.11)

where fc (Rij) is the cutoff function:

fc (Rij) =


0.5
[
cos
(
πRij

Rc

)
+ 1
]

for Rij ≤ Rc

0 for Rij > Rc

(1.12)

and m is an index over different values for the parameters Rs and η. η controls the width

of the Gaussian functions and Rs the angular shell that is being probed. In addition the

atomic environment is described by a set of angular symmetry functions

GA
m = 21−ξ

∑
j

∑
k ̸=j

[1 + λ cos (ϕijk)]
ξ fc (Rij) fc (Rik) fc (Rjk) (1.13)

where ϕijk is the angle formed between atoms i, j and k, and ξ is a parameter that al-

lows the width of the peaks to be controlled. Variations on the standard Behler Parinello

symmetry functions have been proposed.13 Smith et al. found that modifying the angu-

lar symmetry functions to include additional parameters allows for greater resolution of

the atomic environment.31 They replaced the original angular symmetry function with
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the following:

GA
m =21−ξ

∑
j,k ̸=i

[1 + cos (θijk − θs)]
ξ

× exp

[
−η

(Rij −Rik)
2

2
−Rs

]
fc (Rij) fc (Rik)) (1.14)

Including ϕs allows specific regions of angular space to be probed. In addition, they

found using input vectors that distinguish the atomic number of atoms in the environ-

ment lowered error and improved transferability of neural networks. It is important to

note that NNPs are everywhere differentiable with respect to the symmetry functions

and the Cartesian coordinates of the atoms. Therefore, forces may be easily calculated

from the NNP, for use in geometry optimizations and molecular dynamics simulations.

1.2.3 Active and Transfer Learning

A commonly used active learning method is query by committee, in which the disagree-

ment between an ensemble of models is used to identify the confidence of the model’s

predictions. Configurations with high ensemble disagreement (low confidence) are added

to the training dataset, thus avoiding the inclusion of redundant configurations. To im-

plement active learning, an ensemble of machine learning models is trained on the same

training data. The ensemble is used to run molecular dynamics simulations, from which

configurations with the highest ensemble variance are selected. Ab initio energies are

calculated for the selected configurations, added to the training dataset, and the model
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is retrained.

Transfer learning is a technique in which a model trained on one task is retrained on

a different but related task. It has been shown that neural network potentials pretrained

on DFT energies can be fine-tuned on a small targeted dataset of CCSD(T) energies to

produce a network that predicts CCSD(T) energies with high accuracy.90

1.2.4 Ring Polymer Molecular Dynamics

Typical molecular dynamics simulations approximate nuclei as classical particles, ignor-

ing their quantum nature. This approximation works well in many cases, but breaks

down for lighter nuclei and lower temperatures, when quantum effects such as zero point

energies and tunneling become important. In addition the quantum nature of nuclei is

critical for studying equilibrium isotope effects, which form a basis for many experimen-

tal studies of reaction mechanisms.91

Ring polymer molecular dynamics (RPMD) is a commonly used method for including

quantum nuclear effects in simulations. The basic method exploits a similarity between

the quantum mechanical partition function and a classical partition function for a system

of interacting particles.92 The quantum mechanical partition function can be written as

the trace of the density matrix:

Z =
∑
n

exp [−βEn] = tr(ρ) (1.15)
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where the density matrix is

ρ =
∑
n

exp(−βEn)ϕnϕn (1.16)

and ϕn are eigen states of the Hamiltonian. In the coordinate representation, Z is

Z =

∫
dxx exp(−βH)x (1.17)

For this derivation it is assumed that H is the Hamiltonian for a single particle system

H = K̂ + V̂ . In order to evaluate expectation value in equation 1.15, the factorization

exp(−βH) = [exp(−(β/M)H)]M is made and the completeness relation is inserted M−1

times to arrive at

Z =

∫ M−1∏
i

dxi
〈
xi+1

∣∣∣∣exp(−β

M
H)

∣∣∣∣xi〉 (1.18)

Now the partition function is written as a product of density matrix elements. Due to

the factor of M , these are often called high temperature density matrices. Equation 1.18

is exact in the limit of M → ∞, but is often a good approximation for finite M . When

M is sufficiently large the Trotter approximation can be made

exp (−βH) = lim
M→∞

[exp(−βK) exp(−βV )]M (1.19)

Using this factorization of the Hamiltonian it can be shown that the high temperature
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density matrix elements evaluate to

ρ (xi+1;xi; ϵ) =
( m

2πϵℏ2
)1/2

exp

(
−ϵ
∑
i

m (xi − xi+1)
2

2ϵℏ2

)
× exp (−ϵV (xi)) (1.20)

where ϵ = β/M .

Now substituting these high temperature density matrix elements into the equation

1.18, a transformed expression for the density matrix is reached

Z =
( m

2πϵℏ2
)1/2 ∫ (M−1∏

i

dxi

)

× exp

(
− m

2ϵℏ2
∑
i

(xi − xi+1)
2 − ϵ

∑
i

V (xi)

)

Since the partition function is the trace of the density matrix, the cyclic condition

x0 = xM is enforced. This expression can be interpreted in the framework of the path

integral formulation, as a sum over all the paths that in an interval of imaginary time

interval 0 to βℏ, wander away from and come back to x0. Furthermore equation is

isomorphic to the partition function for a system of classical particles interacting through

harmonic potentials with force constants m/ϵℏ2 and subject to an external potential

V (xi). Due to the cyclic condition these particles form a “ring polymer” and are often

referred to as beads. To complete the analogy to classical statistical mechanics, M

momenta are introduced with arbitrary mass, finally leading to a classical system of
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particles governed by the Hamiltonian

H =
∑
i

p2i
2mc

+
1

2
mω2

n (xi − xi+1)
2 + V (xi) (1.21)

where ω =
√
M/ (βℏ). This expression for the quantum mechanical density matrix is the

at the heart of ring polymer molecular dynamics. Molecular dynamics simulations may

be run on this fictitious ring polymer in order to obtain equilibrium properties of the

system, using formulas to average over the beads. Quantum reaction rates have been

calculated by considering the free energy surface along a reaction coordinate defined

by the geometric center (centroid) of the ring polymer.93,94 Approximate quantum

dynamics may also be studied using quantum time correlation functions.75,95

The expression for the full RPMD rate coefficient is

k(T ) = κ(t → ∞; s1)k
QTST(T ; s1) (1.22)

where κ(t → ∞; s1) is the recrossing factor and kQTST(T ; s1) is the static factor (centroid-

density quantum transition state theory rate constant).76,78 In order to make the cal-

culation of the of the rate constant computationally feasible, two dividing surfaces are

defined. The first s0 is located in the reactant valley. The s1 is located in the transi-

tion state region. A reaction coordinate is defined which interpolates between the two

dividing surfaces,

η =
s0(x̄)

s0(x̄)− s1(x̄)
(1.23)
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where x̄ represents the coordinates of the ring polymer centroid.

To evaluate the recrossing factor, independent configurations are collected from a

RPMD simulation with the system constrained to the transition state dividing surface.

Those configurations are then used to initialize unconstrained trajectories, in order to

count how many trajectories end up on either side of the dividing surface.78 The tran-

sition theory rate constant may be evaluated as

kQTST (T ; s1) = 4πR2
∞

(
mA +mB

2πβmAmB

)1/2

e−β[W (η‡)−W (0)] (1.24)

where W (η‡) is the potential of mean force when the value of the reaction coordinate is

equal to s1. The potential of mean force can be easily evaluated using a method such as

umbrella integration.78

1.3 Computational Details

The NNPs were trained on energies calculated at the UCCSD(T)/aug-cc-pVTZ level

of theory.96 Ensembles of 10 NNPs were used throughout the training process. All

electronic software calculations were performed in the Q-Chem software package.97

To create an initial training dataset, the minimum energy path (MEP) for the reac-

tion was obtained from the nudged elastic band method at the ωB97X/6-31G(d) level

of theory.98 For each of the 40 images along the MEP, normal mode coordinates were

obtained. The normal mode sampling procedure outlined previously31 was applied to
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each nudged elastic band geometry, except in our work, the random displacements were

drawn from a uniform distribution between -0.3 and 0.3, rather than a Boltzmann-

style temperature-dependent distribution. CCSD(T) energies were calculated for the

geometries in this dataset, and an ensemble of differently initialized neural networks was

trained on the initial dataset.

An active learning approach64,90 was then used to expand the training dataset. Um-

brella sampling simulations were run with the preliminary ensemble of NNPs. The

umbrella bias potentials were placed along the reaction coordinate from reactants and

products, ensuring that data was included for the entire reaction pathway. The um-

brella sampling simulations were performed using i-PI99 interfaced with the PLUMED

library100 version 2.7.5101 for the application of bias potentials. For each configuration

of the umbrella sampling trajectories, the standard deviation of the outputs of the NNP

ensemble was calculated, and configurations with the highest standard deviations were

added to the training dataset. A new ensemble of neural networks was then trained on

this combined dataset. High-energy configurations (> −115.85 Hartree) were excluded

since their inclusion led to fits with higher errors on our validation sets. These high-

energy configurations (140 kcal/mol above the reaction barrier) would be rarely sampled

during the reaction; therefore, omitting them leads to better NNPs in the energy range

important for this reaction.

The final training dataset contained 11,440 configurations and CCSD(T) energies.

During each training iteration, the training dataset was split into a train (80%) and
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validation set (20%). To test the accuracy of the final ensemble of NNPs, a test set

was constructed containing 976 configurations randomly selected from RPMD trajecto-

ries generated using the final ensemble of NNPs. An ensemble of three out of the 10

trained NNPs was chosen for the final RPMD calculations. This ensemble of NNP had

a test RMSE of 0.39 kcal/mol. It should be noted that the test and training datasets

include configurations along the entire reaction pathway, including the product channel.

The training and test datasets are available in a publicly accessible GitHub repository

[https://github.com/GoodpasterGroup/CH4_OH].102

For transfer learning, a neural network was trained on 167,196 DFT energies cal-

culated using the ωB97X functional98 and the 6-31G(D)103 basis set, with the active

learning approach described above. Then, layers of the neural network were held fixed,

and it was retrained on a smaller selection of data points pulled from the CCSD(T)

dataset. Architectures for the various NNPs constructed for this project are presented

in Tables 1.1-1.5.

Table 1.1: NNP architectures for NNP-CCSD(T) (hydrogen).

Layer1 Layer2

Nodes 128 1

Activation CELU Linear
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Table 1.2: NNP architectures for NNP-CCSD(T) (carbon and oxygen).

Layer1 Layer2

Nodes 112 1

Activation CELU Linear

Table 1.3: NNP architectures for NNP-DFT, Transfer-1 and Transfer-3 (hydrogen).

Layer1 Layer2 Layer3 Layer4

Nodes 160 128 96 1

Activation CELU CELU CELU Linear

Table 1.4: NNP architectures for NNP-DFT, Transfer-1 and Transfer-3 (carbon and
oxygen).

Layer1 Layer2 Layer3 Layer4

Nodes 144 112 96 1

Activation CELU CELU CELU Linear

Table 1.5: NNP architectures for No-Transfer (hydrogen, carbon and oxygen)

Layer1 Layer2

Nodes 96 1

Activation CELU Linear

All rate calculations were performed with the RPMD rate package.104 For all RPMD

simulations performed in this work, 128 beads were used. The contribution of the 2Π1/2

excited state of OH (140 cm-1)105 to the electronic partition function was taken into

account. Further details about the RPMD calculations are included in the Supporting
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Information section. The NNP was implemented in TorchANI, an open-source PyTorch-

based code.106 TorchANI implements the neural network architecture and input features

first utilized for the construction of ANAKIN-ME, a transferable neural network poten-

tial for organic molecules.31

To calculate the static factor from umbrella sampling, 120 umbrella windows were

set up along the reaction coordinate. At each umbrella window, 8 trajectories of 80 ps

duration were run, following an equilibration of 20 ps. For calculation of the recrossing

factor, 4 constrained MD trajectories were run at the dividing surface for 120 ps, after an

equilibration period of 20 ps. Configurations were sampled every 2 ps and 100 trajectories

were launched from each of these configurations. Initial momenta were sampled from

the Maxwell distribution. An Anderson thermostat was used for all RPMD simulations.

For training the Behler-Parrinello nueral network potentials, the TorchANI package

was employed.106 The network architectures are shown in Tables 1.1-1.5. 18 radial

shifting parameters Rs were used for the radial symmetry functions and 4 radial shifting

parameters and 8 angular shifting parameters ϕijk were used for the angular symmetry

functions. The CELU (Continuously-Differentiable Exponential Linear Unit)107 was

used as the hidden layer activation function. The parameters were initialized using the

Kaiming normal initialization method.108

The hyperparameters used for constructing the NequIP models are shown in table

1.6.
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Table 1.6: NequIP model parameters

cutoff 5.0 Å

number of interaction layers 4

maximum rotation order lmax 3

number of features 32

parity even and odd

number of radial basis functions 8

number of layers in radial network 3

number of radial features 64

MSE loss functions were used for the optimization of the Behler-Parrinello and the

NequIP models.

1.4 Discussion

The thermal rate constants obtained from the NNPs show good agreement with the

experimental values across the examined temperature range (Table 1). The percent

errors in comparison to the experimental values are 10%, 15%, and 19% at 1000 K,

300 K, and 200 K, respectively. The close agreement with the experiment at 1000 K is

expected since RPMD is known to be exact in the high-temperature limit. The small

error is most likely a result of errors in the potential energy surface (PES). It has been

demonstrated theoretically that RPMD overestimates the rate for asymmetric reactions

in the low-temperature deep tunneling regime.109 However, our results show excellent
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(a) 

(b) 

Figure 1.1: (a) The OH + CH4 reaction (b) Arrehnius plot for the OH + CH4 reaction,
with rates calculated at 200 K, 300 K, and 1000 K using NNP-CCSD(T) and PES-2014.3

accuracy at 200 K and 300 K. These findings demonstrate the reliability of RPMD in

the deep tunneling regime, although the close match between the calculated rates and

the experiment may have been aided by the cancellation between errors in the PES and

RPMD theory. The accuracy of RPMD for reaction (1) is in agreement with a recently

published study, which also found that RPMD did not significantly overestimate the

rate at low temperatures.81

The total statistical uncertainty in the rate constants was determined from the stan-

dard deviations of properties obtained from independent MD simulations. The statistical
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Table 1.7: RPMD rate coefficients in cm3molecule-1s-1 (and percent errors compared
with experiment1) calculated using the neural network potential trained on coupled
cluster data (NNP-CCSD(T)), the PES-2014 force field developed by Espinosa-García
et al and the PIP-NN PES developed by Li et al.2

T (K) NNP-CCSD(T) PES-2014 PIP-NN Experiment
200 4.39× 10−16 (18.7) 1.91× 10−15 (417) 5.05× 10−16 (36.5) 3.70× 10−16

300 5.93× 10−15 (-15.0) 1.33× 10−14 (91.2) 8.37× 10−15 (20.1) 6.97× 10−15

1000 1.55× 10−12 (-10.7) 1.40× 10−12 (-17.7) 1.70× 10−12 (0.0) 1.70× 10−12

uncertainties were found to be within 11% of the values of the rates. The statistical un-

certainty of the overall rate constant k(T ) (Eq. 1.22) was calculated from the propagation

of error formula

σ2
k(T ) = σ2

κ

(
∂k

∂κ

)2

+ σ2
kQTST

(
∂k

∂kQTST

)2

(1.25)

where σx is the standard deviation of x obtained from four independent RPMD simula-

tions. Using a 1-σ standard deviation, the percent uncertainties were 10.4%, 7.73% and

5.33% at 200 K, 300 K and 1000 K respectively.

The previously developed force field PES-20143 significantly overestimates the rates

at 300 K and 200 K (Table 1). The PES-2014 force field does not adequately capture

the reactant van der Waals energy well, leading to an underestimation of the free energy

barrier.81 In contrast, our NNP captures the van der Waals well and predicts a higher

free energy at the transition state than does the PES-2014 (Figure 1.2). The accuracy

of the NNP method was achieved while remaining relatively data-efficient. It required

only 11,440 training data points to obtain an accurate global potential energy surface,

including the product channel, suitable for molecular dynamics in the temperature range
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Figure 1.2: Potentials of mean force calculated with the neural network potential (solid
line) and force field (dashed line) for the OH + CH4 reaction at 200, 300, and 1000 K.

of 200 K - 1000 K.

In comparison with the previously developed PIP-NN PES,2 our model was trained

on significantly fewer training data points. This is expected because the PIP-NN PES

was designed to be a global PES that performs well for molecular dynamics across a wider

temperature range (not just 200-1000 K) and is suitable for the calculation of other

dynamical properties such as cross sections.2,110 However, the question of how much

data is needed when targeting specific properties, such as the thermal rate coefficients,

remains an open question. A more thorough study of data efficiency in training NNPs

may be useful when approaching reactions for which a global PES is not already available

and highly accurate calculations are desired.

To systematically examine the change in network accuracy with dataset size, we de-

veloped another training dataset using active learning. A fresh ensemble of networks
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was trained on an initial dataset of 1211 normal mode sampling configurations. The

active learning procedure was then performed as described in the methods section. Ap-

proximately 800 configurations were added in each round of active learning. Figure 1.3

shows the test RMSE and MAE of the NNPs at each round. The performance of the

NNPs systematically improves before leveling off at an RMSE of 0.31 kcal/mol with

> 7000 training data points. This may indicate that with over 7000 training examples

that map the important configurational space, the accuracy is limited by aspects of the

model used in this work, such as its input features and hyperparameters, rather than

the extent of the training data set. Our original NNP, which was trained on 11440

configurations, had a similar accuracy of 0.39 kcal/mol, suggesting that the accuracy

is limited by other aspects of the model and not the training data. We note that the

active learning scheme was identical for this NNP and our original NNP, with the dif-

ference being that in the original NNP, we added more configurations at each round of

active learning. This suggests that a smaller number of configurations added per round

will lead to a smaller total number of configurations required; however, a more detailed

analysis of this relationship is left to future work.

Graph neural networks have emerged as promising alternatives to traditional feed-

forward neural networks for the construction of NNPs.41–44 Rotational equivariant graph

models have been shown to achieve high accuracy even when trained on small datasets.

We compared the performance of the recently developed Neural Equivariant Interatomic
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Figure 1.3: Log-log plot of test root mean square error (RMSE) and mean absolute
error (MAE) of trained NNPs following each round of active learning.

Potentials (NequIP)41 with the Behler Parrinello style networks (BP). The active learn-

ing procedure was performed with both models, selecting configurations from the pre-

viously created training dataset. Figure 4 shows the learning curves from the active

learning process for both the NequIP and BP models. On small datasets, Nequip out-

performs the BP model. However, on datasets larger than 3000 points, the Nequip model

shows no advantage over the BP model. This suggests that for larger datasets, the BP

model may be preferable since it is more computationally efficient, without a loss in

accuracy. We note that the accuracy of both models could be improved with additional

hyperparameter tuning.

To examine transfer learning, an ensemble of 10 NNPs (Table 4) was trained on a

DFT dataset consisting of 167,196 configurations and energies. Then, the DFT NNPs
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Figure 1.4: Log-log plot of the RMSE versus as a function of training dataset size for
the NequIP and BP models.

were retrained on CCSD(T) data. This training was performed on two different ensem-

bles of networks: one with three of the network’s four hidden layers held fixed during

training (Transfer-3), and the other with just one hidden layer held fixed (Transfer-1).

For comparison, a smaller network (No-Transfer), without pre-training (parameters ini-

tialized using the Kaiming normal initialization method108), was trained on the same

CCSD(T) data (Model architectures are displayed in Tables 1.1-1.5).

Figure 1.5 shows the test RMSEs of Transfer-1, Transfer-3, and No-Transfer, after

training on CCSD(T) datasets of various sizes. For small training datasets, transfer

learning greatly improved the NNP’s performance on the test dataset, relative to the

networks without previous training (No-Transfer). The No-Transfer NNPs overfit the

data, leading to poor generalization on the validation dataset, while the transfer-learned

networks were able to apply what they have learned about the DFT PES, allowing good
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transferability for configurations not included in the small CCSD(T) dataset. However,

as the training dataset becomes larger, No-Transfer begins to outperform the transfer-

learned networks. The reason for the superior performance of No-Transfer when trained

on larger CCSD(T) datasets is that it has greater flexibility to fit the data than the NNPs

with fixed parameters. Even though Transfer-1 has a similar number of free optimizable

parameters as No-Transfer, the fixed hidden layer encodes a particular transformation

of the input features which may be unsuitable for fitting to the CCSD(T) target. These

results show the advantages of a more flexible model when sufficient data is available

and a less flexible pre-trained model when data is scarce. This trade-off is further

demonstrated by comparing Transfer-1 and Transfer-3 NNPs. Transfer-1, which has

only 1 hidden layer held fixed, performs worse than Transfer-3 on small training datasets

(less than 500 data points) but better on large training datasets.

The improved accuracy of the rate calculation must be balanced with increases in

computational time. We found that our CPU-based NNP is about two orders of magni-

tude slower than the CPU-based force field (PES-2014). The computational efficiency of

NNPs and force fields could be improved through GPU parallelization and more efficient

computer architectures. Despite this increase in required computational expense com-

pared to traditional force fields, given that a couple trillion force calls were required to

calculate one RPMD rate constant, this approach is still many orders of magnitude more

efficient than direct CCSD(T) dynamics. Therefore, NNPs offer an appealing balance

between accuracy and efficiency.
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Figure 1.5: Test RMSEs of NNPs previously trained on DFT, then retrained on
CCSD(T) datasets while one (Transfer-1) and three (Transfer-3) hidden layers were
held fixed. In addition, RMSEs of a randomly initialized NNP (No-Transfer) trained on
the same CCSD(T) datasets is shown.

Overall, the benefits of using neural network potentials over a force field include ease

of construction and good accuracy throughout the PES. Highly accurate rates (< 20%

error) were calculated using a PES trained on a very small dataset (≈ 10, 000 points).

Furthermore, BP NNPs have the advantage of being easily adapted to larger systems.

Therefore, the remaining obstacle to tackling larger systems is the computational expense

associated with dataset generation and neural network evaluations. The active learning

strategies presented in this paper may be particularly advantageous for larger systems.

The methodology outlined here paves the way for the application of RPMD rate theory

to a wide range of chemical systems.
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1.5 Conclusion

The combination of RPMD and neural network potential provides a powerful tool for the

accurate calculation of gas-phase reaction rate coefficients. Importantly, we have shown

that the total amount of training data for an accurate rate calculation is a relatively

small number of calculations (10,000 CCSD(T) calculations) compared to the trillion of

force calls required to perform the RPMD rate calculation. Despite the small number of

training data points, we find that the error in the rate calculation using our NNPs to be

around 20% at 200 K decreasing to 10% at 1000 K, demonstrating remarkable accuracy.

To further study what the minimum data limit is for these reactions, we explored

transfer learning and active learning schemes. We found that for highly accurate NNPs,

transfer learning where the NNPs were originally trained on DFT and then retrained on

CCSD(T) was actually detrimental to the accuracy of the NNPs once the dataset size of

the CCSD(T) calculations was larger than 1,000 data points. In contrast, we found that

careful active learning can further reduce the amount of data required. Additionally, we

compared Behler-Parrinello type models to NequIP. We found that in the small dataset

regime, NequIP outperformed the BP model, but in the limit of large datasets, there

was no significant difference between the two models’ accuracies. These results suggest

that when a sufficient amount of data is available, the choice of machine learning model

type is not critically important. Therefore, we believe that future work in the field of

machine learning potentials should focus on the development of high-quality training

data.
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Accurate rate calculations for significantly larger systems should be obtainable through

a combination of NNPs, active learning, and RPMD. Both BP symmetry functions and

graph-based models such as NequIP are known to scale to large systems, so if the number

of required CCSD(T) calculations remains reasonable even for significantly larger sys-

tems than the one studied here, there should be no barrier for adoption of this approach

for accurate rate calculations in small to medium-size systems. We expect that NNPs

trained using active learning for specific reactions to have widespread adoption by the

theoretical chemistry community for the accurate calculation of reaction rates.



Chapter 2

Machine Learning/Molecular

Mechanics Methods for Condensed

Phase Reactions

2.1 Ml/MM Schemes

In combined quantum mechanics/molecular mechanics (QM/MM) methods, a small part

of a chemical system is simulated with quantum mechanics, while the rest of the system

is simulated with molecular mechanics (MM) methods (a forcefield). This separation

allows the critical part of the system, where electronic rearrangements or bond formation

occur, to be modeled with quantum mechanics, and the effect of the environment can

be included through molecular mechanics.111

33



34

The computation of the QM region remains a computational bottleneck in QM/MM

calculations.112 Recently the use of machine learning methods to describe the poten-

tial energy surfaces of the QM system has gained much attention.55,113–117 Employing

neural network potentials (NNPs) that predict the potential energy from descriptors of

local atomic environments, we can replace the QM calculations with the NNP, allowing

us to calculate forces at a fraction of the cost. Since the use of both NNPs and force-

fields for molecular dynamics simulations is now wide-spread, the remaining challenge

is developing methodologies for treating the interactions between the NNP and MM

sub-systems.

A variety of ML/MM approaches have been proposed. Perhaps the simplest is the

mechanical embedding strategy employed by Lahey et al.55 In their method, the total

energy of can be written as a sum of three terms,

V (r) = VMM(rMM) + VML(rML) + VML/MM(r) (2.1)

where r are the total coordinates, rMM is the coordinates of the MM region, rML the

coordinates of the ML region. VMM is the energy provided by a force field, VML by a

NNP, and VML/MM is a pair-wise interaction term between the MM and ML systems,

VML/MM(r) =
ML∑
i

MM∑
j

qiqj
4πϵrij

+ 4ϵij

[(
σij
rij

)12

−
(
σij
rij

)6
]

(2.2)

This strategy was applied to compute binding poses and conformational free energies
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for protein-ligand binding, where the ligand was modeled with a ML potential and

the protein with a conventional forcefield.55 Advantages of this method are its ease

of implementation and that a general ML potential (ANI) could be employed, without

modification. A limitation of this strategy is that the ML atoms are assigned fixed

charges and Lennard-Jones parameters for the calculations of interactions between the

ML and MM atoms. Hence, any polarization effects between the ML and MM regions

are not taken into account.

In QM/MM calculations, the polarization of the QM region by the MM environment

may be addressed by including interactions with MM atom charges as additional terms

of the QM Hamiltonian, a strategy known as electrostatic embedding.118 Electrostatic

embedding schemes have been shown to generally be more accurate than mechanical

embedding.118,119 Böselt et al. implemented an electrostatic ML/MM strategy, intro-

ducing additional one-electron terms that incorporate the MM charges into the QM

Hamiltonian.115 They expressed the total energy as

VQM(r) = VQM(rQM) + V el
QM-MM(r) + VMM(rMM) + V vdW,SR

QM-MM (r) (2.3)

where V el
QM-MM(r) term is the energy contribution due to the one-electron terms in

the Hamiltonian describing the interaction of the QM charge density with MM atomic

charges, and V vdW,SR
QM-MM (r) describes the van der Waals interactions between QM and MM

atoms through a classical Lennard-Jones potential. The first two terms in equation 2.3
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are learned by the NNP. In order for the NNP to have information about the surrounding

environment, MM atoms were included in the ML potential feature descriptors as an

additional element type. It is important to note that the NNP is trained on QM/MM

energies, i.e. the QM energies within a specific MM environment. The NNP cannot be

trained on in vacuo QM energies, since the training examples must include the pertur-

bation the QM region due to the environment. The need to train on QM/MM energies

means that a generalized NNP trained on in vacuo energies cannot be used in this

ML/MM embedding scheme.

Zinovjev proposed a method to electrostatically embed a NNP in an arbitrary MM

environment.120 This would allow any NNP to be used in the ML/MM computation,

given that it is able to describe the QM region in vacuo. The polarization of the QM

region in response to the MM environment is calculated using the Thole model.121 The

Thole model requires QM densities and molecular dipolar polarizabilities in order to

compute the electrostatic embedding between ML and MM regions and these can be

learned by an ML model. The model propsed by Zinovjev was employed to study

protein-ligand interactions.

Another ML/MM scheme, known as the BuRNN method, was proposed by Lier et

al.113 The NNP learns the energy of the QM region in addition to the polarization

energy of a buffer region, which is calculated as the difference between the energy of the

buffer region in isolation and with the influence of the inner region. The buffer region

essentially acts as a polarizable forcefield. Discontinuities that occur as molecules move
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between buffer and outer regions largely cancel.

2.2 Adaptive QM regions

It is sometimes necessary to have a non-localized QM region, so that atoms can switch

between QM and MM representations during the simulation. The QM region can be

defined as all atoms within a given radius of a central point (defined, for example, as

the center of mass of a reactive molecule). However, when atoms move between the

QM and MM regions, there is a discontinuity in the potential energy surface and forces.

One possible solution to the discontinuity problem, known as the hot spot method, is to

define a buffer region as the atoms within inner and outer radii, r1 and r0 respectively.122

A smoothing function is applied to the forces of atoms in the buffer region, so that they

switch seamlessly between QM and MM representations,

fi = Sm(ri)fQM + (1− Sm(ri))fMM (2.4)

where fi is the force on atom i and fQM and fMM are the forces calculated with quantum

mechanics and molecular mechanics respectively, and Sm is a smoothing function defined

as

fc (Rij) =



1 for r ≤ r1

(r20−r2)(r20+2r2−3r21)
(r20−r21)

3 for r1 < r ≤ r0

0 for r > r0

(2.5)
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The hot spot method has been criticized because it lacks an expression for the potential

energy.123,124 An alternative ONIOM-XS method was has been proposed, which has a

smooth energy function.123 A function based on the average of switching functions for

particles in the buffer region determines the relative contributions of the QM and MM

energies in the buffer region. If a smooth potential energy surface is needed, for example

in Monte Carlo simulations, the ONIOM-XS method is the preferred method.

2.3 Long-range Interactions

Standard neural network potentials are effectively short range, since atomic descriptors

only include interactions with atoms that are within a given cutoff distance. They neglect

long-range electrostatic and dispersion forces. For some chemical systems, long-range

interactions are critical. For example, long-range interactions are typically not important

for the simulation of bulk liquids; however, they are critical for interfaces between bulk

liquids and their vapor phase.125

Several methods for including long-range interactions into neural network potentials

have been proposed. One solution is to calculate the long-range electrostatic forces from

neural network-predicted atomic charges.126–128 The total energy is written as a sum of

short range energies predicted by a standard NNP and long range electrostatic energy,

Vtotal =

Natom∑
i=1

Vj + Velec (2.6)
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The atomic charge NN is trained on reference atomic charges calculated using a charge

petitioning method such as Mulliken charges,129 Hirshfeld charges,130 or Bader charges.131

In order to avoid double-counting, the long range electrostatic energies predicted by the

atomic charge NN are subtracted from the reference energies used to train the standard

NNP.

Despite the successes of third generation NNPs, the training and evaluation of the

additional atomic charge NN is a significant computational expense.132 This expense

can be spared by using a fixed set of charges for the calculation of the electrostatic

interactions.

2.4 Proposed Methodology

We propose an additive embedding scheme that divides the energy into three terms,

V (r) = VMM(rMM) + VML(rML) + VML/MM(r) (2.7)

where VMM is the forcefield energy of the MM region,

VMM(rMM) = VBonded(rMM) +

MM∑
i<j

qiqj
4πϵrij

+ 4ϵij

[(
σij
rij

)12

−
(
σij
rij

)6
]

(2.8)
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VML is the energy of the ML region,

VML(rML) = V SR
ML (rML) +

ML∑
i<j

qiqj
4πϵrij

erf(αrij) (2.9)

and VML/MM(r) is the interaction term between the ML and MM regions,

VML/MM(r) =
ML∑
i

MM∑
j

qiqj
4πϵrij

+ 4ϵij

[(
σij
rij

)12

−
(
σij
rij

)6
]

(2.10)

V SR
ML is the short-range ML potential that is trained on the reference energies with long

range electrostatics subtracted.

V SR
DFT(r) = VDFT(r)−

DFT∑
i<j

qiqj
4πϵrij

erf(αrij) (2.11)

The long-range electrostatic term in 2.11 can be readily obtained from the reciprocal

space portion of an Ewald sum.125

In order to test our ML/MM methodology, we plan to study the dissociation of formic

acid in water. In a previous study, free energy profiles of this dissociation were obtained

through umbrella sampling simulations.133 A NNP was employed to simulate a system

of formic acid solvated with 128 water molecules. The dissociation was studied in bulk

solution and at the air-water interface. We plan to reproduce their calculations of the

free energy profiles; however we will employ an ML/MM method, replacing several water

molecules which are described by the NNP in their work with a forcefield. It is expected
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Figure 2.1: Illustration of proposed ML/MM method.

that the ML/MM method will lower the computational cost of the simulations.

Since the reaction involves a proton transfer to solvent, and any water molecule in

the system can accept the proton, it is critical to have an adaptive QM(ML) region,

which solvent molecules can enter and leave. We plan to define the ML region using

the hot spot method, because it is straightforward to implement and does not require

additional force calculations.124 The center of the hot spot will be the center of mass of

the formic acid molecule.

2.5 Initial Neural Network Potential Training

Neural network potentials were trained on a dataset of 6521 configurations and corre-

sponding energies and forces, with each configuration consisting of formic acid and 128

water molecules. The energies and forces were calculated at the BLYP-D3/TZV2P level
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Table 2.1: Energy and force RMSEs of NNPs constructed within TorchANI and
DeePMD-kit.

Energy (kcal/mol) Force (kcal/(mol*Å)
Train Test Train Test

TorchANI 6.82 19.30 3.35 2.99
DeePMD 4.16 6.24 3.07 3.43

of theory. Details about the electronic structure calculations and sampling methods are

available in reference 133. In order to select the best framework for training the neural

network potential, NNPs were trained using the TorchANI,106 and DeePMD-kit.134 The

architecture and hyperparameters used to trained the model in DeePMD-kit are iden-

tical to those in reference 133. For the training of the TorchANI model, a radial cutoff

distance of 6 Å was used. 21 radial shifting parameters Rs were used for the radial sym-

metry functions and 4 radial shifting parameters and 8 angular shifting parameters ϕijk

were used for the angular symmetry functions. The CELU (Continuously-Differentiable

Exponential Linear Unit)107 was used as the hidden layer activation function. The pa-

rameters were initialized using the Kaiming normal initialization method.108 The model

was trained on both energies and forces, the total loss function being the sum of the

energy and force losses.

As shown in table 2.1, TorchANI are able to achieve good force RMSEs, comparable

to those reported by Puenta et al.133 However, the energy RMSE of the TorchANI

model is significantly higher than that of the DeePMD model. It is not immediately

clear why the DeePMD model outperforms the TorchANI model. The major difference

between the two models is that DeePMD employs an embedding network, which learns a
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featurization of the input coordinates, in contrast to TorchANI’s pre-defined descriptors.

Since it yields superior results, the DeePMD model will be used in further work.
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Chapter 3

Contrasting Mechanisms of

Aromatic and Aryl-Methyl

Substituent Hydroxylation by the

Rieske Monooxygenase Salicylate

5-Hydroxylase

3.1 Introduction

Catalysts play a key role in a wide range of industrial processes. The development

of new catalysts has the power to make these processes more efficient and less toxic
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and is therefore critical for environmental sustainability efforts.135 Inspiration for the

development of new catalysts may be derived from nature’s catalysts: enzymes. Enzymes

are “green”; they typically contain cheap metals such as iron, manganese and copper.136

They are also highly selective.137 A deep understanding of enzyme catalysts may inform

the development of new sustainable, selective catalysts.

Rieske oxygenases are a class of enzymes best known for the degradation of aromatic

compounds through dihydroxylation.138 This function is practically useful for the re-

moval of toxic aromatic compounds from the environment.139 However their potential

applications are varied, including roles in human health,140–142 agriculture,143,144 and

chemoenzymatic synthesis.132,145,146

All ROs generally possess one of two quaternary structures: α3 or α3β3, where α

is the catalytic subunit and β the structural subunit.138 Each catalytic subunit con-

tains a Rieske-type [2Fe-2S] iron-sulfur cluster and a mononuclear Fe(II) site. During

catalysis, the mononuclear Fe(II) site performs the substrate oxidation, while electrons

are transferred to and from the Rieske cluster. The electrons required for oxidation are

donated to the Rieske center from NADH. There is a large distance ( 44 Å) between the

Rieske cluster and the mononuclear Fe(II) within each subunit, making electron transfer

between them unlikely. However, the subunits are arranged such that the Rieske cluster

is approximately 12 Å away from the mononuclear Fe(II) site in the adjacent subunit,

allowing electron transfer to occur between the Rieske and mononuclear Fe(II) sites in

adjacent subunits.138,147,148
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While much previous work has focused on Rieske dioxygenases, less attention has

been paid to Rieske monooxygenases.148 Salicylate 5-hydroxylase (S5H) is of particular

interest because it has been structurally characterized and it exhibits great catalytic

diversity, reacting with a wide range of substrates.149 Previous work that investigated

the reactivity of S5H with a variety of aromatic substrates found that it shares many

mechanistic features with more widely studied cis-dihydroldiol forming dioxygenases.148

Kinetics studies and product analysis have been used to propose a mechanism of

S5HH, the hydroxylase component of S5H. The O2 binding does not occur until the

substrate binds near the mononuclear Fe(II) site and the Rieske complex is reduced.

The substrate binding leads to the loss of a water bound to the Fe(II) and also causes

the Fe(II) to move away from the substrate, making room for the O2 to bind. The

O2 binds to the mononuclear Fe site, to make an Fe(III)-superoxo species that attacks

the substrate. A proton coupled electron transfer follows and then O-O bond cleavage

occurs to form the product.148

Although this basic mechanism for S5H has been proposed, the mechanism may

change when reacting with different substrates. In this work, the reactions of S5H with

various substrates were investigated. Reaction mechanisms were inferred from experi-

mental results that included kinetic and product isotope effects. In addition, density

functional theory calculations were employed to provide information about the charge

distributions and bond dissociation energies of substrates. With both the experimen-

tal and computational results, a general mechanism for S5H was proposed, as well as
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Figure 3.1: Proposed mechanism for Rieske monooxygenase S5H.

variations to this mechanism that depend on the identity of the substrate.

3.2 Computational Methods

All calculations were performed using the M06-2X functional150 and the 6–311 + (2df,p)

basis set151 within the electronic structure modeling program Gaussian 16 version c01.152

Geometries were optimized for salicylates and benzoates in their deprotonated conjugate

base forms. The SMD (solvation model based on density) continuum solvation model

using a dielectric constant of 5.6968, appropriate for the hydrophobic enzyme active

site, was used.153 CM5 (charge model 5) atomic charges were calculated with charges

of hydrogens summed into those of heavy atoms.154 Vibrational frequency calculations

were performed for each optimized structure and thermal and entropic contributions
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Figure 3.2: Carbon labeling on salicylate.

added to the self-consistent field energy. Bond dissociation free energies were calculated

for bonds broken and formed in the enzyme catalyzed hydroxylation of the substrate.

Bond dissociation free energy (BDFE) of the bond R-X was calculated using eq 4.1

where R−X represents the salicylate or benzoate molecule, R-X represents the molecule

after bond dissociation, and X∗ represents the dissociated atom (either H or F).

BDFE(R − X) = ∆G(R∗) + ∆G(X∗)−∆G(R − X) (3.1)
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Figure 3.3: Electrostatic potential surface maps of (A) salicylate and (B) 4-F-salicylate,
(C) 5-F-salicylate, and (D) 6-F-salicylate (computed with GaussView 6.1).

Here, we only report calculations using the M06-2X functional; however, additional com-

putations were also performed using the ωB97XD functional,98 and these computations

showed that identical conclusions would be reached.

Electrostatic potential surface maps were produced on the ρ = 0.02 au contour

of the molecular electronic density, from the optimized structures computed with the

parameters described above. Electrostatic potential surface map images were made in

GaussView 6.1.155
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Figure 3.4: Proposed mechanism for S5H for fluorinated substrates.

3.3 Results and Discussion

The same general mechanism for the oxidation of salicylate can be drawn for salicylate

with fluorine derivatives (Figure 3.4).1 Two factors were proposed to determine which

carbon on the aromatic ring hydroxylation occurs: the charge of the carbon and its

placement relative to the attacking Fe(III) species. A previous study on cis-diol forming
1Figures 3.1,3.3,3.4, and 3.5 reprinted with permission from Melanie S. Rogers, Adrian M. Gordon,

Todd M. Rappe, Jason D. Goodpaster, and John D. Lipscomb. Contrasting Mechanisms of Aromatic
and Aryl-Methyl Sub- stituent Hydroxylation by the Rieske Monooxygenase Salicylate 5-Hydroxylase.
Biochemistry, 62(2):507–523, jan 2023. Copyright 2023 American Chemical Society.
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Table 3.1: Observed hydroxylation products and computed substrate atomic charges for
salicylate and benzoate derivatives.

Substrate Product Atomic Charge
C4 C5 C6

Salicylate (Sal) 5-OH-Sal -0.0169 -0.0451 -0.0217
3-F-Sal 3-F,5-OH-Sal -0.0052 -0.0269 -0.0234
4-F-Sal 5-F,5-OH-Sal +0.0823 -0.0310 +0.0016
5-F-Sal 5-F,6-OH-Sal -0.0136 +0.0700 -0.0041
6-F-Sal 5-OH,6-F-Sal -0.0088 -0.0313 +0.0882
benzoate (Ben) 3-OH-Ben -0.0222 -0.0227 -0.0216
2-F-Ben 2-F,5-OH-Ben -0.0043 -0.0245 -0.0098
3-CH3-Ben 3-CH2OH-Ben -0.0281 -0.0303 -0.0242
5-CH3-Sal 5-CH2OH-Sal -0.0317 -0.0436 -0.0163
5-CF3-Sal none detected +0.0102 -0.0648 +0.0091

benzoate 1,2-dioxygenase showed that hydroxylation occurs on the ring carbon with the

most negative charge.147 In this work, 4-F-salicylate, 5-F-salicylate and 6-F salicylate

exhibit hydroxylation at C5, the most negative carbon. However, when fluorine is placed

at C5 hydroxylation occurs at C6. Accordingly the atomic charge computations show

the C5 to be strongly deactivated, and hence hydroxylation takes place at C6. Owing

to its high charge, hydroxylation could have occurred at C4. However, computational

docking of the salicylate substrate to the active site show the C4 to be occluded from

the oxygen binding site by a His229 ligand,156 explaining why the hydroxylation occurs

at C6, despite C4 having slightly more negative charge.

In the reaction of the methyl salicylate (5-CH3-Sal), hydroxylation occurs on the methyl
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Table 3.2: Bond Dissociation Free Energies (BDFE) of Tested Substrates.

Substrate Bond BDFE
Salicylate C5-H 101.01
Salicylate-d6 C5-D 102.60
5-CH3-salicylate methyl C-H 81.42
5-CD3-salicylate-d8 methyl C-D 83.12
3-F-salicylate C5-H 102.21
4-F-salicylate C5-H 106.48
5-F-salicylate C6-H 103.63
6-F-salicylate C5-H 105.38
5-CH3-salicylate methyl C-5 111.81
benzoate C3-H 101.05

C5-H 101.07
3-CH3-benzoate methyl C-H 81.96
2-F-benzoate C3-H 104.01

C5-H 102.20

group instead of the aromatic ring. Surprisingly, an inverse kinetic isotope effect is ob-

served in stopped-flow-single-turnover reactions.149 The inverse KIE could be explained

by a change in ring carbon hybridization from sp2 to sp3 when attacked by the superoxo

intermediate. Therefore it is proposed that methyl-substituent hydroxylation reaction

mechanism includes a Fe(III)-superoxo attack of the aromatic ring. The binding with

the ring enables the oxidation of the mononuclear iron site and the subsequent transfer

of an electron from the Rieske complex. The charge calculations, which show C4, C5

and C6 to be negatively charged, confirm that electrophilic attack of the aromatic ring

carbons is likely.

A product isotope effect is also observed for the methyl substituent hydroxylation; an
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excess of product from non-deuterated substrate is formed when equal amounts of deuter-

ated and non-deuterated substrate are present.149 The observation of the product isotope

effect implies that substrate exchange occurs at the active site. Finally the C-H bond

of the methyl substituent is quite strong (81.4 kcal/mol), requiring a powerful oxidizing

intermediate. A mechanism consistent with these observations is shown in Figure 3.5.

An Fe(III)-(hydro)peroxo intermediate not bound to the substrate is formed and then

converted to a HO-FE(V)=O species capable of performing oxidation at the methyl

substituent.

To further our understanding of the S5H mechanism, QM/MM computations may

be performed on the substrate bound to the active site.157 Computations could tell us,

for example, how the active site can affect access of the reactive iron species to specific

ring carbons on the substrate. Insights from active site and substrate calculations could

provide insight into the observed kinetics. To explain the proposed substrate exchange

for methyl-substituted reactions, computations could be performed to determine the

stability of the reversibly formed Fe(III)-peroxo-substrate intermediate. The stability

of this intermediate could be impacted by the particular orientation of the substrate

within the active site, owing to the presence of a bulky methyl group. In addition QM

calculations could investigate structural changes that result from changes in the Rieske

cluster oxidation state. The structural insights afforded by QM/MM studies will advance

our understanding of the reactivity of Rieske monooxygenases.
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Figure 3.5: Proposed mechanism for S5H for methylated substrates.



Chapter 4

Conclusion

Machine learning for potential energy surfaces is a dynamic, fast-moving field of research.

Every year new models are proposed that exhibit better accuracy and data efficiency.

There are two main approaches to machine learning potentials. One approach is to

train system-specific models. In this approach ab-initio molecular dynamics may be

performed, and training configurations harvested from the trajectories to train a ML

model. When the model has been trained on a training set sufficiently covering configu-

rational space, the ab-initio simulation can switch to ML simulation. This allows longer

simulation times to be achieved and avoids the need to perform redundant ab-initio

calculations. The other approach is to train machine learning models generalized to a

wide range of chemistry. Researchers could employ such a generalized model ‘out of the

box’ without additional training data generation or training, much as researchers now

use a DFT functional to calculate properties of interest. Both approaches to NNPs are

56
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promising and should be pursued in future research efforts.

There are several exciting areas of further research in the field of NNPs. The gener-

ation of large training datasets is a critical area of work, especially for the development

of generalizable NNPs. It is important that datasets cover a wide range of chemical

and conformational space, while also avoiding redundant data.158 Several large datasets

have been constructed with the goal of training NNPs. QM9 is a dataset of 135k organic

molecules in equilibrium configurations.159 The ANI-1 dataset consists of a large set (20

million conformations) of off-equilibrium geometries and energies of organic molecules.31

In the original ANI dataset, only molecules containing elements H, C, N, and O are

represented, but the ANI-2 contains F, Cl, and S as well.160 Limitations of the ANI

datasets are that they do not include charged species, or high energy configurations

in which covalent bonds are broken and formed. The SPICE dataset is another large

dataset containing small molecules, dimers, dipeptides, and solvated amino acids.161 It

includes charged species and non-covalent interactions. However it does not include high

energy configurations involved in chemical reactions. Transition1x was developed in or-

der to address the lack of datasets containing reactive chemistry.162 The configurations

were generated by sampling along the Nudged Elastic Band pathways of 10k organic

reactions.

The datasets mentioned above are good initial attempts at generating comprehen-

sive quantum chemistry datasets for the training of ML potentials. But larger datasets

containing more varied chemicals are still needed, as well as datasets at higher levels
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of theory. As more datasets are developed, it is important that the methods for gener-

ating the data are well-documented. For example it is critical that the level of theory,

and software used for ab initio calculations are documented, as well as the methods

used to sample configurations. Guidelines have been proposed for the use of ML in

chemistry.134,163

For both generalized or system-specific models, the algorithms for producing chemi-

cally varied, and balanced training data sets is a crucial area of research. Given the com-

plexity of multi-dimensional potential energy surfaces, it seems that iterative methods,

such as active learning, are needed to construct training datasets. Ensembles of mod-

els are widely used for uncertainty estimation in active learning algorithms. However,

ensemble uncertainties have been shown to be unreliable estimators of model error.164

We have seen this in our own work and it deserves further study. In addition, training

multiple models in the ensemble is a significant computational expense. Better meth-

ods to estimate model uncertainties are needed. One approach is to use Bayesian neural

networks that have internal uncertainty estimates based on the similarity between a con-

figuration’s atomic environments and environments already represented in the training

set. Bayesian neural networks are often prohibitively expensive, but some success has

been shown with low-dimensional Gaussian process models.165 A fully automated active

learning scheme was developed, in which the algorithm determined whether to add a new

configuration into the training dataset based on the model uncertainty. An alternative

approach to data selection within the active learning scheme is to select configurations
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based on their geometric similarity with respect to configurations already in the training

set. Those new configurations that are the least similar are likely the most important.

Finally, hybrid methods that combine physics-based molecular mechanics methods

with NNPs is a promising method for the simulation of large chemical systems. Despite

rapidly improving high performance computing resources, energy and force evaluations

of NNPs, as well as generating training data for large systems, remain a challenge.

Through hybrid methods, the components of the system requiring the flexibility of a

neural network can be identified, and the remainder treated with cheaper methods.
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