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Abstract

This work applies a graph neural network to the prediction of the potential energy surface
of ionic liquids and organic molecules. Representing atomistic systems as molecular
graphs enables the use of message passing neural networks to propagate information
using the graph connectivity structure, which has the potential to replace the need for
computationally expensive atomistic descriptors.

Graph Attention Networks are adapted to operate on sparse molecular graphs and per-
form message passing to propagate information using attention as an update rule. After
multiple message passing layers, a hierarchical regression readout head transforms the
obtained features into atomic contributions. The sum of these contributions is the model’s
prediction of the potential energy, while the atomic forces are calculated as its derivatives.

An efficient JAX implementation leveraging a GPU and just-in-time compilation enables
molecular dynamics simulations using the forces, while sparsity avoids the quadratic
computational complexity of self-attention and enables the model to efficiently scale to
larger systems.

This work adapts the implementation from NeurallL, a descriptor-based architecture
using spherical Bessel descriptors and a neural network, which serves as a baseline against
which to evaluate the model’s predictive accuracy and speed. The model achieves chemical
accuracy when predicting the forces of an ionic liquid, while achieving a significantly faster
runtime with a 4x speedup during training. Evaluation on the very large ANI-1 dataset
shows the model’s ability to efficiently predict the energy of small organic molecules with
chemical accuracy and describe displaced molecular states such as during dissociation or
vibration.
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Kurzfassung

Diese Masterarbeit verwendet Graphen-basierte neuronale Netzwerke zur Vorhersage der
potentiellen Energieoberflache von organischen Molekiilen und ionischen Fliissigkeiten. Die
Représentation von atomistischen Systemen durch Graphen ermoéglicht die Verwendung
sogenannter message passing neural networks, um Information iiber die Graphenstruktur
an benachbarte Atome zu verbreiten. Dies ermdglicht es, die herkémmlich verwendeten
und rechnerisch sehr teuren Fingerabdriicke zu vermeiden.

Graph attention networks werden adaptiert, um einen diinnbesetzten molekularen Gra-
phen zu generieren und durch den Attention-Mechanismus gewichtete Nachrichten zu
versenden. Nach mehreren solchen Ebenen werden die Energiebeitrédge durch eine hierar-
chischen Regressions-Kopf ausgelesen. Die Summe dieser atomistischen Beitrage ist die
Vorhersage der potentiellen Energie des Molekiils. Die auf die Atome wirkenden Kréfte
werden als Ableitung des Modells evaluiert.

Eine effiziente Implementierung in JAX macht Nutzen von einer Grafikkarte sowie just-in-
time Kompilierung und ermoglicht dadurch die Simulation der temporalen Entwicklung
molekularer Systeme durch Integration der Kréifte. Die quadratische Komplexitit des
Attention-Mechanismus wird durch Berechnung auf dem diinnbesetzten Graphen vermie-
den, wodurch Skalierbarkeit zu grofieren Systemen erméoglicht wird.

Diese Arbeit adaptiert die Implementation von NeurallL, einer Fingerabdruck-basierten
Architektur zur Berechnung der Energie und Kréfte von ionischen Fliissigkeiten. Die
Methode nutzt kugelférmige Bessel-Fingerabdriicke sowie ein neuronales Netzwerk und
dient als Referenzmethode zum Vergleich der Genauigkeit und Geschwindigkeit des
Graphen-basierten Modells.

Das Modell erreicht chemische Genauigkeit bei der Vorhersage der Energie und Kréfte von
ionischen Fliissigkeiten bei einem 4x Geschwindigkeitsvorteil beim Trainieren. Evaluierung
auf der sehr grofien Datenbank von organischen Molekiilen ANI-1 zeigt die Fahigkeit des
Modells, effizient die Energie von Molekiilen in dissoziierten Zustdnden und wéhrend der
molekularen Vibrationen mit chemischer Genauigkeit vorherzusagen.

ix
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CHAPTER

Introduction

A brief overview highlights the most important concepts of the domain and formulates
the primary challenges as well as the goal of the thesis. Concepts such as the potential
energy surface and molecular states are introduced, which are addressed in detail in the
next chapter.

1.1 Computational chemistry

An accurate description of an atomistic system, such as those studied by chemistry
and materials science, requires the use of quantum mechanical methods. Although the
Schrédinger equation accurately describes the dynamics, an analytical solution is only
possible for the simplest systems, and for non-trivial numbers of atoms, the computational
and storage requirements of a direct approach to the quantum-mechanical equations are
intractable, a problem known as the exponential barrier. [Koh99]

Approximation methods such as those based on density functional theory (DFT) achieve
chemical accuracy at reasonable computational cost but do not scale nearly as well as
would be needed to routinely deal with thousands of particles. [Koh99] On the other
hand, classical force fields cost little to run, but are inherently limited in their accuracy
and lack transferability beyond the configurations or dataset the model was parametrized

for. [vLB20]

Using neural network force fields (NNFFs) to tackle the computational complexity and
scaling has been proven a promising approach for prediction of the potential energy
surface (PES) or other properties of interest. [BP0T7, Beh21] Such potentials are trained
in a supervised learning context using a dataset of atomistic configurations to predict the
regression targets, obtained from costly DFT-based ab-initio calculations. The availability
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INTRODUCTION

and size of high-quality datasets is still a limiting factor in training such models, in
particular for molecules which are not in their ground states. [vL.LB20

Predictive models need to fulfil the physically relevant invariances, which are commonly
captured by the use of atom-centered fingerprints and an appropriate ansatz.
Translation and rotation do not affect the potential energies or scalar properties, and
hence predictions need to be invariant to such transformations of the input coordi-
nates. Since two atoms of the same species are chemically identical, exchanging atoms
in the input (a permutation) or a change in indexing should not change the model’s output.

In recent years, graph-based deep learning approaches have emerged as an alternative
approach. They leverage neural message passing to learn representations of the molecular
graph instead of the conventionally used atomistic fingerprints capturing the local
chemical environment around each atom. This end-to-end learning approach thus avoids
the expensive descriptor calculation and achieves favourable scaling for larger systems

while respecting invariances and retaining chemical accuracy. ﬂm, \GY21l, [FZJS21]

1.2 Molecular dynamics & screening

In molecular dynamics (MD) the evolution of atomistic systems in time is simulated by
numerically integrating the classical equations of motion for the nuclei using the forces
acting on each atom for a small time step. [UCST21] Calculating the atomic forces is
comparable in computational cost to only calculating the energy, however the relevant
timescales necessitate millions of evaluations to simulate a few nanoseconds of a system.
Inference using trained NNFFs is many orders of magnitude faster than DFT-based
methods and comparable to classical force fields in runtime, while still achieving chemical

accuracy. [GSRF17]

Another important use case of such potentials is to facilitate the exploration of the vast
space of chemically viable configurations in search of new and promising candidates for
a given application or domain. Exhaustively searching this space for organic molecules
is infeasible, but more generally only a small set of configurations can practically be
evaluated using DFT-based approximations given their computational cost. Instead,
efficient machine learning potentials serve as the primary filter for in silico screening to
discover novel and promising compounds, the best of which are subsequently evaluated
using highly accurate ab-initio methods. m

A similar application is in the domain of materials science, where approximation of the
structural and electronic properties of atomic structures guides the discovery of desirable
materials. Many properties of interest can be derived from the potential energy, but DFT-
based methods are not prescriptive and give no guidance on how to do so. Instead, machine
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1.3. Systems & states

learning approaches can be used to construct latent representations from the atomic
configurations, from which relevant properties of bulk or surface structures, crystals,
liquids or organic molecules can be predicted directly using conventional classification or
regression heads. Although efficiency is still important to screen the vast space of possible
configurations, the model’s inference time is far less critical in this domain compared to

MD simulations. [FZJS21]

1.3 Systems & states

Beyond the multitude of molecules and systems of interest depending on the domain,
the state of the molecule or system plays an important role for the accuracy of predic-
tive models. Many datasets evaluate a molecule’s energy and properties in the local
neighbourhood of their ground state, after relaxation of the atomic positions until all
atomic forces reach zero. Characterizing a single basin of attraction of the PES requires
sampling of the molecule outside of its ground state, which a model trained exclusively
on ground state configurations cannot accurately reproduce. Many aspects of chemical
and practical relevance however involve transitions between different attraction basins of

the PES.

In particular, the dissociation of an atom from the molecule is one such aspect where cur-
rent approaches commonly fall short, both for the lack of such interactions in benchmark
datasets as well as due to some architectures making dissociation impossible by design,
such as when treating molecules as static units. Dissociation however is a frequently
occurring process during chemical reactions and forms the basis of technologies such as

electrospray propulsion. [KMHET1

1.4 Aim of the work

By adapting improved graph attention networks (GATv2) [VCCH17, BAY21] to the task
of predicting the PES of ionic liquids and organic molecules, this work aims to improve
upon the status quo and address shortcomings of current NNFFs as well as explore the
applicability of graph-based approaches for the study of molecular systems. Of special in-
terest are accurate and transferable prediction of systems outside their ground states, such
as during dissociation and vibration, which are of practical relevance for chemical reactions
and MD simulations but where current methods fall short of being both accurate and fast.

Graph-based potentials have already achieved state-of-the-art results on many tasks and
shown promise to address shortcomings of current NNFFs as well as dispensing with
the need for fingerprints. Their application to various tasks and systems of practical
relevance makes graph neural networks an especially interesting architecture which might
be able to achieve competitive performance using a general architecture, rather than
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through the use of hand-crafted domain-specific extensions to NNFFs which trade off
marginal performance gains for drastically more complex models.

The message passing framework (MPNN) [GSRF17] generalizes most graph-based ap-
proaches so far, which differ primarily in how information from a node’s neighbourhood
is updated and aggregated. Graph attention networks (GAT) use an attention-
based update and can be categorized within the MPNN regime but have not seen much
adoption in the domain of materials science and chemistry.

To this end, the design space of MPNNs using an attentional update rule is explored
on an ionic liquid dataset as well as the very large ANI-1 dataset of organic molecules
[SIR17a] to obtain comparable results to related works. Many considerations are taken
in the name of computational efficiency and scalability, such as leveraging a sparse graph
implementation, automatic differentiation and compute accelerators (such as a GPU) in
JAX [BEH'20] to achieve efficient training and inference suitable for MD simulations.
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CHAPTER

Literature Review

This chapter introduces the chemical and computational background relevant to the
problem, and thereafter discusses conventional as well as modern approaches to the task
of predicting the potential energy of molecules. The central concepts of the potential
energy surface (Sec. 2.1.3) and molecular states (Sec. 2.1.5) are discussed in detail, which
motivates the application of deep learning approaches for molecular dynamics simulations.
Physical invariances (Sec. 2.2.4) and the additive ansatz (Sec. 2.2) are considered,
which apply to descriptor-based as well as modern architectures. A discussion of the
message passing neural network framework (Sec. [2.3.3), the attention mechanism and the
graph attention network architecture (Sec. 2.3.4) follows. The chapter concludes with
an extensive review of relevant architectures, baseline approaches and state-of-the-art
models (Sec. 2.3.5)).

2.1 Computational chemistry

2.1.1 Atoms and molecules

In chemistry, the smallest unit of matter are atoms that belong to chemical elements,
which are made up of a nucleus surrounded by one or more electrons. The simplest atom
is hydrogen (H), a single negatively charged electron which is bound to the positively
charged nucleus by the electromagnetic force. Multiple atoms can form bonds between
each other to create stable structures; the simplest molecule is Hy. It is made up of two
H atoms forming a covalent bond, by which each H atoms shares its single electron to
achieve a more stable, lower-energy state.

An incredible diversity of molecules can be formed from the basic elements hydrogen (H),
carbon (C), oxygen (O) and nitrogen (N). A molecule’s 3-dimensional spatial structure
is determined by the electromagnetic interactions between multiple nuclei and many

5
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electrons with each other, and for a given set of atoms many configurations are possible.
The lowest-energy configuration, the ground state, is the most stable and therefore likely
3D structure, whereas higher-energy states are occupied with exponentially decreasing
probabilities corresponding to the discrete increases in energy of those states. For a
molecular ensemble at constant temperature, the Boltzmann distribution describes this
probability of observing a molecule in a given state.

2.1.2 Approximating the Schrodinger equation

The accurate description of atoms and molecules necessitates modeling the quantum
interactions of electrons using the wave function and associated atomic energies, which
are described by the Schrodinger equation. However, solving it analytically is computa-
tionally intractable and approximations are necessary for even for the smallest systems,

such as Ha. [Koh99]

The main complexity arises from contributions of higher-order electron-electron interac-
tions, in particular from the exchange-correlation functional contribution to the electronic
energy. Molecular quantum mechanics uses computational methods to calculate these
contribution efficiently, which operate within the Born-Oppenheimer (BO) approximation
to model the electronic structure and obtain the wave functions and associated energies
of the electrons.

By observing the difference in timescales of motion due to the large difference in mass
of the nuclei and electrons, the BO approximation assumes the terms can be separated.
The adiabatic theorem states that due to sufficiently slow timescales of the movement
of the nuclei, the electrons experience gradual and continuous perturbations and thus
can adapt their functional electronic form. [ZHSHO5] This allows simplification of the
electrodynamic interactions to electrostatics, in which the electrons are only affected by
the electrostatic field created by stationary nuclei.

The total Hamiltonian operator acting on the molecules’ wave function then becomes
the sum of the separately evaluated kinetic energy of the nuclei, the Coulomb repulsion
of the nuclei as well as the contribution of the electrons. The electronic energy depends
only on the relative position of the nuclei but not their kinetic terms, thus the electronic
Schrédinger equation can be solved to obtain the electronic wave function, from which
the total wave function can be calculated. The electronic Hamiltonian consists of
three independent contributions, respectively the electrons’ kinetic energy, their mutual
repulsion as well as electron-nucleus attractions. [ZHSHO5)
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2.1. Computational chemistry

2.1.3 Potential energy surface

Solving the electronic Schrodinger equation with the Hamiltonian of the system thus
yields the wave function and energy of the system, which uniquely defines the geometry
and stability of the molecule. A change in the position of one of the nuclei alters the
energy of the molecule, which again requires solving the aforementioned equations with
the new positions of the nuclei to obtain the energy of the new state. Considering a
continuous change of one parameter, such as the inter-atomic distance r;; between the
two H atoms forming a bond in a Hs molecule, gives rise to a curve relating the potential
energy to the reaction coordinate, such a the bond distance or angle.

The potential energy surface (PES) analogously describes the high-dimensional energy
landscape for many degrees of freedom, usually for the 3-dimensional atomic position
of each of the N nuclei. The PES is invariant to rotation and translation of the system
and is therefore defined by 3N — 6 degrees of freedom for non-linear systems. It is thus
possible to define the system using internal coordinates, as the absolute position and
orientation in space does not change the potential energy.

Stationary points in the PES are of particular relevance, such as local and global minima
which characterize stable states of the molecule. Saddle points characterize transitions
between stable configurations, which follow the optimal path of minimal energy required
to overcome the saddle point’s energy barrier. Knowledge of the PES thus fully charac-
terizes not only a molecule’s low-energy stable states, but also the most likely transition
between states as well as many other properties of interest. Full knowledge of the PES is
thus highly desirable; however, obtaining it is intractable especially for larger systems
due to the many continuous degrees of freedom.

Of great practical interest is thus an accurate yet fast computational method to ap-
proximate the potential energy for a given molecular configuration. Constructing this
functional mapping from the atomic positions to the energy of the molecule is thus the
main task of this thesis, and possession of such a mapping allows for the construction of
the full PES for every possible configuration.

In practice, low-energy regions of the configurational space are frequently occupied,
while other regions are unlikely to ever be observed during the natural vibrations and
transitions of molecules. Fully evaluating the PES is therefore not necessary, and a
representative sampling of the PES can capture the complex interactions and accurately
reproduce its dynamics.

However, this means generalization to sparsely sampled regions of the PES will occasion-
ally be necessary and for such regions the accuracy of the mapping will likely diminish.
This issue is described by the curse of dimensionality, which formalizes the difficulty of
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densely sampling a volume of space when the dimensionality increases. It suggests that
only very few samples in the training dataset will be reasonably close and similar to a
new configuration, and even those samples will be different in important ways.

2.1.4 Molecular dynamics

With an adequate method to approximate the energy of a configuration, the forces acting
on each of the atoms can be evaluated as the model’s gradient with respect to the atomic
positions. Importantly, a force field obtained this way is conservative, satisfying the
property that work done by the forces only depends on its endpoints, but not its trajectory.

With the forces, Newtons equations of motions can be numerically integrated for a small
time step At, yielding new positions for every atom. This method is known as molecular
dynamics (MD), and multiple integrators are available for this purpose, such as the Verlet
algorithm or Fuler’s method. Repeating this procedure for many time steps yields the
temporal evolution of the molecular system.

At the atomic scale, the necessary time step is on the order of femto- (fs, 1071 s) to
picoseconds (ps, 10712 s). Millions of time steps and therefore evaluations of the position-
forces mapping are necessary to simulate a short segment of the temporal evolution
of the system, and the computational demands for speed and accuracy are therefore
very high. Beyond that, errors accumulate throughout the MD simulation, and even
small inaccuracies can lead to divergent or unphysical behaviour, especially if they are
systematic and not random errors. With MD simulations, the diverse range of molecular
states, vibrations and transitions can be inspected to gain insight into the properties,
transition energies or characteristic distributions of molecules.

2.1.5 Displaced states

Many datasets describe a molecule’s properties in their ground state, obtained by relaxing
the system in time until all forces are equal to zero. However, in reality a molecule only
ever occupies its true ground state at 0 K, and wvibrates within a stable state’s attraction
basin at characteristic frequencies depending on the size and energy of the molecule as
well as the temperature. A non-linear molecule with N atoms has 3N — 6 normal modes
of vibration, termed its characteristic frequencies.

Capturing the behaviour of the system outside of its ground state is thus of relevance,
in particular considering the molecule is never actually observed to remain there. An
important aspect is dissociation, such as the removal of a H" proton from a molecule,
which happens on a regular basis and is chemically important but not accurately captured
with common approximations.
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2.1. Computational chemistry

Larger molecular systems harbor further obstacles to a good approximations of the PES,
where long-range and higher-order interactions might drastically influence the properties
and dynamics of a material. The temperature of a system also influences which transitions
a molecule undergoes. A higher temperature changes the occupation probabilities of the
PES and thus makes easier to overcome the energy barrier in a transition path.

2.1.6 Organic molecules

Individual organic molecules by themselves show incredible diversity and function, and
searching for useful candidates for downstream applications necessitates exploration of
the vast space of chemical compounds.

Increasing the number of atoms forming a molecule yields many more relevant structures
due to increases from three distinct sources. First, an isomer is a molecule with the same
composition of atoms. More heavy (non-hydrogen) atoms thus make possible many more
sensible combinations to form a molecule, in addition to more hydrogen atoms. For a
given isomers, many molecules are possible, each of which has many conformations.

A molecule refers to a particular arrangement of atoms with a fixed set of bonds. Trans-
formation of one molecule to another requires breaking and forming bonds to alter which
atoms are bound to what, which requires overcoming a significant energy barrier. Since
all atoms of the same species are identical, exchanging two atoms of the same element
does not yield a new molecule.

Finally, a conformation is a snapshot of a molecule’s position in space, which continuously
changes during the molecule’s vibrations. Larger molecules have many normal modes of
vibration, and hence many samples are necessary to exhaustively describe the states of a
molecule.

Even small molecules with ~10 heavy atoms can have thousands of chemically viable
configurations with different properties. The QM9 dataset includes chemically
relevant small organic molecules with up to 9 heavy atoms in their ground state, relating
the 3-dimensional structure to the energy as well as other properties of interest. The
molecule C;02H1( is one of the largest in the QM9 dataset and has ~5950 conformers,
different structural configurations made of the same atoms. The energy and targets of
interest are calculated using DFT, the current go-to computational method due to its
good scalability and reasonable accuracy.
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2.1.7 Ionic liquids

Ions are molecules with a net positive (cation) or negative (anion) charge. Compared
to electrically neutral molecules, ions tend to interact with ions of the opposite charge
to achieve an overall neutral and more stable state. This makes ions more difficult to
model, but their charge generally endows them with functional properties.

A salt is an assembly of cations and anions with an overall neutral charge, which is
referred to as an donic liquid (IL) in its liquid state. ILs generally have a high melting
point, the temperature at which the state of the substance transitions from the solid
to the liquid phase. ILs exist in their liquid state at room temperature and since they
conduct electricity, it makes them very interesting for many potential applications ranging

from catalysis to energy storage and green solvents. [TTOKI0, MBL04l, [ES00, JKLROG]

Solvents are critical to many chemical processes, and IL have promising properties as
green solvents in which reactions can be carried out. Since ILs have negligible vapor
pressure, almost no compounds vaporize and escape, which both reduces the cost and
environmental harm as the IL can be recycled and reused. [ES0O0]. Understanding the
influence of the choice of base ions on the properties is of fundamental importance to
guide the design of such designer solvents. It is possible to train a computational model
to directly predict the properties of interest or even generate compounds with such

attributes directly. [MDM*20]

The first discovered example of an IL is ethylammonium nitrate (EAN, CoHgN2O3).
It consists of the nitrate anion NO3~ and the ethylammonium cation CoHsNH3™.
EAN has a very low melting point of 12°C and is therefore in its liquid state well below
room temperature. [MBL04

Exchanging the anion or cation in the IL gives rise to different properties, among them
the melting point, solubility, polarity and density. Considering the large range of base
anion and cation choices and their combinatorial nature, ILs with desirable properties
can be designed specifically with an application in mind. [MBL04]

Around 1 billion RTILs are estimated to be possible [MBL04, [ES00], requiring a compu-
tational approaches for the efficient screening of the vast space of possible compounds in
the search for desirable molecules. Promising candidates from the screening process are
further modeled with highly accurate computational methods and only a few of the best
candidates can eventually be validated experimentally. [VELT19)



Die approbierte gedruckte Originalversion dieser Diplomarbeit ist an der TU Wien Bibliothek verfligbar

The approved original version of this thesis is available in print at TU Wien Bibliothek.

] 3ibliothek,
Your knowledge hub

2.2. Neural network potentials

2.2 Neural network potentials

2.2.1 Computational approaches in chemistry

Computational approaches are required for the approximation of the energy of molecules
and compounds since analytical solutions of the Schrédinger equations are intractable for
even the simplest systems. Accurate and inexpensive predictions are therefore of great
relevance, yet one cannot obtain both but has to choose among one of many methods
with their respective assumptions, simplifications and limitations. A rich literature of
methods exist all along the spectrum of the accuracy-speed trade-off, ranging from rapid
force fields to highly accurate quantum-mechanical ab-inito calculations.

Many methods can be then summarized as using an empirical or theoretical parametriza-
tion for each of the individual terms contributing to the total energy, with the optional
addition of more elaborate correction terms. The crux of all methods is the electron-
electron interaction term, which contributes only a fraction of the total energy yet
demands the vast majority of computational efforts. Since an electron is coupled with all
other electrons, the Coulomb and exchange interaction terms cannot be further isolated
or simplified, but exhibit many-body effects and result in the so-called exponential barrier
due to the added degrees of freedom from each additional electron.

Some of the most prominent methods are those based on density-functional theory (DFT),
a set of reasonably accurate ab-initio methods with good scalability, which is based on
modeling the ground-state density of a system of interacting electrons. In theory, all
relevant properties can be derived from the ground-state density, and thus explicitly
solving the electronic Schrodinger equation can be avoided. [Koh99]

However, DFT-based methods are descriptive rather than prescriptive, and therefore
it is generally unknown how to derive them. While DFT-based methods are able to
scale up to larger systems of thousands of atoms, even small compounds require hours of
computation on powerful compute clusters. Despite this, DF'T is one of the workhorses
of computational chemistry and the go-to method for the calculation of the energy and
properties for larger molecular systems. [Beh21

For MD simulations or screening however, hours of computation for every step is orders
of magnitude too slow to be of practical interest. Empirical potentials such as atomistic
force fields, among them OPLS-AA [JMTRI6], are used when millions of evaluation steps
are routinely required. OPLS-AA operates on a timescale of (fractions of) a second per

evaluation, which allows for the simulation of much larger systems and longer timescales.

However, such methods achieve great speed at the expense of accuracy, in part due to
the many simplifications and assumptions required to achieve favourable speed and scaling.

11
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Machine learning (ML) methods are promising candidates, which learn the functional
mapping between the atomic positions and their potential energy directly. Neural
networks (or generally, any ML approximator) are trained in a supervised context on
a reference dataset of positions and energies, which are calculated using DFT-based
methods. Once trained, evaluating a new configuration is rapid and comparable in speed
to force fields, but approaches the accuracy and generalization of ab-initio methods when
given sufficient data to train on. ML-based methods are thus able to strike a favourable
balance on the accuracy-speed trade-off. [Beh21]

2.2.2 High-dimensional neural network potentials

Although neural networks have been used to parametrize potentials for very small sys-
tems for many years, the introduction of high-dimensional neural network potentials
(HDNNPs) in 2007 addressed major limitations of earlier approaches and allowed ML
potentials to achieve good accuracy. The ideas introduced by Behler and Parrinello
are discussed in the following sections, which highlight some key insights prevalent in
current state-of-the-art approaches and motivate the introduction of novel architectures
to overcome their limitations. [BPOT]

Second-generation HDNNPs represent the total potential energy E,q as a sum of atomic
contributions (Sec. 2.2.3)) and propose the use of separate dense layers and parameters for
each atomic species. Put together, these two adjustments ensure the network computes
permutation invariant predictions, which previous ML-based approaches struggled with.

Central to their approach was the introduction of a new type of symmetry function,
which fulfils desirable qualities. These descriptors map the set of Cartesian coordinates
to a feature vector for each atom, which describes the local chemical environment of
its neighbourhood and determines the molecule’s energy. Crucially, these functions are
designed to yield descriptors which are invariant to rotation and translation (Sec. [2.2.4)
and whose size is independent of the number of atoms in the neighbourhood. These
descriptors of static shape then serve as the input to the neural networks, which maps
an atom’s local environment to its contribution to the total energy. [BPO7]

2.2.3 Energy & forces

Additive atomic contributions

Central to the prediction of the molecular PES using current ML potentials is their
approach of combining the individual energy contributions from each atom to obtain
the total energy, which can be viewed as a global pooling layer. 2 (the neural network)
maps the input features, the position p; and atomic species ¢;, to a latent space where
permutation invariance is subsequently enforced by the sum over atoms. These latent
features are transformed by p into the prediction of the potential energy. Therefore, the
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total energy can be decomposed into additive atomic contributions approximated by €2
as long as p is known.

Natoms

Epoi({pisei}) = n| Y Qpires)] (2.1)

=1

Formally, a justification for this approach can be found in the deep sets theorem ,
which proves the existence of u. Although Eq. [2.1/is a very general approach, to achieve
the theoretical properties the latent space needs to be very high-dimensional. Further-
more, multiple configurations with a varying number of atoms are a poor fit for u, which
needs to consider an appropriate normalization and scale for systems of different size.

Practical considerations for training neural networks thus suggest restricting €2 to a scalar
output and p to the identity function. This additive ansatz transfers the property of
additivity from the latent space to the potential energy, where it becomes an approxi-
mation. Although this ansatz has been used empirically for many years, it strikes the
balance between generality of the function and practical considerations of training NN
potentials. The Behler-Parrinello architecture assumes p = 1.

Tatoms

Epot ({pi,ei}) = Z Qpi, e:) (2.2)

Atomic forces
Once the potential energy of the molecule has been calculated, the forces acting on each

atom can be obtained as the derivative of the energy with respect to the atomic positions.

8E‘po‘c({pom ea} Z 8Lapot ) 8pa (2 3)

£ = or; Opa  Ory

«

If the entire network and descriptor generation is algorithmically differentiable, calculating
this derivative is computationally inexpensive, with only a linear increase in overall
computational complexity. ﬂm Using the forces is thus a great way to better leverage
each expensive DF'T calculation, this way the 3N atomic forces can be used in the loss
function, possibly in combination with the scalar Fpo. Multiple regression targets allows

the models to learn more efficiently from fewer samples during the training process.

[SKSEF17, [COT*17]

2.2.4 Physical invariances

Rotational & translational invariance
Special attention is afforded to the issue of implicit group invariances when representing
molecules using Cartesian coordinates in free or Euclidean space E(3). Concretely, the

13
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potential energy does not depend on their orientation or position in space, but is invariant
to translation and rotation (Eq. 2.4). Mathematically, transformations exactly preserving
the internal coordinates can be expressed as follows for a group action p € G and function
f acting on the atomic coordinates R.

Epot = f(p(R)) = f(R) (2.4)

Similarly, the forces acting on a molecule do depend on orientation, they are equivariant
and the vector of atomic forces changes exactly with the rotation of the molecule.

f=p(f(R) = f(p(R)) (2.5)

Permutation invariance

Since all atoms of the same species are chemically identical, a permutation or exchange
of two or more atoms of the same species does not change the energy and properties of a
molecule. Similarly, a change in the indexing order of the atomic positions and species
doesn’t change the molecule. Any model predicting the PES or its properties should
therefore perform equivalent computations to obtain identical features and outputs for
a permuted input. Naively however, this requirement does not hold for a multi-layer
perceptron (MLP) or other ML model, which does depend on the order of its input.

Exclusively using internal coordinates such as the inter-atomic distance instead of Carte-
sian coordinates makes the architecture permutation invariant in combination with the
sum over atomic contributions. Since the edges generated for the molecular graph only
depend on the pairwise distance, permuting the input order of the coordinates would
permute the indexing of the atoms and respective edges, however the generated graph
would be isomorphic to the original graph. [BBCV21] Since the potential energy obtained
is invariant, the calculation of the forces (Eq. [2.3) generates equivariant results for a
permuted, translated and rotated set of input coordinates.

2.2.5 Atom-centered symmetry functions

Following the introduction of novel symmetry functions [BP07], a large number of meth-
ods based on variations and improvements of the atomic descriptors have been proposed,
which build upon the general template of second-generation HDNNPs. Atom-centered
neural networks take as input the feature vectors produced by one of many hand-crafted
fingerprint methods and transform them into the energy contributions. An extensive
review of the numerous proposed fingerprint methods is given by Bartdk et. al. [BKC13],
while Faber et. al. investigate how the choice of descriptor impacts the models’ perfor-

mance [FHH™17].
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Despite the significant gains in computational speed compared to DFT-based methods,
calculating the fingerprints is drastically more expensive than evaluating the neural
network and remains the primary bottleneck. However, reducing the complexity of the
descriptors by optimizing the hyperparameters or considering smaller neighbourhoods
improves the situation only marginally and yields less accurate predictions.

One notable example for atomistic fingerprints are spherical Bessel descriptors, which
focus on minimizing redundant information in the descriptors by choosing a minimal
basis set based on spherical harmonics. Beyond respecting invariances and being twice-
differentiable, these descriptors are complete, they allow for the atomic environment to
be reconstructed up to symmetry. The local neighbourhood is described by projecting
the neighbour density function onto a set of orthonormal basis functions, which are based
on spherical harmonics and radial basis functions. [KME20]

Compared to the commonly used Smooth Overlap of Atomic Position (SOAP) [BKCI3]
descriptors, the Bessel descriptors uses different radial basis functions which are much
faster to compute. The Bessel descriptors have desirable qualities such as enabling the
efficient calculation of atomic forces and avoiding redundant information. Reasonable
hyperparameter choices for the number of basis functions and order of approximation
yield, for example, 150 features per atom, which represent the local chemical environment

within a spherical neighbourhood of 3.5 A (Angstrom). [MCCB*21]

2.2.6 Third- and fourth-generation potentials

Behler’s reviews [Beh15, [Beh21] offer a detailed account of the history and evolution
of fingerprint-based HDNNPs, provide suggestions for their construction and discuss
their limitations. Behler classifies neural approaches proposed since as third- and fourth-
generation HDNNPs, which respectively attempt to include long-range as well as non-local
interactions in their architectures. Beyond being highly task-specific, recent approaches
tackle these corrections terms with complex architectures using additional independent
neural networks trained on different regression targets. While this can indeed increase
their performance, it comes with a significant loss in transferability of such methods to
related tasks, such as when datasets include separate regression targets for the long-range
interaction terms necessary to fit a secondary neural network.

Since such extensions are often specific to the dataset or method, they generally are
neither transferable nor available for comparison on standard benchmarks. Thus, adapt-
ing such methods to a new task, dataset or class of compounds is cumbersome at best,
and improvements in performance compared to simpler approaches are far from guar-
anteed. A niche exists for specialized methods which offer highly optimized methods
specific to a subdomain or class of compound, such as ReaxFF ﬂm which requires

15
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reparametrization from system to system. General, fast and robust neural approaches
which are applicable to most domains "out-of-the-box" are still not readily available.

2.2.7 Baseline potentials

ANI

Smith et. al. discuss the shortcomings of potentials using Behler’s symmetry functions,
which all fail to achieve transferability between complex chemical environments. They
attribute these issues to the lack of a functional form to create distinguishing features and
their limited ability to differentiate between multiple chemical species. Their proposed
ANI potential instead uses an updated version of the original symmetry functions to
construct atomic environment vectors better suited for probing the local angular environ-
ment of complex chemical systems. [SIRI7D]

The authors then focus on training their potential with high-quality configurations by
drawing representative samples, for which they propose normal mode sampling. They
train their model on organic molecules drawn from the GDB-11 database containing
up to 8 heavy atoms and further make their generated ANI-1 dataset available to the
community. [SIRI7a] Beyond achieving excellent accuracy at great speed, they demon-
strate the transferability of their ANI potential through 4 case studies, which exclusively
consider molecules larger than used for training with at least 9 heavy atoms. [SIRI7D]

NeurallL

Montes-Campos et. al. propose their NeurallL potential for ionic liquids, which leverages
second-generation Bessel descriptors in combination with a MLP. The authors parametrize
the descriptors for each chemical species individually and allow the NN to mix the features
without restrictions, rather than the conventionally used predefined weights to combine
the generated features.

Their model is trained on an IL dataset of 15 anode-cathode pairs of EAN (C2HgN2O3)
and designed for the application in MD simulations. Efficient differentiation facili-
tates the rapid evaluation of the forces as the gradient of the energy, which the authors
use to train their potential on the 3 Nyioms forces instead of the scalar energy. m

Many of the authors’ considerations are taken in the name of optimization of the
architecture, which is implemented in JAX as to be fully automatically differentiable
and enable the use of just-in-time compilation. Since the implementation of this thesis
builds upon the codebase of NeurallL,, central considerations and implementation details
shared are discussed in Sec. 3.2l The NeurallL. archtecture further serves as a baseline
for comparison for both the accuracy and speed of the graph neural network on the IL
dataset.



Die approbierte gedruckte Originalversion dieser Diplomarbeit ist an der TU Wien Bibliothek verflighar

The approved original version of this thesis is available in print at TU Wien Bibliothek.

m Sibliothek,
Your knowledge hub

2.3. Message passing neural networks on molecular graphs

Sum
over
atoms

Linear

Matoms X Tip
spherical
Bessel

descriptors

v K
VIP;({r},0) =3 .- ?,L

Figure 2.1: Visualization of the reference NeurallL. architecture using spherical Bessel
descriptors to generate features vectors, which are transformed by projection, nonlinearity
and normalization layers into the prediction of the potential energy. Figure reproduced

with permission from the authors. [MCCBT*21]

2.3 Message passing neural networks on molecular graphs

2.3.1 Molecular graphs

Representing a molecule as a graph is a natural way to capture the chemical relations
between the atoms and their neighbours. A molecular graph G has |V| vertices (nodes),
one for every atom, and |F| (undirected) edges between nodes. In the chemical context,
there are four possible types of C—C bonds and thus edge types between two carbon
atoms: single, double, triple, or aromatic. Although chemists (or chemistry libraries) can
determine the type of bond of a molecule in a configuration, without including a priori
knowledge only the scalar inter-atomic distance or the 3-dimensional offset vector can be
used as an edge feature.

Data from many domains of interest can be represented as a graph; however, the number
of possible edges in a graph scales with |V|-(|V| — 1), which puts a limit on the size of the
graphs that can reasonably be modeled computationally. A fully connected graph is thus

17
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only feasible for small systems, and when considering a reasonably sized neighbourhood
most nodes only have a few neighbours, while only a couple of nodes are highly connected
outliers. Such a structure is often found in real-world graphs such as from social networks,
where cliques, clusters and the small-world property define the structure of the network.

In contrast, for a molecular graph the connectivity is determined exclusively by the
physical structure of the molecule, and most properties found in large networks do not
hold for molecular graphs. Rather, the distribution of the number of neighbours within
a small sphere is similar for most nodes, although some atoms of an isolated molecule
might have fewer neighbours. Crucially, no node is expected to have a a drastically higher
number of neighbours than any other node. The edges further represent physically quan-
tifiable relations, defined by the bond type or absolute distance separating the neighbours.

The graph of a molecular configuration defined by Cartesian coordinates is generated by
calculating the Euclidean distance for each pair of atoms in the molecule. Only those
pairs of nodes which are less than the cutoff distance apart are connected by an edge in
the graph. Optionally, further edge types with bond information can be included. The
radial cutoff distance is a hyperparameter to be chosen, which is usually selected in the 6
- 10 A range.

Periodic boundary conditions

When considering a system of molecules, it is frequently simulated in a unit box under
the assumption of periodic boundary conditions (PBCs), where an exact replica of the
unit box repeats in the direction of all three linearly independent axes. Since the surfaces
of the simulation box would otherwise necessitate special considerations and a couple of
molecules in isolation would rarely be encountered in practice, the use of PBCs comes
with practical advantages. It allows the system to be inspected as if it were part of a larger
system rather than in isolation, although generalization of the simulation box dynamics
to a larger system should be taken with a grain of salt, especially when considering
non-crystalline systems such as ionic liquids.

The resulting graph is thus a periodic graph, which implies that during graph generation,
a node on the perimeter of the box is impacted by the replica atoms located on the other
side of the simulation box, and hence they need to be considered when calculating the
edge distances for the neighbourhood structure. The use of PBCs also introduces a new
constraint, namely that the model’s output should be independent of the number of
replicas considered, as they are by definition identical and infinite in all directions. For
example, an atom might be impacted by the long-range interactions of distant replicas,
possibly apart by more than one unit cell. However, predictions should not be influenced
by whether the architecture explicitly models two, three or more replicas, as there are
infinitely many in all direction anyways.
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Type embeddings

Whereas the edge features capture the molecular structure, information about the atomic
species is also available. Different atomic species contain a different number of protons Z
in the nucleus, which impacts the charge exerted by the atom. Including the atom type
as a node feature such as with an one-hot encoding is thus essential when more than one
species is present in a molecule. A more expressive approach is the use of an embedding
layer, which maps the discrete set of species to a high-dimensional continuous representa-
tion using learned parameters. These embeddings need to be initialized specifically to
all species in a dataset (such as {H, C, N, O}), which makes inference on datasets with
unseen atomic species impossible without retraining the model.

Beyond the atom species, in principle any set of features can be used as the initial
node features, which the neural network can leverage to better approximate the target
properties or energy. This usually includes features about the local atomic environment
obtained by fingerprints or known properties about the atomic species such as formal
charge and hybridization. Cheminformatic tools such as RDKit are frequently used to
extract a range of features to augment the initial input features, however this does not
necessarily improve the models’ performance while increasing the computational cost of
both training and inference.

Considering the significant computational cost of atomistic descriptors, careful consider-
ations should to be taken to balance the trade-off between speed and accuracy. Using
fingerprints can easily be justified when they drastically improve the accuracy or general-
ization of the model, however if the expensive descriptor calculation can be avoided with
a much faster approach, one might consider the trade-off worthwhile even if the model’s
accuracy decreases slightly.

2.3.2 Replacing fingerprints

A promising avenue is replacing atomistic fingerprints with an end-to-end deep learning
approach and relying on the model to construct expressive latent features as part of
the training process instead of using expensive hand-crafted functions. By enabling the
network to uncover relevant relations through backpropagation, such approaches are
more flexible and offer greater representational capacity than conventional descriptors.
KMB™16

Duvenaud et. al. proposed neural graph fingerprints as a differentiable analog to cir-
cular fingerprints, which are used to generate fixed-size input vectors using hash-based
functions. By making the entire architecture differentiable, they allow for gradient-based
optimization for diverse tasks, although their simpler architecture uses only a few hidden
layers. [DMI™1

19
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Kearnes et. al. introduce their convolutional Weaver architecture to replace fingerprints
using atom and pair layers to construct molecule-level representation, which are then
fed through fully connected layers and pyramidal task-specific readout heads to obtain
predictions. The authors discuss many design choices prevalent in current approaches to
achieve the desired invariances and use task-specific readout heads instead of training a
separate model for each task. They evaluate their approach on solubility, drug efficacy and
organic photovoltaic efficiency datasets against other ML models and similar approaches.
The authors find that only minimal input features (atom type, bond type and graph
distance) are necessary. Their simple model achieves the same performance as their full
model augmented with many atom features, among them chirality, formal charge and
hybridization. [KMB™16

2.3.3 Message passing neural networks

Gilmer et. al. compare the situation in the chemical domain in 2017 to the advent of
deep learning in visual computing, where convolutional neural networks (CNNs) displaced
SVMs on top of hand-engineered features for a range of computer vision problems after
their success in the ImageNet challenge. [KSHI2,IGSR17] The authors generalize graph-
based approaches in the quantum chemistry literature under their message passing neural
networks (MPNN) framework to facilitate guided exploration and further refinement of
graph neural networks as well as comparability between results.

Since the architecture explored in this work falls within the message passing framework,
a detailed exploration of the MPNN components is justified to shed light both on guid-
ing principles and essential components the presented architecture shares with current
approaches, as well as highlighting in which aspects Graph Attention Networks (GATS)
differ. GATs have seen little usage in the domain of chemistry, despite the success of
attention and attention-based architectures (Transformers) in the domain of natural
language processing ﬂm In essence, the graph neural network applied in this work
follows many design principles found in MPNNs but uses an attention-based update rule,
which was first introduced for graphs by Velickovié et. al. [VCCT17| and recently an
improved version has been proposed.

Message passing

Gilmer et. al. [GSRT17] identify at least 8 notable examples of a model implementing a
variation or combination of neural networks operating on an undirected graph G with
node features x, and edge features e,,. The forward pass consists of a message passing
phase and a readout phase, similar to spirit to the descriptor feature generation and
dense readout layers found in classical approaches.

Through the message function M;, each node receives messages from its neighbourhood
w € N(v), which are combined by the update function U, into the next latent node vector
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ht+L. To achieve sufficient expressive power with such a network, the node features are
projected to a high-dimensional latent space before aggregation at each time step.

mit =" My(hl, bl evw) (2.6)
weN (v)

hitt = U(hy, mi™) (2.7)
This message passing is repeated 1" times, after which the latent vectors for each node
hI" are transformed into a feature vector for the whole graph by a readout function R.

§ = R({hy|v € G}) (2.8)

The message function M;, update function U; and readout function R are all learned
differentiable functions parameterized by neural networks. A detailed discussion of the
different choices for those functions is given by the authors of the MPNN framework
ﬂm, which make up most notable variants proposed in the literature. Among
them are the Weaver architecture introduced earlier , Graph Convolutional
Networks [WK16], Graph Attention Networks [VCCT17], Gated Graph Neural Networks
and Interaction Networks [BPLF16].

Beyond the learnable functions, the models differ in their choice of atom input features
and edge representation, such as binning of inter-atomic distances or usage of directed
edges, as well as selected hyperparameters and training procedures. Gilmer et. al. further
explore promising combinations of previously proposed ideas and highlight difficulties with
current approaches, some of which are addressed by this attention-based implementation.

Message function M;

For a given node z,, a message is sent from every node in its neighbourhood w € N (v)
according to the graph connectivity structure. For every node connected to x, by an
edge, the latent features h!, from the previous step are transformed through the message
function M; and subsequently combined by the update function Uy into kit

The message function has seen the most variety of approaches, where every aforementioned
implementation has come up with their own combination in their choices of nonlinearities,
mixing strategies for node and edge vectors (such as concatenation), joint or separate
embeddings for sender and receiver nodes, ResNet-inspired skip connections [HZRS16]
and their order of application.

All of them are convolutional in that they apply the same operation locally everywhere,
and combine information in a global pooling (readout) step. ﬂm By sharing weights
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between every atom at each individual layer (or even between all layers), the number of
trainable parameters is significantly smaller, but more importantly this allows the models
to scale well because the number of parameters in the model is not tied to the size of the
graph. Furthermore, local convolutional operations ensure invariant processing
of the graph, since a permutation of atoms only changes the neighbours’ indexing but not
its actual neighbours, and thus the overall computation remains invariant. [BBCV21]

Update function U,

Since the number of neighbours is generally different for every node, the update function
needs to reduce all incoming messages to obtain k! of static dimensionality. Addition
or averaging of all projected neighbours’ latent vectors is an obvious approach to reduce
the incoming messages, which can optionally be concatenated with the receiver’s state
h! and projected using a MLP to obtain the next latent node states.

A more elaborate approach first leveraged by Gated Graph Neural Networks [LTBZ15] is
to use a gated recurrent unit (GRU) , an encoder-decoder architecture for
sequences which employs two gates to retain its context while incorporating the incoming
messages at every message passing step.

Readout function R

The readout function R must be invariant to permutations of the input, which is usually
achieved by a permutation-invariant function such as the sum or average. One of the
simplest choices is thus a summation over all scalar atomic contributions from each atom,
based on the assumption that the total energy can be decomposed into additive atomic
contributions (Sec. [2.2.3).

Another choice for the readout function is the set2set approach, which first projects the
set of final latent nodes and then applies multiple update steps using an attention-based
mechanisms and an LSTM (long short-term memory) model to process the retrieved
queries. It produces a graph-level embedding, which is invariant to the order of the
inputs and should have more expressive power than simply summing the final node states.

[VBKI5, [GSRF17]

Edge features

The graph G can also have features associated to each edge e, which captures the
relation between a pair of nodes. For molecular graphs, this is usually the type of
bond or the inter-atomic distance. For most models discussed, the adjacency matrix
entries are edge vectors of one-hot encoded bond types as well as binned inter-atomic
distances. [GSRT17] Alternatively, the pairwise distances can be encoded using radial
basis functions (RBF) or similar approaches.
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Global features

A further augmentation is the use of a master node capturing global information of the
graph, which is connected to every other node with a special edge type. Alternatively,
all non-existent edges can instead be replaced by a special virtual edge type. Either
modification allows information to propagate throughout the graph much faster than
conventionally possible, as the receptive field is otherwise limited by the number of
message passing steps (or depth) of the model. Gilmer et. al. highlight the importance
of allowing long range interactions between nodes in the graph with either the master

node or the set2set output. [GSRF17]

2.3.4 Graph Attention Networks

Attention in natural language processing

Attention and attention-based architectures (Transformers) have overtaken most compet-
ing approaches in the field on natural language processing (NLP) since their introduction
in 2017 ﬂm, and have more recently been adapted to other fields such as computer
vision using Vision Transformers [DBK¥20]. NLP is in essence a sequence modeling task,
where sentences of varying length need to be processed. A broad literature of approaches
to handle sequences exist, among them recurrent neural networks (RNNs), LSTMs, GRUs
and many encoder-decoder architectures. [SVLI4]

Most approaches before attention however share the trait that they auto-regressively
encode the sequence one token (word) at a time while generating a context vector rep-
resentative of the entire sequence, which is subsequently unrolled one-by-one by the
decoder to generate the output tokens. [SVIL14] While this works well for short sequences,
interactions between distant tokens are quickly lost in longer sentences. More importantly
however, the computational complexity scales directly with the sequence length, which
severely limits the maximum sequence length and prevents processing a sentence in
parallel since the previous tokens’ state is required.

Transformers address these issues by computing pair-wise attention weights which capture
the relative importance between every pair of tokens in the sentence. This results in
O(N?) complexity for a sequence of up to N tokens, which still limits the maximum
sequence length but is far superior to the scaling behaviour of other approaches. Since
the sequence no longer needs to be unrolled but can be processed in its entirety, the

computation of the attention weights and their gradients can be performed in parallel.

This allows for much more efficient usage of compute accelerators such as GPUs and
TPUs, which enables transformers to train on vastly larger datasets.

Attention on graphs
Graph Attention Networks were proposed by Velickovié et. al., [VCCT17] which apply an
attention-based update rule to graph-structured data. However, unlike the Transformer’s
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attention mechanism which computes the weights as the dot product of query and key
vectors, GAT uses a linear attention variant introduced earlier by Bahdanau et. al.

[BCB14]

Both methods compute attention weights c;; for each node pair according to the relative
importance of node j’s features to node 7, which is referred to as self-attention. In NLP
tasks, self-attention is computed for every pair of tokens, however in the graph context
additional structural information can be leveraged. Instead, masked self-attention is
computed only for nodes in the neighbourhood j € N (7).

Beyond injecting the structural information of the graph, this drastically reduces the
number of pairs that need to be considered from O(|V|?) to O(|E|) for a molecule or
system of |V'| nodes and |E| edges in the generated graph. For small graphs this difference
is insignificant, however this allows GATs to scale efficiently to larger systems.

Similar to the Transformer approach, which replaced RNNs and exclusively used attention
[VSP*17], the GAT architecture as originally proposed is constructed exclusively with
multiple GAT layers and a readout function. The approach however is equally applicable
to different attention variants and augmentations inspired by MPNNs and previously
proposed ideas.

The GAT layer

A GAT layer takes as input the latent feature vectors h = {hy, ha,...,hn}, h; € RY for
each node in the graph and outputs new node feature vectors of potentially different
dimensionality R .

The node vectors h are linearly projected by a shared learnable weight matrix W e RE'*F
and transformed by a nonlinearity ¢ such as the ReLLU function to obtain sufficient
expressive power. The attention mechanism a : RY "x RF" — R then computes attention
coefficients e;; for each pair of connected nodes. h;||h; denotes concatenation of feature

vectors.

e(hi, hj) = a”o(WThi||h]) (2.9)

The coefficients e;; are normalized across all choices of j using the softmax function to
obtain «;;, the normalized attention weights.

a; = softmax;(e;j) = z% (2.10)
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2.3. Message passing neural networks on molecular graphs

The output node vectors are then obtained by computing a weighted sum of the neighbours’
projected feature vectors to obtain h'*!, after optionally applying another nonlinearity o

or node update function.

M=o Y ayWh) (2.11)

JEN(i)

Dynamic attention

Recently, an improved version for the GAT architecture has been published (GATv2),
which highlights a significant limitation of the linear attention mechanism and proposes
an improved variant. In particular, the authors show the original variant’s attention
weights are static, or unconditioned on the query node. They propose GATv2 which
reorders the projection, nonlinearity and attention function, prove it instead computes
dynamic attention and show the limited expressivity of static attention theoretically and
on real-world datasets. [BAY21]

The primary change proposed in GATv2 (which is already reflected in Eq. 2.12) is to
apply the nonlinearity o between a and W rather than thereafter, as the matrices could
otherwise be collapsed into a single projection layer when applying them consecutively.
They further consider dot-product attention as used in Transformers but prove
it to be strictly weaker than the proposed dynamic attention. [BAY21]

Computing dynamic attention thus allows for more efficient use of the message channel
by allowing «;; to depend on the latent state of both the sender (query or source node)
and receiver (key or target node). This desirable property was also used in interaction
networks [BPLT16] and is discussed in the MPNN framework as pair messages [GSRT17].

For a graph of |V| nodes and |E| edges, the complexity per GAT layer is O(|V|dd' +|E|d'),
where d and d’' respectively denote the input and output dimensionality. The computa-
tional complexity of all 3 attention mechanisms as proposed is identical, although the
original GAT variant could be improved by merging a and W into a single layer. [BAY21

A further extension to the attention mechanism is to include the edge features (such
as the inter-atomic distance) d;; in the attention calculation by concatenation before
applying a”.

e(his hy.di) = a” (o (W - [hllh;))|d:;) (2.12)

Multi-head attention
For all proposed GAT variants, an extension to use multi-head attention has been explored,
which splits the mechanism into a few distinct channels. This resembles in spirit multiple
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color channels of CNNs and the towers approach discussed in MPNNs ﬂm To keep
computational complexity comparable to the single-headed variant, the overall feature
dimensionality is usually split evenly among the 3 to 8 heads. Multiple heads enable a
more stable learning process and allow for different attention heads to focus on different
aspects of the problem. Since the computations for every head are fully independent,
multi-headed self-attention too can be efficiently parallelized. [VCCT17]

2.3.5 State-of-the-art models

Architectural principles are shared by many state-of-the-art models in computational
chemistry generally and specifically in the context of predicting the PES. Models which
can be described by the MPNN framework still differ in their respective choice of domain,
task and datasets. Between those, the architectures further diverge in their choices of
predicting the PES or molecular properties, configurations in- or outside of their ground
states and system of study, such as ionic liquids, organic molecules or crystals.

A distinction needs to be made between models designed for the prediction of the PES
and efficient evaluation of the forces, and models which aim to directly predict molecular
properties of interest instead. Machine learning approaches are well-suited for both
tasks, however the overall architectures are usually designed with one of the task in mind
and should therefore be regarded as two distinct classes of models. While it is possible
that the latent representations might share similarities, a model designed and trained to
predict molecular properties cannot be used to evaluate the atomic forces, and vice versa.

Although many current models are evaluated on standard datasets such as QM9, differ-
ences in computational resources, single- or multi-task models and evaluated variants
make a comprehensive comparison difficult, especially considering not many attention-
based MPNNs have been applied on chemistry tasks.

Brockschmidt extensively compares many state-of-the-art GNN models on stan-
dard graph benchmarks, among them GAT evaluated on QM9 [RDRVL14], and finds
the

"differences between state of the art models are much smaller than reported
in the literature and well-known simple baselines that are often not compared
to perform better than recently proposed GNN variants". [Bro20)]

Despite this, a closer inspection of the range of different approaches taken in the literature
to tackle different tasks and datasets highlights both the ideas implemented with (or
without) success and the architectural changes which might prove beneficial on a given
task. A detailed exploration of the literature is thus essential in guiding the design of the
attentional architecture and implementation thereof.
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SchlNet and displaced configurations

A focal point in this work are molecules and systems which are not in their ground states,
such as during MD simulations, vibrations or dissociation. Models that explicitly consider
the forces and train on datasets containing displaced structures are thus of particular
interest, of which the SchNet architecture is the most notable and relevant

work in the literature.

Schiitt et. al. propose continuous-filter convolution layers as a replacement for discrete
filters and introduce the SchNet architecture to model quantum interactions. They
evaluate their approach on QM9, MD17 and their newly introduced ISO-17 dataset of
MD trajectories with chemical and structural changes and achieve state-of-the-art results
by training on the energy and forces.

The central block uses filter-generating networks to obtain filters based on the RBF-
expanded inter-atomic distance, which in combination with atom-wise dense layers, skip
connections and nonlinearities constitutes one interaction blocks. An embedding layer fol-
lowed by three such interaction blocks builds up representations, which are subsequently
read out by a standard pyramidal head to obtain atomic contributions. Since the model
only uses the inter-atomic distance, it produces invariant energy and equivariant force
predictions.

The authors formulate the loss function as a combination of the energy and normalized
forces mean squared error (MSE), and find that a combination of both drastically im-
proves the sample efficiency of the model. When comparing their models on the MD17
dataset, they observe the GDML model [CTST17] achieves accurate energy predictions
when trained only on the forces, however the model cannot produce accurate force fields
when trained exclusively on the energy. Although they do not evaluate SchNet when
trained exclusively on the forces, the combined loss function drastically improves the
accuracy and reduces the number of samples required to achieve state-of-the-art results
and enables better generalization across the space of chemical compounds.

GNNs in materials chemistry and drug discovery

Fung et. al. perform a review of GNNs in materials chemistry and propose
a workflow and testing platform to evaluate new models. They consider many modern
architectures and perform hyperparameter optimization on representative datasets of
computational materials for bulk, surface, 2D, cluster and metal-organic frameworks
configurations. Their findings confirm that GNNs thrive when ample training data
is available, while descriptor-based methods or transfer learning should be considered
when using less than 102 — 10* samples. They further find that most state-of-the-art
models achieve very similar results once properly optimized, mirroring the sentiment
from Brockschmidt (2.3.5)).
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St. John et. al. m investigate the impact of a model’s accuracy when operating
on optimized 3D geometry structures compared to 2D geometries without Cartesian
coordinates. Since it is not trivial to obtain optimized (relaxed) configurations, the
authors use as input only SMILES strings, which algorithmically encode the structure of
molecules using short ASCIT strings. [Wei88] They train an off-the-shelf MPNN on inputs
generated from SMILES strings and compare the trained model to one whose inputs are
instead based on 3D geometries. Their 2D model achieves comparable results to models
trained on the 3D input, even though some molecules share identical SMILES strings
with different 3D geometries. They also find that using a poorly optimized 3D geometry
(such as from an inexpensive force field) is worse than excluding the 3D coordinates
entirely. Finally, the authors explore transfer learning approaches for problems where
only small datasets are available.

Xiong et. al. introduce attentive fingerprints in the context of drug discovery, following
the MPNN framework and using an attentional message function. Interestingly, their
chosen attention function mirrors none of the introduced GAT versions exactly, since
it lacks the a” vector multiplication present in GAT (before) and GATv2 (after) the
nonlinearity. They continuously update a global context vector to allow for global
propagation of information irrespective of depth as well as a GRU as their update and
readout function. Although they discuss the capability of GNNs to extract relevant
information without introducing a priori knowledge as initial features, they use the full
range of available atom and bond features extracted as one-hot encodings or embed-
dings. They leverage a virtual fully connected master node to bridge the gap between
the input, atom and molecule layers. They evaluate their approach on QM9 and a
variety of drug discovery tasks, achieve state-of-the-art results and provide visualiza-
tions of the atom vector similarity for Iprodione in the name of interpretability. [XWL¥19)]

Maziarka et. al. propose the Molecule Attention Transformer which adapts the Trans-
former architecture and aims to offer great out-of-the-box performance on a diverse set of
molecular property prediction tasks but do not consider the calculation of the potential
energy and atomic forces. Their specialized attention mechanism for molecules uses the
inter-atomic distance and adjacency matrix in combination with dot product attention
as the update rule in every layer, alongside a feed-forward block like conventional in
Transformers. Multiple such blocks are stacked between the embedding layer and final
pooling and dense readout classification head. The authors use standard RDkit features
as input as well as layer normalization and incorporate a dummy atom node, which turns
out to be central to the architecture. The authors perform an extensive hyperparameter
search and comparisons to baseline models and explore pretraining the architecture on a
self-supervised atom masking task. Inspection of the attention heads reveals that heads in
the initial layers learn simple and easily interpretable chemical patterns, while subsequent
layers combine them into more complex features.
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For ionic liquids, the most related work in the literature comes from a group of stu-
dents, who predict the melting point and viscosity of ionic liquids. Their architecture
follows the MPNN framework, using pairs of SMILES strings corresponding to the
anion and cation as inputs. They use a shared embedding but independent dense layer
to allow for cross-interactions between anion-cation properties, four message passing
steps and the GRU update function. Two independent readout heads for melting point
and viscosity are used, while the remaining MPNN architecture is trained jointly.

Geometric Deep Learning

Significant research efforts have recently focused on building equivariance directly into
the model, rather than simply ensuring the model respects the required invariances. This
line of research falls under the umbrella of geometric deep learning and uses explicitly
designed architectural components which model group equivariances by building relevant
inductive priors into the architecture.

Note that while many simpler architectures already achieve invariant energy and equivari-
ant force predictions, allowing the model to use latent vectors (rather than scalars) should
enable models to be more expressive, even when the output is invariant in both cases.
This drastically limits the space of possible functions the model can fit to those that fulfil
the relevant symmetries and thus helps the model generalize better using fewer samples.
Bronstein et. al. discuss symmetries, representations and invariances on five domains,
of which graphs are most widely considered, and propose a blueprint for building such
geometric deep learning architectures.

Among this research, Transformer variants have been proposed for groups such as the
SE(3)-Transformer which produces equivariant predictions under continuous 3D roto-
translations. Although the authors evaluate their model on QM9 alongside other standard
benchmarks, no other chemical tasks are considered. [FWEFW?20] Similarly, Tensor Field
Networks build their filters using spherical harmonics and thus obtain equivariant latent
representations throughout the network, which the authors evaluate on a missing point

prediction task. [TSKT18§]

A closely related architecture from the chemical domain is Cormorant, whose authors
build a rotationally covariant model for MD simulations and property predictions. Their
work leverages Clebsch-Gordan nonlinearities, which are covariant to rotation and invari-
ant to translation. Since each component of the architecture receives and outputs scalars
or covariant vectors, it achieves overall rotational covariance. Translational invariance is
obtained through the use of internal coordinates. The model is evaluated on QM9 and
MD17 and achieves state-of-the-art performance on the MD17 task without training on
the forces explicitly, which the authors suggest as one natural extension to their work.

[AHKT9]
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Covariant compositional networks (CCN) explore a similar approach to achieve covariance
with respect to permutation by defining covariant update and activation functions for
the MPNN. Rotational invariance is however only given as a motivating example and
not actually considered in their architecture, which is evaluated on QM9 and another

dataset. [HTPT1§]

Batzner et. al. propose NequlP, following a similar approach of designing equivariant
convolutions in a graph neural network framework, which enables the model’s internal
representations to leverage equivariant vectors and higher-order tensors instead of invariant
scalars. The authors place special emphasis on enabling MD simulations and design their
architecture accordingly, which further allows them to train on the atomic forces instead
of the energy. The authors achieve state-of-the-art results and highlight the model’s
excellent sample efficiency, which they attribute and verify to stem from their equivariant

augmentations. ﬂm
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2.4. Summary

2.4 Summary

A computational approach is necessary to approximate of the intractable Schrédinger
equation. A balance between many desirable attributes needs to be achieved, where
predicting the energy and atomic forces of a molecular system should be computationally
cheap and achieve chemical accuracy. It should generalize well enough to sparsely sampled
regions of the PES by learning to reproduce the complex interactions of the electronic
structure. The method should further be able to accommodate a varying number of
atoms or molecules and periodic boundary conditions without needing re-adjustments.
Finally, the method should be able to work for diverse molecular structures and states
of matter, in the ground state and outside thereof, and capture dynamic interactions
such as molecular vibration and dissociation. Such a model can be applied either for MD
simulations using the atomic forces or screening for molecules with desirable properties,
which places the emphasis on different model attributes.

Current architectures approximate the potential energy as a sum of atomic contributions,
which are predicted by neural networks. Conventional approaches leverage one of many
atom-centered fingerprints (descriptors), which are computationally expensive but very
descriptive and invariant to rotation and translation. These features are the input to
a MLP with a regression head, which predicts each atom’s contribution to the total energy.

Message passing neural networks (MPNNs) instead use an end-to-end differentiable deep
learning architecture, which propagates information throughout an atom’s neighbourhood
using the graph connectivity structure. After an embedding layer for the atomic species,
multiple message passing layers incrementally build expressive latent features, which are
similarly transformed by a regression readout head into atomic contributions.

Modern approaches in the literature primarily differ in their choice of message func-
tion, which are either convolutional or attentional. Transformers and attention-based
architectures quantify the relative importance of each node pair to generate weighted
messages, whereas other models generate messages with convolutional filters. The update
function reduces these messages by aggregating the variable number of messages into a
new feature vector of fixed dimensionality. The MPNN framework [GSR¥17] generalizes
most of these architectures, which in combination with task-specific optimizations and
equivariant augmentations make up most state-of-the-art approaches.
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CHAPTER

Methods

The Jraph Attention NeTwork (JAT) architecture of this work incorporates many ele-
ments and design choices of previous works in the literature, which are discussed in the
previous section. This chapter introduces the architectural components of the JAT model,
which consists of multiple JAT layers performing message passing stacked in between the
graph generation and embedding layer and the pyramidal readout head.

Visualizations of the message passing layer (Fig. [3.3), attention mechanism (Fig. 3.4)
and graph generator (Fig. 3.2) further illustrate the the central components of the overall
architecture (Fig. 3.1). Section 3.2/ focuses on implementation details of the JAT model in
JAX and explores central considerations to achieve computational efficiency and inference
time suitable for MD simulations.

3.1 JAT Architecture

Multiple viable options are available for many architecture components, making an
exhaustive study of all combinations infeasible considering the combinatorial nature of
components in ML models. Rather, the architecture evolved to its final state based on a
combination of studying which approaches were applied with (or without) success for
similar models and datasets in the literature, as well as guided by intuition and empirical
experimentation on datasets of varying size and difficulty.

Generally speaking, the design space of such an architecture is continuous, implying that
an exchange of one component for another, such as using a different activation function,
will only slightly change the models’ characteristics. Functionally similar if not identical
component are thus expected to differ only marginally, and the exact impact of a choice
between two components is not easy to determine definitively. In such instances, Occam’s
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razor suggests favoring simplicity over complex methods if no clear advantage can be
observed.

The same holds true for the implementation of the architecture, where implementations
can be functionally equivalent, but harbor drastic differences in their computational
complexity or numerical stability. Significant emphasis and effort has gone into making
the implementation efficient, which further influences the design and implementation of
the JAT model.
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Figure 3.1: Visualization of the entire JAT architecture. Using the positions and species
(types) as input, the graph generator (Fig. 3.2) generates a sparse edge list, with which
T message passing steps (here 4) using an attentional update function (Fig. 3.4) are
performed. The features h® at ¢t = 0 are obtained from the type embedding layer, for
t =1 — T the output features of the last message passing steps serve as input for the
next JAT layer. (Fig. [3.3)

The readout head (here visualized truncated) transform the features h’ using projection,
nonlinearity and normalization layers into the energy contribution for each individual
atom. The JAT model’s prediction for the potential energy F.; is obtained as the sum
over all atoms’ contributions, while the forces f are obtained as the model’s derivative
with respect to the atomic positions.
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3.1. JAT Architecture

3.1.1 Graph generator

Figure 3.2: Visualization of the graph generator component of the JAT architecture.
Using the Cartesian coordinates (positions) of all atoms, the pairwise distance matrix
is calculated using the Euclidean L? norm under consideration of periodic boundary
conditions. The distances are filtered using the graph cut parameter to only include
pairs within close proximity, which are connected by an edge. This generated molecular
graph is represented as an edge list in a sparse format using three arrays, respectively
the triplets of sender, receiver and distance. Since the number of edges depends on the
positions, the edge list is padded with masked edges up to a static maximum.

To perform message passing on a graph, the system as described by Cartesian coordinates
first needs to be transformed into a molecular graph as discussed in Sec. 2.3.1. An
essential aspect is the use of a sparse graph representation for the JAT model, which
facilitates drastic computational gains by avoiding unnecessary calculations for irrelevant
node pairs by focusing only on those edges present in the graph. Representing a graph in
a sparse manner boils down to using an edge list to represent the graph adjacency matrix
efficiently, such as the CSR (compressed sparse row) format. Three one-dimensional
arrays respectively denote the row index, column index and value of every non-zero entry.
In the generated molecular graph, the three arrays corresponds to the sender, receiver
and Fuclidean distance between the two nodes.

The inclusion of the pairwise Euclidean distance as an edge feature used by the attention
mechanism is central to the model’s performance. Without including these internal
coordinates in the architecture, the model lacks information about the molecules’ physical
structure and thus cannot distinguish between isomers. Such a model does not learn
beyond the first epoch and performs abysmally, comparable to using the randomly ini-
tialized model without training to perform inference.

The graph generator thus calculates the Euclidean distance for every node pair, and
filters them using the radial cutoff hyperparameter to retain only those edges which are
in the considered neighbourhood of a node. If applicable, periodic boundary conditions
need to be taken into account, which are calculated as the minimum distance between
every node and any of its replicas instead.
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This approach implies undirected edges in the graph, however in practice the separation
between sender and receiver in message passing requires every edge to appear twice, where
each node is once the sender and once the receiver. The approach could be reformulated
to treat each edge only once, however this comes at a loss of expressiveness since then
the interactions necessarily need to be identical in either direction, which requires using
the same projection matrices Wy = W,..

Considering the significant impact of the cutoff parameter on the necessary computation
and accuracy of the model, some discussion is justified on what constitutes an appropriate
choice. For d..; — 00, the generated graph is fully connected, hence an attention weight
ajj; is calculated for every edge, which results in the general case of a dense MPNN
calculation for every entry in the adjacency matrix (excluding self-edges). For datasets
with configurations of individual molecules with a couple of heavy atoms, a graph cutoff
of 3 A suffices for nearly fully connected molecular graphs. When considering systems
with multiple molecules, the maximum diameter is drastically larger and a 5 A cutoff
still results in a sparse molecular graph. Hence, the gains in efficiency become especially
significant for larger systems with very favorable scaling, while small molecules barely
benefit from the sparse implementation.

Directly related is the receptive field of the JAT model, which increases proportionally
with increases of the graph cutoff and additional MPNN layers (depth). Similar to how
deeper layers in CNNs construct increasingly complex features with every layer, the
region of pixels influencing a given neurons’ output (its receptive field) increases with
each consecutive layer. A large receptive field is advantageous but does not come for free,
since increasing either the cutoff or depth increases the computational cost.

Edge mask

The sparse graph representation allows calculating masked self-attention for all relevant
edges instead of every possible edge but introduces a new difficulty. Since the number
of neighbours in the graph depends on the atomic positions, the number of edges is
expected to be different for every configuration. However, just-in-time (JIT) compilation
necessitates the matrices to be of static shape, independent of the input data (see also Sec.
3.2.2). Therefore, an edge mask is necessary, which pads the variable number of edges
up to a static maximum. This necessarily introduces an overhead of wasted calculations
since any padded edge must not contribute to the result. In spite of this overhead,
masked self-attention is vastly more efficient by reducing the number of necessary edge
calculations to Natoms X MaxX(Npeighbours)-
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3.1. JAT Architecture

Node mask

Since the number of atoms in a molecule varies in some datasets, the graph generation
needs to treat such empty atoms accordingly. Atoms are padded up to the maximum
number of atoms in the dataset, and the padded atom’s species is denoted with —1
instead of the atomic number, such that the embedding and readout layers can treat the
padded atoms accordingly.

Embedding

An embedding layer is used to transform the discrete atomic species of each atom to
a continuous feature vector hY (embedding), which serves as input to the first message
passing layer. This is much more expressive than the simplest alternative of one-hot
encoding the atomic species. The embedding matrix is learned through backpropagation as
part of the end-to-end training procedure, which allows the architecture to independently
discover relevant features for each species. Choosing an insufficient dimensionality for
the embedding vector is detrimental to the performance of the model.

3.1.2 JAT layer

Figure 3.3: Visualization of a single JAT layer, which performs a single round of message
passing to update the node feature vectors. The features h! at step t are projected into
senders and receivers, and for every pair in the edge list a weight « is calculated using
the attention mechanism. The messages are calculated as the element-wise multiplication
of the sender features and attention weights a. These messages are aggregated to each
receiver using a segment sum and transformed with a nonlinearity, skip connection and
layer normalization to obtain the updated node features h'*!. These are fed into the
next JAT layer to repeat the message passing procedure for multiple rounds.

Every JAT layer performs one round of message passing, which consists of updating the
feature vectors using two linear projections, calculating the attention weights a;; for
every relevant edge, performing a segment sum over the weighted messages from a node’s
neighbourhood and finally applying a node update function to combine and transform
the aggregated messages into the new feature vectors.

Node projection
Each layer takes as input the previous hidden state h = {hy, ha,...,hx}, h; € R and
outputs a feature vector of potentially different dimensionality h; € RF ". The linear
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projection is parametrized by a shared weight matrix W € R "% F , which is applied to
every nodes’ latent vector. This learnable transformation is important to give the model
sufficient expressive power, since the attention weights are not used to transform the
features themselves but are applied during the weighted aggregation of the neighbourhood
features into each node.

This transformation can also be performed using two different sets of parameters W, and
W,., respectively for the sender and receiver nodes, allowing the model to learn separate
features relevant for both the calculation of attention weights and the node features to
be aggregated. While separate projection weights enable representing more complex
functional relationships, this naturally increases both the inference time and trainable
parameters, and thus the increase in expressive power must be weighted against the
computational trade-offs.

The dot-product attention function used in Transformers uses three projections, referred
to as the query, key and wvalue vectors. The dot product of the query and key vector
measures the similarity between two nodes, while the value vector is then retrieved to be

used. [VSPF17]

3.1.3 Linear self-attention

Figure 3.4: Visualization of the attention mechanism of the JAT architecture. For every
edge;; in the edge list, the features of sender;, receiver; and d;; are lifted and with a
projection parametrized by a” transformed into e;j. These weights are normalized over
all received messages with a segment softmax function to obtain «;.

Then, masked self-attention is computed for every node pair using the linear attention
function discussed in Sec. 2.3.4] to obtain the attention weights e;; (Eq. 2.9), which are
normalized using the softmax function to obtain «a;; (Eq. 2.10). Since the attention
weights are only used for the neighbourhood aggregation, calculating «;; for every pair
of nodes in the graph would be highly inefficient. Instead, the attention function is
calculated based on a sparse graph data structure (the edge list), which stores triplets of
the sender index, receiver index and their edge features.
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3.1. JAT Architecture

Naively, one could project the concatenated sender and receiver nodes with a corresponding
weight matrix W’[h;||h;], W' € R2F"*2F for every node pair in the edge list. This however
would again be highly inefficient, since the same weight matrix is applied many times
unnecessarily. Instead, the projections are split into sender and receiver Wgh; and W.h;,
possibly using the same weights. [VJ20] Thus, each projection is applied only once per
node, and subsequently the relevant sender and receiver vectors are retrieved (lifted) for
the attention function based on the edge list.

e(hi, hj) = a¥ o (W'[hi||hj]) = a® o (Wh; + Wh;) (3.1)

Nonlinearity and order of operation

With the improved GATvV2 proposed by to compute dynamic attention, the
nonlinearity o is applied after the node projection W but before instead of after the mul-
tiplication with a”. This ensures «; is conditioned on both the sender and receiver node
state and makes a drastic difference in expressive power of the architecture. This stands
in somewhat of a contrast with a continuous design space assumption introduced earlier,
where a small change in the order of operation should only influence the results marginally.

Interestingly, the choice of nonlinearity has a rather small impact. GAT applied the
LeakyReLU activation, which mirrors the ReLLU function but further has a small negative
slope defined by a parameter to allow for the gradients to leak through. The GATv2
authors retain the LeakyReLU function for consistency but emphasize their findings are
independent of the choice of nonlinearity.

The activation used for the JAT model is the smooth Swish-1 function, which was
discovered using automated ML search as a superior alternative for deeper models.
[RZL17] The parameter S is chosen as 1, where different choices yield other familiar
functions, such as approaching ReLU for § — co. When predicting the atomic forces,
the gradient of the model is effectively being evaluated, for which Swish is advantageous
since it is continuously differentiable everywhere.

X

Trer 32

sg(x) = o - sigmoid(fBx) =

Multi-headed attention

Using multiple attention heads effectively means passing multiple independent messages
in parallel. This implies the use of separate sets of weights for each attention head,
defined by the linear projection and attention matrices Wy, W, and a”. The messages
are aggregated and processed independently per head, which lends itself to parallel
processing and thus does not drastically decrease the speed of the model. To facilitate
comparability, the full dimensionality of a single headed implementation is usually split
evenly among the heads for the multi-headed context. When using multiple attention
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heads, a transformed edge feature such as the second power of the distance can instead
be appended for each head.

Layer normalization

The use of a normalization scheme contributes to a more rapid and stable learning
process and helps to avoid vanishing and exploding gradients, which makes it an essential
ingredient to train deeper neural networks. A common choice is batch normalization,
which centers and scales intermediate activations using the mean and variance of the
batch. A superior alternative used in the JAT model is layer normalization, which instead
normalizes each samples’ activations using their own mean and variance. This
eliminates the need for keeping track of batch metrics during training, which are otherwise
required for inference on the validation and test sets. This not only reduces the overall
complexity, but further yields well-defined behaviour when taking derivatives.

Skip connections

Inspired by ResNet [HZRS16], skip connections are used to carry forward the nodes’
previous state explicitly, rather than forcing the model to learn the identity function in
addition to parametrizing the projection. The skip connection is an element-wise addition
of the node state from the beginning of the layer, which skips the projection, message
passing and aggregation and amounts to a simple element-wise addition of each nodes’
before and after feature vector.

W =hito( Y ayWihh) (3.3)
JEN(2)

Since the shape of both tensors needs to be identical for the element-wise addition, a
projection of h! is necessary if the dimensionality of the node features is modified during
the message passing step. This would be the case when a different output dimensionality
is used for the projection matrix W € R <E g # F or when multi-headed attention is
used. Since this introduces another matrix of learnable parameters, it is usually beneficial
to avoid changing the feature dimensionality frequently between multiple message passing
rounds. Matching the embedding layer dimensionality with the first message passing
layer’s output avoids the need for another projection.

In convolutional architectures a pyramidal layer structure is commonly found; however,
an increase in the dimensionality is usually accompanied by a corresponding decrease in
spatial resolution to ensure the required computation per layer remains approximately
constant. A similar pooling technique called coarse-graining can be applied for very
large molecular systems to reduce the number of nodes to fewer beads in the network.
[WOWT19] Since the number of atoms is small in this work, no pooling (aside from the
readout layer) is applied and all JAT layers share the same feature dimensionality.
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3.1. JAT Architecture

Gated Recurrent Unit

As an alternative to skip connections, the GRU gate can be applied as an update function
to combine the aggregated messages with the receiver’s latent vector. This replaces the
skip connection since it explicitly incorporates the previous state, which is combined
with the newly generated feature vector from the message passing step. To achieve this,
the GRU uses a gate function and an activation function to retain the context, for which

the default choices of sigmoid and tanh perform well.

3.1.4 JAT model

Pyramidal readout head

Akin to the pyramidal dense layers used to combine the fingerprint features into a
regression target, a similar stack of dense layers, nonlinearities and layer normalization
is used to transform the latent vector h’ from the final message passing layer into the
prediction of the atomic energy contributions. As long as this MLP is of sufficiently high
dimensionality and depth, it should be able to accurately reproduce the regression target
using the latent features generated from the message passing steps, rather than using
those obtained from fingerprint methods.

Based on the assumption that combining the features obtained from the MPNN is no
more difficult than those obtained by fingerprints, JAT uses a pyramidal head of similar
design as employed by Neuralll.. A stack of dense layers of dimensionality 64 : 32 : 16 : 16
is interleaved with Swish-1 nonlinearities and layer normalization. Since the output
should be scalar (see Sec. 2.2.3), a dense layer with a single output is applied before the
sum over all atomic contributions to account for the characteristic range and a possible
offset of the potential energy. Using the additive ansatz, the sum over each
atoms’ rescaled atomic contribution while considering masked atoms is taken to obtain
the prediction of the total potential energy.

Atomic forces

The atomic forces are obtained from the gradient of the potential energy with respect to
the atomic positions (Eq. 2.3). Since both the architecture and the JAX framework are
designed for efficient backpropagation, calculation of the atomic forces benefits equally
and can be obtained at little additional cost. Compared to only calculating the potential
energy, additionally evaluating the forces results only in a linear increase in computational
cost.

To obtain stable MD simulations, the calculated forces must be continuous, which requires
the JAT model to be differentiable with respect to both the positions and parameters. This
requirement prevents the use of an ordinary loss and activation function, and necessitates
replacing them with continuously differentiable (smooth) alternatives. [GGG19)
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Loss function

The loss function used for training is the log-cosh loss of the atomic forces, which can be
viewed as a smooth approximation of the mean squared error (MSE). The hyperparame-
ter « shifts the relative weight between the mean absolute error (MAE) and MSE by
determining the transition between the linear and quadratic regimes. If the prediction
error is smaller than the characteristic scale argument o = 0.1 e€V/ A, the contribution
to the loss approximates the MSE, while for errors larger than « the loss contribution

scales linearly. [MCCB*21|

Increasing the o parameter to 1 or 10 eV/ A decreases the loss contribution of poorly
predicted molecules, which reduces the impact of outliers during training but allows
the model to largely ignore very difficult molecules. Such a behaviour was observed,
indicated by a drastic difference between the MAE and root mean squared error (RMSE).
() denotes an average over the configurations in a training batch in Eq. 3.4 and 3.5

Natoms FC) _ £(O)
L= <a Z Z log [cosh (H>]> (3.4)

3Natoms i=1 Ce{zy,z} ’

For datasets of relaxed molecules, all forces are zero and thus they cannot be used in
the loss function. For datasets without forces, the difference between the predicted and
reference potential energy is used instead, for which only the scalar energy instead of
3Natoms force contributions can be used.

Lpy, = <log [cosh (E — E>}> (3.5)

Q

However, training on the scalar energy alone is a poor choice in comparison to training
with the 3Ngioms forces, which are much more expressive than the energy. Training
models with the forces is thus easier and significantly more accurate as long as reference
forces have also been calculated and are available in the dataset. Although the potential
energy is not considered explicitly in the forces loss function, models trained exclusively
on the atomic forces can also reproduce the potential energy. The GDML model achieves
this by integrating over the directly predicted forces to obtain the energy ,
while approaches using the additive ansatz can reproduce the energy up to an additive
constant since the origin of the energies is arbitrary.

Alternatively, the loss function can be formulated to use both the energy as well as
the force prediction errors, using a hyperparameter p to determine the relative im-
portance of the energy and average force error, such as used by SchNet or DimeNet.

[SKSE*17, [GGGI9]
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To avoid numerical stability issues due to the hyperbolic cosine, the contribution to
the loss is calculated with the equivalent but more stable expression based on the JAX

implementation of SoftPlusz = log(1 + ¢®). [MCCB*21]

log [ cosh (ax)]  SoftPlus(2ax) — log 2
a a

x (3.6)

3.2 JAT Implementation

The central motivation of replacing fingerprints is to avoid their computational bottleneck
and achieve an accurate yet computationally efficient model with good complexity scaling
to enable MD simulations of larger systems. Some central aspects to achieve this goal have
already been discussed briefly, and although the entire architecture is designed in this
light, drastic gains in efficiency can be achieved through the use of JAX [BEHT20] with
just-in-time (JIT) compilation, automatic differentiation and a sparse implementation.
This section details all those aspects crucial to the efficiency of training and inference on
GPUs and the decisions taken to achieve such an implementation of the JAT architecture.
Two implementations of the GAT architecture were instrumental towards achieving a
first working implementation of the JAT architecture, specifically the GAT model of the
jraph library and the annotated GATv2 implementation by LabML. VJ120)

3.2.1 GPUs and parallel processing

Parallelization

Parallel processing of multiple configurations in batches drastically reduces the total com-
pute time required per evaluation through the use of SIMD (single instruction multiple
data) operations. Furthermore, this is important for gradient descent, which operates on
the aggregate gradients of the batch to update the model parameters. While this is not
possible when using the model for inference in molecular dynamics, in other cases such
as screening and especially during training it is important to parallelize the processing of
multiple configurations. However, MD simulation engines enable splitting large simulation
boxes into independent subdomains to be evaluated independently, which necessitates
locality but is crucial to enable efficient simulations of very large systems.

Parallelization is further facilitated by the vmap function in JAX, which maps a function
defined on a single instance across a batch of such instances. Since this is subsequently
compiled and optimized to machine code, this comes without any loss of performance. It
is thus easy to define a function to operate on a single configuration and then vmap the
function across the batch, which abstracts away much of the complexity. Furthermore,
the same methods are usable for training and inference, further simplifying the imple-
mentation to make it easier to understand and debug.
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While these gains in computational efficiency apply to CPU processing, they become
especially relevant when leveraging compute accelerators such as GPUs and TPUs, which
are designed and heavily optimized for parallel processing. TPUs are designed exclusively
for training very large machine learning models and are only available for industry
applications. However, a modern GPU is readily available and can drastically accelerate
the design process, training and inference of reasonably-sized modern ML architectures.

CUDA

Nvidia’s CUDA API provides implementations for many operations frequently used
in ML, such as the matriz-multiply and addition or convolution which constitute the
building blocks of modern ML architectures. These CUDA operations are optimized
at the hardware level and translated from python code by JAX via XLA into CUDA
calls and thus do not require separate implementations. This does however introduce
additional requirements and difficulties to set up the computational environment, as
a CUDA-enabled environment necessitates a range of additional dependencies. It can
thus be cumbersome to achieve interoperability and harmony between all components,
ranging from GPU-specific CUDA version requirements to incompatibilities between
stable versions and new features introduced in recently published JAX & jaxlib libraries.

A GPU-accelerated environment however massively reduces the time required to imple-
ment, debug and iterate the model architecture by enabling rapid training, where issues
during the early phase of training become apparent within minutes. Using small subsets
of the training data further accelerates this prototyping phase to ensure the model trains
and learns properly during the critical initial epochs. Large training sets are then used
to observe the models’ learning trajectory during training as it approaches production
quality.

3.2.2 Just-in-time compilation

To recoup the downsides of an interpreted programming languages such as python,
just-in-time compilation of the important function calls, such as of the model’s forward
prediction and gradient evaluation calls, can be compiled at runtime (just-in-time). This
reduces many of the overheads, such as from function overloading which allows for the
usage of a function despite slightly different input arguments. The compiler can fuse
operations and avoid expensive memory allocation or read and write operations, which
results in speedups of three or more orders of magnitude compared to the evaluation of a
regular function.

A tracer, an object to determine the shapes of inputs as they are processed by the various
functions triggered within the jitted function, is passed to evaluate the stack trace of
the call without actually performing any calculations. This information is then used
to compile the function to highly-optimized machine code, in particular for the case
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of compute accelerators and GPUs which can best best leverage CUDA operations for
expensive calculations such as the matrix-multiplication.

Jit-compilation necessitates the matrices to be of static shape, which means the shape
of the output and intermediary objects cannot change dependent on the input to the
function. For example, the output of a function which returns a vector for every neighbour
of a node is dynamic, while the scalar output of a function which returns the number of
neighbours is a static integer irrespective of the input graph.

3.2.3 Atom and edge masks

This can be an issue in the case of molecules of different sizes, such as for the ANI-1
database of organic molecules made up of 2 - 29 atoms in total. On the other hand, in
molecular dynamics the number and species of molecules in a system is predetermined
throughout the entire simulation, where the static requirement does not pose an issue.
Otherwise, a mask is required, where the tensor shape is chosen to accommodate the
largest molecules in the dataset and a mask is applied for smaller ones. This introduces
a new overhead which leads to a part of the computation being wasted, as masked atoms
cannot affect the result of the calculation itself.

Furthermore, a mask is necessary for the calculation of the attention weights between
all pairs of nodes connected by an edge in the sparse molecular graph. The number
of edges however depends on relative positions of the atoms at a particular time step,
which is not known in advance and is expected to chance at every step of the MD
simulation. Therefore, an edge mask is required to exclude messages from all masked
edges from the aggregation, which are technically not present in the graph. The mask
must accommodate a maximum number of possible edges, an upper bound to this is
Natoms X max(nneighboms). This is still drastically smaller than the maximum number of

possible edges for a fully connected graph (n2,,..), in particular for larger systems.

3.3 Hyperparameters & training

Beyond the parameters of the neural network architecture, a few hyperparameters control
the training process of the network, which can have a drastic impact in the accuracy
and transferability of the final model and its capability to generalize to novel samples.
Hyperparameter tuning describes this difficult task of finding an optimal combination of
all hyperparameters to achieve great generalization, while keeping the required amount
of computational power to train the architecture within reasonable bounds.

Each parameters has an impact on different aspects of the training process, which exhibit
nonlinear dependencies. For example, the number of samples processed in parallel during
training (the batch size) is not only limited by the available hardware and model com-
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plexity, considering the entire batch and model need to fit within (GPU) memory, but
directly affects the number of update steps as well as the time required to complete one
full pass of the training set (one epoch). Increasing the batch size requires fewer update
steps in total, but each such accumulated gradient update contains more information and
thus an update step with a larger learning rate (LR) can confidently be taken. Yet a large
batch size can negatively impact the convergence of the model, such as when the model
parameters oscillate around the minima with large steps. In contrast, by using many
small update steps the model parameters are more likely to reach a minima; however,
this also makes it easier for to get trapped within a local minima and never leave its
basin of attraction.

Learning rate schedule

A LR schedule drastically accelerates the training and convergence behaviour of the
architecture. Rather than continuously decaying the LR or dropping it drastically after a
large number of epochs to then fine-tune the weights, a cyclic LR schedule is applied. In
this one-cycle schedule introduced by Smith, the LR linearly increases for the first 45% of
batches in the epoch, peaks and is similarly decreased back down for the following 45%.
Hyperparameters define the LR minimum and mazimum, as well as the final LR applied
for updates in the remaining 10% of the training epoch. [Smil8] The LR is multiplied
with the negative gradient at every step to update the model parameters using gradient
descent, which is easily facilitated within JAX without needing to re-compile the model.

This LR schedule mirrors the one employed by Neuralll,, where the authors find it
drastically decreases the number of epochs necessary to achieve chemical accuracy from
approximately 3000 to 500 epochs. Such super-convergence may be at-
tributed to instilling momentum in the learning process, whereby the parameters of the
model can more easily leave local minima as the LR increases, which facilitates more
rapid exploration of the loss landscape in search for optimal weights. [SmilS]

Overfitting

Overfitting is a common issue when training neural networks, whereby the model memo-
rizes the training data, which leads to a continuous decrease in the training loss. However,
this coincides with an increase in the validation and test error and comes at the cost of
poor generalization of the model. The optimal model, which best generalizes to new data,
is obtained from the delicate balance of under- and overfitting and does not necessarily
score best in terms of training loss.

Early stopping is one technique to combat overfitting, whereby the training process is
interrupted when the validation loss starts increasing again; however, ideally one wants
to achieve natural convergence of the model as indicated by a horizontal test loss curve.
[Smil8|. This is significantly influenced by all hyperparameters, including the LR as well
as weight decay and regularization.
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3.4. Summary

Regularization

Some form of regularization is present in almost all neural network architectures, ranging
from simple L?-norm penalties on the network parameter magnitude to elaborate terms
in the loss function. Dropout acts as another form of regularization by reducing the
dependence on individual weights, however dropout is usually applied in a classification
context. The frequently used ADAM [KBT4] optimizer uses an estimate of the momentum
and RMSprop to achieve quicker convergence, possibly in addition to using weight decay
of the parameters. Finally, the batch size too act as a form of regularization, and larger
batches generally allow for larger update steps and hence a larger LR without divergence.

Incremental improvements

In practice, the vast number of possible configurations of the model architecture as well
as hyperparameters makes it infeasible to exhaustively explore multiple configurations,
especially during the iterative process of designing and implementing the model archi-
tecture. Whether a change in implementation has a measurable effect is difficult to
definitively determine without training multiple models, yet it is impossible to make
any progress while evaluating every minor change. This however might lead to local
minima in the design of the architecture, where incremental changes keep improving the
model performance, yet ultimately a superior yet elusive implementation exists. While
a hyperparameter search for the final architecture should yield optimal results for the
given implementation, this does not imply the implementation is optimal.

3.4 Summary

The JAT architecture is built around multiple JAT layers, each of which performs one
message passing step by aggregating messages from the graph neighbourhood, which are
weighted with the linear self-attention mechanism. The graph generator first constructs an
edge list from the molecules’ Cartesian coordinates, while an embedding layer transforms
the atomic species into the initial latent vector for every atom. This latent vector is
incrementally refined with 4 - 7 message passing steps, which the pyramidal regression
readout head uses to predict the energy contribution for each atom.

Sparsity is essential and leveraged throughout the architecture, from the sparse graph
representation (edge list) to masked self-attention, to avoid the quadratic scaling of
large fully connected graphs. Layer normalization, skip connections, a cyclic learning
rate schedule, the smooth Swish-1 nonlinearity and the smooth log-cosh loss function
contribute to efficient training of the deep learning architecture. The JAX implementation
leverages parallelization, a GPU and just-in-time compilation to achieve an efficient model
suitable for molecular dynamics simulations.
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CHAPTER

Results

This chapter presents the results of the JAT architecture through many figures and tables,
which illustrate how the best architecture parameters are discovered, how the JAT model
performs and which parameters have a significant influence on the model. The results
on the large ANI-1 and small EAN dataset are presented first, which is followed by a
discussion thereof.

4.1 ANI-1 results

The ANI-1 dataset is a very large collection of small organic molecules with calculated
DFT energies for over 20 million displaced conformations. The dataset is divided into 8
files, respectively constituent of all molecules with 1 - 8 heavy (non-hydrogen) atoms. A
data loader is provided with the data files, which sum up to 5.7 GB of uncompressed
data. Models are trained on small parts of the total dataset and evaluated on holdout
samples of the same subsets. For example, the subset 4 contains a total of 650K samples,
while subset 5 has over 1.8M conformations. Only a fraction of the configurations are
drawn from each subset to keep the total training set of reasonable size, such as when
training on all subsets with up to 7 heavy atoms.

In particular, during development of the JAT architecture the subsets {3} with 121K
or {1,2,3} with 202K conformations were used. The dataset for model architecture
comparison runs uses 10% of a molecules’ conformations and up to 50K conformations
from each of the subsets {1,2,3,4,5,6,7}, which yields a total of 199K conformations as
the training set and 21K each for the validation and test set.
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The production runs select 5% of a molecules’ conformations and up to 200K from each
of the subsets {1,2,3,4,5,6,7} unless otherwise specified, which yields a total of 4910
molecules with 355K conformations in the training and 39K in the validation set, setting
aside 555 molecules with 43K conformations as the test set. All isomers of CoHgNy and
C4H4N, were excluded to evaluate generalization to out-of-sample conformers.

To find a good architecture and explore whether new features improve or degrade the
model, hundreds of training runs have been performed throughout the development
of the architecture and code to train it. Discovery of what generally works and what
doesn’t is enabled by tracking all experiment runs and their configurations, settings
and hyperparameters with the weights and biases [Bie2(] library. This generally enables
reconstruction of which settings achieved the best performance after trial and error
throughout many experiments. With this approach an architecture with the following
generally well-performing parameters for the ANI-1 dataset is incrementally established.

e 4 -6 JAT layers of dimensionality 48

e 4 attention heads

o Inter-atomic distance as edge features instead of smoothed inverse distance

e 3 A graph cutoff

o Skip connections

e Log-cosh loss parameter o = 0.1

« Learning rate schedule: min 5 x 107°, max 4 x 1074, end 5 x 1076

e ~30 epochs with batch size 32

e ~2500 conformations/sec runtime on Nvidia RTX 2080 GPU
Choosing a larger graph generation cutoff parameter is important for subsets of larger
molecules, which determines the receptive field of the model in combination with the

model’s depth. For subsets {1, 2,3} a cutoff of 1.9 A is sufficient, while for larger molecules
in the subsets {1,2,3,4,5,6,7} 3 A are necessary to achieve good performance.

To verify the general architecture is nearly optimal, 7 production runs are performed
with an exactly identical configuration up to a single variation, which is changed from the
reference configuration of 4 message passing layers of dimensionality 48 with 4 attention
heads and skip connections. Figure 4.1 shows the energy MAE for the validation and
test set of those 7 architecture variations trained on 561K conformations with up to 7
heavy atoms, while table [4.1] documents the validation and test set energy MAE and
time required to train these architectures.
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4.1. ANI-1 results

ANI-1 validation MAE architecture comparison

Energy MAE (eV/atom)
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ANI-1 test MAE architecture comparison
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Figure 4.1: Comparison of the energy MAE (eV /atom) on the validation (top panel) and
test set (bottom panel) for variations in the JAT architecture.

jat_* denotes the reference configuration while the legend names respectively indicate
the changes thereof. jat_* uses 4 message passing layers, each of dimensionality 48 with
4 attention heads and skip connections.

gru uses the GRU update instead of skip connections, 1head uses only a single attention
head, 64dim increases the dimensionality of each layer to 64 and 6layers uses 6 instead
of 4 message passing layers. Smooth uses a smoothed inverse inter-atomic distance
function for the edge features, while shallowR uses a shallow regression readout head of
dimensionality 64:24:1 instead of the regular 64:32:16:16:1.

o1



Die approbierte gedruckte Originalversion dieser Diplomarbeit ist an der TU Wien Bibliothek verfligbar

The approved original version of this thesis is available in print at TU Wien Bibliothek.

] 3ibliothek,
Your knowledge hub

4. RESULTS
Validation Test Time to train | Configurations
MAE MAE 40 epochs per second
(eV/atom) | (eV/atom) (minutes) (est. it/s)
jat_gru 0.0944 0.4472 58 2500
jat_ lhead 0.0632 0.3902 40 3400
jat_ 64dim 0.0534 0.5815 58 2400
jat_ 6layers 0.0194 0.3536 65 2200
jat__smooth 0.1071 0.3555 44 3300
jat_* 0.0562 0.3778 53 2700
jat_ shallowR 0.0646 0.4973 44 3300
Table 4.1: Comparison of the energy MAE (eV /atom), throughput and total time required
to train multiple JAT model variations for 40 epochs on the ANI-1 dataset with up to
7 heavy molecules. The architectures correspond to the ones shown in Fig. 4.1. 10%
of every molecule and up to 50K configurations per heavy subset were selected to yield
a total of 199K configurations in the training set and 21K configurations each in the
validation and test set.
An estimate of the average throughput of the architecture is provided but varies sig-
nificantly during training. This is partially due to using the GPU as both the host
systems’ display driver and model training, introducing varying loads throughout the
training epochs. An epoch takes about 1 to 2 minutes to cycle through 199K training
configurations and evaluate the validation and test set once.
Training set scaling laws
The impact of the size of the training set is evaluated by training identical architectures
on training sets of varying size, while the size of the validation and test set is held
constant. Fig. 4.2 shows the test set energy MAE after 30 epochs of training on 76K,
152K, 304K and 560K samples containing configurations with up to 8 heavy atoms, while
table 4.2l documents the results. The validation and test set are each composed of 76K
samples and their energy MAE is indistinguishable, hence only the test set plot is shown.
Note that this comparison was performed with a log-cosh parameter o = 10.
Validation Test Time to
MAE MAE train
(eV/atom) (eV/atom) | (minutes)
jat__ 76K 0.3897 0.3873 30
jat_ 152K 0.1066 0.1064 56
jat_ 304K 0.0542 0.0547 91
jat_ 560K 0.0343 0.0346 147
Table 4.2: Training set scaling laws on the ANI-1 dataset. Model architecture as well as
validation and test set size are held constant at 76K, while the JAT model is trained on
increasingly large training sets. Validation and test set results are almost identical, while
the time required to train the models scales with their performance.
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4.1. ANI-1 results

JAT ANI-1 Scaling: Test Set MAE (76K configurations)

U O~
Energy MAE (eV/atom)

0.
0.
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0.4
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0 5 10 15 20 25 30
= jat_304K jat_76K = jat.566K ' jat_]52K

Figure 4.2: Training set scaling laws on the ANI-1 dataset. Model architecture as well as
validation and test set size are held constant at 76K, while the JAT model is trained on
increasingly large training sets. The impact of additional samples on the performance
can clearly be seen, showing the importance of additional data over model capacity.

JAT ANI-1 Scaling: Test Set MAE (jat_6layers)

ergy MAE (eV/atom

ooo‘é
0.08 AN\ EpoTh,,
0 10 20 30 40

= 2.5% of conformations, 7K molecules - 233k train
= 5% of conformations, 4.1K molecules - 355k train
= 10% of conformations, 2.4K molecules - 530k train

Figure 4.3: JAT scaling laws with respect to dataset selection. The reference JAT model
with 6 layers is trained on three different datasets drawn by selecting 2.5%, 5% or 10%
of conformations per molecule with a limit of 200K conformations per heavy subset. A
smaller fraction yields more molecules and fewer conformations in total, but despite a
smaller absolute training set size the model is able to generalize better.
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Sampling fraction of conformations and molecules

Similarly, how the conformations and molecules are selected impacts the difficulty of
the training, validation and test set as well as the model’s performance. While larger
datasets lead to superior results, training on more molecules with fewer conformations
exposes the model to more diversity and thus lead to better generalization on the test
set, shown in Fig. 4.3. Rather than selecting all conformations of a few molecules, it is
very beneficial to randomly draw 2.5 - 10% of conformations for every molecule. This
drastically increases the number of molecules in the dataset without increasing the total
size of the training data. Despite being smaller in absolute size, drawing only 5% of
conformations allows faster training of the model with better generalization to the test
set.

Validation Test Time to
Molecules MAE MAE train
(eV/atom) (eV/atom) | (minutes)
2.5% | 233K 7K 0.0388 0.1368 74
5% | 355K 4.1K 0.0220 0.0834 104
10% | 530K 2.4K 0.0187 0.1843 143

o% 892K 40.8K 0.0165 0.0296 278

{1:8}
Table 4.3: JAT scaling laws with respect to the sampling fraction of conformations and
molecules, measured as the MAE (eV/atom) on the validation and test set after training
for 40 epochs with 6 message passing layers.
The final run labeled {1:8} selects 5% of molecules for all subsets including 8 heavy
atoms. This model uses 5 layers of dimensionality 48 and specifications as the reference
architecture and is the best model run performed. The results are shown at epoch 37,
after which the model starts overfitting to the validation set and the test set error starts
diverging, as can be seen in the figure of the full run around epoch 50 (Fig. [4.5)).

Train
conf

Number of message passing layers

To determine the optimal depth for the JAT model, three more runs were performed on
the large 5% dataset with up to 7 heavy molecules. Fig. 4.4 visualizes the validation
and test set MAE for 5, 6 and 7 JAT layers. Table |4.4] documents the corresponding
results after 40 training epochs for all three models, as well as after 80 epochs for the
best-performing architecture with 5 layers.

Production run on all ANI-1 subsets

A final run applies the best recipe and includes subset {8}, sampling 5% of configurations
of 40764 molecules with a 500K limit from each subset for a total of 892K training
and 99K validation conformations, almost 5% of the entirety of ANI-1. The model is
evaluated on 109K conformations of 4590 molecules exclusive to the test set. The full
run is shown in Fig. |4.5/ and table |4.3, which trains 9 hours for 80 epochs on a GPU.
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4.1. ANI-1 results

ANI-1 validation MAE architecture comparison

0.2

0.1
0.09
0.08
0.07

0.06
0.05

0.04

0.03

0 10 20 30
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ANI-1 test MAE architecture comparison
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Figure 4.4: JAT architecture comparison between 5, 6 and 7 message passing layers.
Here the energy MAE (eV /atom) for the validation and test set is shown, highlighting
the divergence on the test set. All models were trained on 5% of conformations of up to
7 heavy atoms with 4100 molecules.
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Validation Test Time to
MAE MAE train
(eV/atom) (eV/atom) | (minutes)
5 layers 0.0211 0.0873 94
6 layers 0.0245 0.0908 104
7 layers 0.0243 0.1154 119

5 layers
80 epochs 0.0136 0.0700 190

Table 4.4: JAT architecture comparison between 5, 6 and 7 message passing layers,
measured as the MAE (eV/atom) on the validation and test set after training for 40
epochs. 5% of conformations per molecule with up to 7 heavy atoms were used as
the training data. Additionally, the MAE of the 5-layer architecture after 80 training
epochs is documented. It should be noted that for this dataset, further training epochs
significantly decrease the models’ validation statistics, while the test set statistics improve
by a smaller margin.

JAT, 5% of full ANI-1: Validation & test set MAE

0.1
0.09
0.08
0.07

0.06
0.05

Energy MAE (eV/atom)

0.04

0.03

0.02

Epoch
0.01 H

0 20 40 60
tion set = Test set

Figure 4.5: Production run of the best JAT architecture training on the largest subset
of ANI-1 used. 5% of ANI-1, using all heavy subsets with a limit of 500K each, yield a
total of 892K training and 99K validation conformations of 40.8K molecules. The test
set has 109K conformations of 4590 molecules. The plot shows the MAE (eV /atom) for
both the validation and test set as training progresses for 80 epochs.
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4.1. ANI-1 results

Stratified analysis of heavy subsets

To analyse the model’s predictions for different sizes of molecules, molecules are stratified
into subsets of N heavy atoms and evaluated separately. An increase in the number
of heavy atoms results in many more relevant data points, due to increases from three
distinct sources as elaborated in Sec. 2.1.6. More combinations of N heavy atoms
(isomers) are possible, each of which has many molecules. For a given molecule, many
conformations are sampled using the molecules’ normal modes of vibration, of which
there are 3N — 6 for non-linear molecules due to its degrees of freedom.

To illustrate this, table 4.5|lists statistics about the distribution of molecules in the ANI-1
dataset. Subset 1 to 4 make up a total of 97 molecules, while subset 7 and 8 constitute
the large majority of the dataset. Of note is subset 8, where some molecules only have
7 conformations (both CgHjp and C4H4Ny), while the largest (CgHig) has just 432
conformations. From subset 6 and 7, C4HgNs with 56 and C7Hg with 36 conformations
are noticeable. C4Hjg is the molecule with the by far most conformations of a single
molecule in the dataset (17280).

The maximum denotes the number of conformations for a single molecule, but since there
are multiple conformers more conformations than indicated by the maximum in table 4.5
are contained for a given isomer. For example, the isomer CoHgNs has 4 conformations
with ~11520 conformations each for a total of 46078. The isomer C4H4N,4 has a total of 119
configurations with 7 to 180 conformations each, for a total of 19848 in the ANI-1 dataset.

Total Conformations | Conformations
Heavy | Number of
number of of smallest of largest
subset | molecules .
conformations molecule molecule
1 3 10800 1800 5400
2 13 50962 480 8469
3 20 151200 1440 12960
4 61 651936 2880 17280
5 267 1813151 2880 10800
6 1406 1682245 56 1944
7 7760 6460162 36 1512
8 47932 11236918 7 432

Table 4.5: ANI-1 dataset statistics about molecules and their conformations. For each
subset of N heavy atoms, the total number of conformations as well as the minimum and
maximum conformations of a single molecule are listed.
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Heavy
subset

Val
MAE
(eV/atom)

Val

RMSE
(eV/atom)

Val

conf

Test
MAE
(eV/atom)

Test

RMSE
(eV/atom)

Test
conf

0~ O ULk W

1.0025
0.0480
0.0177
0.0122
0.0125
0.0196
0.0165
0.0144

1.0826
0.1585
0.0286
0.0174
0.0176
0.0493
0.0260
0.0401

49
221
682

2848
8166
7770
29618
49784

0.1258
0.0550
0.3309
0.0559
0.0328
0.0219
0.0169

0.2174
0.0643
0.8166
0.1856
0.0970
0.0842
0.0785

0

311
650
2453
10209
7092
31937
56499

Table 4.6: JAT model prediction MAE and RMSE for stratified splits of the validation
and test subset. Heavy subset refers to the number of heavy atoms constituting the
subset split. Validation and test subsets are identical to the ones used during training.
The trained production run model shown in Fig. 4.5 after 40 training epochs is used to
predict the energy of these conformations.

Dissociation during reactions

The reaction 2 CoHgNy + 4Hy —— C4H4N, offers an example for the dissociation of
molecules into constituent parts or their reverse reaction. All conformations of all
CoHgNs and C4H4N,4 isomers are excluded for training, thus all conformations are out-
side of the training set to allow for the inspection of the model’s behaviour on these
molecules. The model used for this analysis is the production run model trained for
40 epochs on the largest subset including molecules with 8 heavy atoms, shown in Fig. 4.5l

The energy of the 46078 conformations of CoHgNy are predicted with an energy MAE of
0.04177 eV /atom and RMSE of 0.0457 eV /atom, while the 19848 C,H4N,4 conformations
prediction errors are 0.0125 eV /atom MAE and 0.0177 ¢V /atom RMSE. The model is
able to accurately model both main constituent molecules in this reaction, and while
reproducing the reaction itself requires MD simulations, this is a good indicator that
the model is able to accurately predict dissociation as well as the transition between states.



Die approbierte gedruckte Originalversion dieser Diplomarbeit ist an der TU Wien Bibliothek verfligbar

The approved original version of this thesis is available in print at TU Wien Bibliothek.

] 3ibliothek,
Your knowledge hub

4.2. EAN results

4.2 EAN results

The second dataset is of the ionic liquid ethylammonium nitrate (EAN). The dataset
was generated by performing a MD simulation using OPLS-AA with periodic boundary
conditions and sampling 741 configurations of the trajectory of 15 anion-cation EAN
pairs. These snapshots of the MD trajectory are then evaluated using DFT to obtain
accurate estimates of the potential energy and atomic forces, against which the model’s
predictions are evaluated to obtain the loss used to train the JAT architecture.

This is the same dataset used to train Neuralll, which serves as a baseline against
which to evaluate the JAT model. [MCCB¥21] While developing the JAT architecture,
a smaller dataset with only 6 EAN pairs was used to accelerate the training process. All
models are trained on the atomic forces, for which the following hyperparameters have
been found to perform best.

5 -9 JAT layers of dimensionality 32 - 64

1 attention head (multiple heads do not improve performance)

o Inter-atomic distance edge features instead of smoothed inverse distance

e 5 A graph cutoff

o Skip connections

e Log-cosh loss parameter a = 10

¢ Learning rate schedule: min 5 x 1074, max 3 x 1073, end 5 x 1076

e ~500 epochs with batch size 8

o ~100 configurations/sec runtime on Nvidia RTX 2080 GPU
In a similar fashion to the architecture comparison on ANI-1, a comparison for the EAN
dataset is performed to discover an optimal combination of the JAT architecture. Eight
variations of the reference architecture are compared, which differ from jat_* with 5

JAT layers of dimensionality 32 with one attention head, skip connections and a shallow
readout head.

gru uses the GRU update instead of skip connections, 64dim doubles the dimensionality
of each layer to 64 and Nlayers respectively use N message passing layers. Smooth

uses a smoothed inverse distance function for the edge features (inter-atomic distance).
Combinations, such as 7layers 48dim indicate combinations of the above modifications.

Fig. 4.6 visualizes the forces MAE (eV/A) for each architecture variation, while table 4.7
documents the corresponding results.
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4. RESULTS

EAN validation MAE architecture comparison
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Figure 4.6: Comparison of validation set forces MAE (eV/A) for variations in the JAT
architecture on the EAN IL dataset. jat_* denotes the reference configuration while the
legend names respectively indicate the variations thereof.

Validation Test, Validation Test
Model Variant MAE MAE RMSE RMSE
(eV/A) | (eV/A) | (eV/A) | (eV/A)

jat_gru 0.1451  0.1368 | 0.2660  0.2755
jat_smooth 0.4114 04227 | 0.6733  0.7403
jat_64dim 0.1609  0.1518 | 0.3001  0.2947
jat_3layers 0.1762  0.1677 | 0.3103  0.3136
jat * 0.1514  0.1399 | 0.2734  0.2655
jat_Tlayers 0.1458  0.1361 | 0.2606  0.2554
jat_9layers 0.1353  0.1275 | 0.2485  0.2528
Jat_Tlayers 0.1288 0.1204 | 0.2332  0.2397
~ 48dim

Jat_Ylayers 0.1307 01230 | 0.2384  0.2474
~ 64dim

Table 4.7: Comparison of validation and test set MAE and RMSE of the forces (eV/A) for
variations in the JAT architecture on the EAN IL dataset. jat * denotes the reference
configuration, while the suffixes correspond to Fig. .
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4.2. EAN results

Increasing the message passing layers and dimensionality increases the model’s capacity
and generally improves results, however only up to a point. Beyond 7 layers with di-
mensionality 48, additional layers make training much more unstable (see also Fig. 4.11))
and can lead to quicker convergence, which however does not ultimately improve the
accuracy compared to smaller architecture variants.

Influence of randomness

To quantify the influence of randomness on the model’s performance, five identical JAT
models were trained on the EAN dataset with different random seeds. All hyperpa-
rameters except the random seed are held constant, which influences both the model
initialization and dataset shuffling before the split into the training, validation and test set.

To isolate the influence of the random initialization of the model, five more models
were trained with identical dataset splits to ensure only the models’ initialization differs
between runs. By keeping the seed constant and only ensuring a different initialization,
the influence of the random seed on data shuffling is removed, ensuring identical training,
validation and test splits.

For both experiments, the validation and test set MAE are plotted in Fig. |4.7] as the
mean (line) and its standard error (shaded area) for the forces MAE, while table 4.8
documents the corresponding results.

Validation Test Validation Test
MAE MAE RMSE  RMSE
(eV/A) (eV/A) (eV/A) (eV/A)
best 0.1498 01399 | 02734 0.2655
worst 0.1876  0.1786 | 0.3426  0.3674
commmitie | 01673 01620 | 03068 0.2982
0 0.0178 0 0.1606 | o 0.0289 o 0.0404
| best 0.1514 01399 | 02723  0.2655
(init only)
| worst 0.1757 0.169 0.3196  0.3181
(init only)
committee 0.1620 0.1531 0.2963 0.2932
(init only) | o 0.0106 ¢ 0.0120 | & 0.0225 o 0.0230

Table 4.8: Comparison of two sets of five identical runs of the JAT model trained on the
EAN dataset to quantify uncertainty, corresponding to Fig. 4.7. The top three entries
correspond to the left column of plots where randomness influences both initialization
and dataset shuffling, while the bottom three (labeled init only) hold constant the dataset
shuffling and splits to isolate the randomness to initialization.
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JAT EAN: Ensemble Mean+StdError for 5 identical runs JAT EAN: Ensemble Mean+StdError for 5 different initalizations
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Figure 4.7: Comparison of two sets of five identical runs of the JAT model trained on the
EAN dataset to quantify uncertainty. In the three figures on the left, hyperparameters are
identical for all five runs except for the random seed which influences both initialization
and dataset shuffling. The three panels on the right are identical to the left ones, except
that the dataset split is held constant, thus isolating the impact of randomness from
model parameter initialization.

The top figure shows the committee mean (line) and standard error (shaded area) for
the validation set (green, turquoise) and test set (red, orange). The middle and bottom
rows respectively show the validation and test set MAE for the five individual runs. All
Y-axes are log-scaled for visibility.

While some variance remains, the error bars (standard error) are much tighter for the
right panels. This suggests that different dataset splits have a larger impact on the final
models’ variance in performance than does initialization.
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4.2. EAN results

Baseline comparison

Next, the JAT model is compared to the baseline architecture NeurallL. to evaluate the
accuracy and runtime of both methods. The NeurallL model is trained with the reference
hyperparameters provided, which uses Bessel descriptors with a 3.5 A radial cutoff with
4 basis functions and 2 embedding dimensions for the atomic species. The model uses a
learning rate schedule with a minimum, maximum and final rate of 1 x 1073, 1 x 1072
and 1 x 107° and trains for 500 epochs.

The best JAT model discovered during the architecture comparison is selected, which uses
7 message passing layers with dimensionality 48, one attention head, skip connections
and a 5 A graph cutoff. It is trained for 3000 epochs using a log-cosh parameter of 10 and
a learning rate schedule with a minimum, maximum and final rate of 5 x 1074, 3 x 1073
and 5 x 1076,

To ensure comparability, both models were trained from scratch on the same system,
ensuring equal compute resources. The JAT architecture trains approximately 4x faster,
and therefore Table 4.9| also compares the models after training JAT for a similar time
frame as required to train NeurallL. for 500 epochs, even though the JAT model retains
the speed advantage during inference. Fig. |4.8 visualizes the training against the NeurallL
baseline, while Fig. 4.9 shows the forces MAE and RMSE of the validation and test set
for 3000 training epochs.
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Figure 4.8: Comparison of the best JAT architectures against the Neuralll. baseline.
Validation (dots) and test set (lines) MAE are shown for three variants of the JAT model
as well as the reference NeuralllL architecture.
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4. RESULTS
Validation — Test Validation  Test Time to
MAE MAE RMSE RMSE train
(eV/A)  (eV/A) | (eV/A)  (eV/A) | (minutes)
NeurallL 0.0747 0.0724 0.1233 0.1446 156
jat_ 9layers_ 64dim 0.0992 0.0935 0.1682 0.1858 63
jat_ Tlayers_ 48dim 0.1063 0.0976 0.1881 0.1958 39
jat_ blayers_ 32dim 0.1157 0.1061 0.2075 0.2023 22
jat_ Tlayers_ 48dim
after 1775 epochs 0.0877 0.0832 0.1519 0.1617 156
jat_ Tlayers_ 48dim
after 3000 epochs 0.0818 0.0793 0.1386 0.1699 263
Table 4.9: Comparison of the best JAT architectures against the NeuralllL baseline after
500 training epochs. Validation and test set MAE and RMSE are documented for three
variants of the JAT model as well as the reference NeuralllL architecture. Additionally,
the results after 1775 and 3000 epochs are listed for comparison using a similar time to
train the models.
EAN validation & test set MAE & RMSE
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Figure 4.9: Validation and test set MAE and RMSE of the best JAT model with 7 layers
and dimensionality 48, trained on the EAN dataset for 3000 epochs. Of note is the early
plateau of the RMSE on the test set, whereas the other errors continue decreasing as
training progresses.
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4.2. EAN results

Dissociation of a N—O bond

To study the model’s ability to predict dissociation, a N—O bond is pulled apart and
the JAT model’s projected predictions of the forces are plotted compared to the DFT
reference.
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Figure 4.10: JAT prediction of the projected forces during dissociation of a N-O bond
of an EAN molecule. The top panel compares multiple JAT models after 500 training
epochs, while the bottom panel shows the same model during different stages of training,
respectively after 1000, 2000 and 3000 epochs. The vertical bars indicate the boundaries
of the training data, which is centred at 1.267 A where the force is zero.
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4. RESULTS

Collapse of very large JAT architectures

Finally, Fig. showcases the collapse of some initializations of the largest JAT variant,
where the error and training loss temporarily increase drastically. This behaviour was
only observed for the largest variant of the model with 9 layer of dimensionality 64 and
is likely caused by the learning rate schedule.
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Figure 4.11: Collapse of some initializations of the largest JAT variant presented, which

fail to learn for over 100 epochs (purple, turquoise). The turquoise model seems to
occasionally collapse when training for 1000 epochs.
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4.3. Discussion of ANI-1 results

4.3 Discussion of ANI-1 results

The JAT architecture is able to reach chemical accuracy when predicting the energy of
small organic molecules while using only a small fraction of ANI-1 as the training set
to keep the total time and necessary computational resources within reasonable scope.
It achieves a MAE of 16 to 30 meV /atom, respectively the average over the validation
and test set. All experiments which explore scaling laws suggest using the entire dataset
would significantly improve the model’s validation, but especially the test set results.

The stratified analysis shows excellent accuracy across most heavy subsets, where the
outlier for the 1 heavy atom split can be explained with only 3 molecules in the dataset,
leaving no molecule to the test set. When measuring the RMSE on stratified splits into
heavy atom subsets, the difference between the validation and test set is larger than for
the MAE but of excellent accuracy nonetheless. On subsets of 6 - 8 heavy atoms the
RMSE falls in the 25 - 80 meV /atom range on the validation and 65 - 95 meV /atom
on the test set. The test set RMSE shows outliers for the subsets 2, 4 and 5, which
might be alleviated by including more than 5% of conformations for those small molecules.

Architecture

On ANI-1, the JAT architecture performed best with 4-5 message passing layers and
4 attention heads with a dimensionality of 48 to 64. Any parameter change leading to
increased model capacity is generally beneficial, however adding more than 6 layers is
generally not advantageous considering the significant increase in runtime. This might be
due to the rather small diameter of larger molecules in the dataset, for which the receptive
field is large enough with a graph cutoff of 3 A. Further increasing the dimensionality,
depth and capacity of the model would likely be beneficial when training on the full
dataset, although diminishing returns are to be expected. Most attempted variations
of architectural components performed poorly, such as the GRU update which is not
justified due to its significant increase in complexity with no performance gains, or the
smoothed inverse distance as edge features which performed significantly worse.

Dataset scaling

The first set of production runs used a rather large characteristic scale argument for
the log-cosh loss of @ = 10 eV, which led to a divergence between the MAE and RMSE
prediction errors. Changes in how conformations are sampled for the training, validation
and test set increased the diversity of molecules and thus made the validation and test
set significantly more challenging. Including most molecules but only ~5-10% of its
conformations and using o = 0.1 €V led to much better training behaviour with sufficiently
large training sets and ultimately improved validation and test set performance as well
as the model’s ability to generalize to novel molecules, in particular for the RMSE.
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Further experiments were performed by using different fractions of conformations for each
molecule. It shows that sampling 5% of 4.1K molecules yields an overall smaller dataset,
on which the model significantly outperforms the 10% variant despite its significantly
smaller size (355K rather than 530K conformations in the training set). The final run
uses the best architecture and largest dataset with 891K conformations which includes
molecules with 8 heavy atoms and trains on 5% of ANI-1.

Training stability and convergence

No noticeable differences due to different allocation of molecules to the training, validation
and test set due to randomness were observed, which can be explained by the size of the
dataset making it highly unlikely for mostly difficult molecules to be allocated to one but
not the other set. Training on ANI-1 is generally very stable, especially when training
on most subsets of heavy atom with many conformations. A collapse of the model was
not observed and generally, most models achieve at least good accuracy when training
sufficiently long.

Generalization to the test set is severely limited by a smaller training set. When using only
~220K conformations to train on, the model reaches a similar validation set MAE but
hits a barrier on the test set. Molecules with fewer heavy atoms constitute a larger share
of this small training set, but this does not account for the poor test set generalization
since this ratio is approximately the same for the test set. By a significant margin, the
best test set RMSE results were obtained from the final run which uses the largest dataset.

The predictive accuracy for all conformations of the CoHgNo and C4H4N,4 isomers
suggests the model is able to model non-equilibrium molecules and its conformations
with chemical accuracy, which in ANI-1 are sampled from the molecules’ normal modes
of vibration. This suggests the model would be able to reproduce the aforementioned
reaction, transitions between states as well as dissociation. Whether this holds in practice
should be further evaluated using MD simulations.

4.4 Discussion of EAN results

For the ionic liquid dataset, the JAT model is able to reach chemical accuracy at a
excellent speed. Training the best JAT model for 500 epochs takes one fourth of the
time required to train the baseline model NeurallL on the 15-pair EAN dataset but does
not outperform the baseline in terms of accuracy. Instead, ~1800 training epochs can be
performed in the time required to train NeurallL. for 500 epochs, in which the JAT model
reaches a forces validation MAE of 88 meV /A and RMSE of 152 meV /A compared to 75
meV /A MAE and 123 meV/A RMSE achieved by NeurallL.
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4.4. Discussion of EAN results

Considering the significant difference in runtime of 4x, using the JAT model for MD
simulations might be the superior choice since both models reach chemical accuracy.
This difference in runtime would further increase in favor of JAT when scaling to larger
systems due to its sparse implementation. In comparison, the Bessel descriptors are
the most expensive computational component and need to be evaluated separately for
additional atoms of larger systems.

Architectures

The best architecture variant found uses 7 message passing layers of dimensionality 48
with a single attention head. 9 layers of dimensionality 64 were also evaluated and do
marginally increase performance at the cost of increased runtime and model instability
which can occasionally lead to model collapse. It is particularly interesting that 7 to 9
or even more message passing layers are beneficial and not detrimental to the model’s
performance. The generally accepted consensus advocates for the use of no more than 3
to 4 layers, due to the effects of averaging or over-smoothing of the latent vectors with
too many update steps. This is the case for the ANI-1 dataset but not for EAN, where
only using 4 layers significantly hinders performance. Possible explanations are the rather
large system of 225 atoms or the periodic boundary conditions present in the 15-pair
EAN dataset, where increases in the receptive field with depth allow for better modeling
of long-range interactions between replicas.

Influence of randomness

Two experiments are performed to evaluate the influence of randomness on the models
training behaviour and accuracy. The first set of five runs includes randomness from both
dataset shuffling and model initialization, the second set isolates the source of randomness
to initialization. Based on these results, different dataset splits have a larger impact on
the final models’ variance in performance than does initialization. The small size of the
dataset with 741 configurations in total accounts for this difference, since the difficulty of
the 50 randomly selected samples respectively used as the validation and test set can vary.

Y

Dissociation

The model’s ability to predict dissociated configurations is explored by evaluating the
projected forces when pulling apart a N—O bond, which is plotted against the DFT
baseline. The models closely fit the DFT reference when the model operates within
the boundaries of the training data distribution, while outside thereof the forces are
overestimated in the distribution’s tail. For the larger models a better and closer fit can
be observed as training progresses.
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4.5 Outlook and future work

One avenue for further study is to examine whether the predicted scaling behaviour
to larger systems and larger datasets holds in practice. Attention-based architectures
can effectively scale to very large datasets and tend to show the biggest advantages for
the largest datasets compared to other architectures. The scaling behaviour has been
explored extensively on ANI-1, but the entire dataset was not used due to limitations in
computational resources.

Similarly, the sparse implementation allows the JAT model to scale well to larger systems
when compared to regular self-attention on a fully connected graph, but especially when
compared to descriptor-based architectures. A limiting aspect is the availability of
DFT reference data for large systems. Evaluating the extent of the benefit over other
approaches when scaling the JAT model to much larger molecules and simulation boxes
is left for future work.

The study of dissociation necessitates both a dataset with representative conformations
as well as conformations suitable to evaluate dissociation. This is hindered by the rare
natural occurrence of such phenomena and thus necessitates generating suitable reference
data to explicitly explore dissociation. Generating such a dataset and evaluating the
JAT architecture is another promising avenue for future work, both to validate whether
the presented model in its current form is able to describe dissociation and to further
optimize the architecture for this task.

On the architecture side, many ideas might be worth exploring. Inclusion of a high-
dimensional projection layer similar to the one used in Transformers might significantly
increase the model performance. Concretely, this means projecting the latent features to
a very high-dimensional space, applying a nonlinearity and projecting the features back
to its original dimensionality directly after aggregation in every message passing layer.
Furthermore, using a global master node connected to all nodes might enable messages
to circumvent the receptive field, which is usually limited by the depth and graph cutoff
radius. However, this prevents dividing a large simulation box into independent computa-
tions for parallelization, which is crucial for the integration into MD simulation engines.

Performing an exhaustive hyperparameter search can yield a superior combination of
parameters and might lead to minor gains in accuracy or efficiency. This is however
limited in scope given the size of the ANI-1 dataset and has to be weighted against simply
increasing the size of the training dataset, which is likely to offer larger benefits compared
to fine-tuning hyperparameters. Finally, inspection of the attention layers’ weights might
yield insights into the architecture and guide the design of future architectures.
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CHAPTER

Conclusion

This work explores the applicability of attention-based deep learning architectures by
adapting Graph Attention Networks to the prediction of the potential energy surface of
molecules. To achieve this, the JAT model generates a sparse molecular graph from the
atomic positions and embeds the atomic species. The feature vectors describing each
atom are incrementally refined with multiple attention-based message passing layers. A
pyramidal readout head transforms the final latent representation into the regression
target, each atoms’ contribution to the total energy. Their sum is the model’s prediction
of the potential energy of the molecule or system, from which the atomic forces can be
obtained as its gradient.

This approach avoids the computationally expensive evaluation of atomistic descriptors
and is therefore significantly faster than the NeuralllL baseline. The JAT model ap-
proaches the chemical accuracy of the baseline when trained with similar computational
resources while retaining the 4x speed advantage for inference.

Since efficiency is a crucial aspect for the model’s application in MD simulations, the
JAT architecture leverages sparsity in the graph representation, message passing and
attention mechanism to achieve favorable scaling to larger systems. The architecture is
implemented in JAX, enabling the efficient evaluation of the forces as well as significant
performance gains through the use of a GPU and just-in-time compilation.

The JAT model is trained and evaluated on a very large organic molecule dataset (ANI-1)
and a small ionic liquid dataset (EAN) and achieves chemical accuracy at excellent speed.
Only the energy but not the atomic forces are available in ANI-1, and achieving chemical
accuracy is significantly more difficult when training only on the energies.
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The final production run trains on 5% of the entire ANI-1 dataset with 892K conforma-
tions and best generalizes to the test set. It reaches a MAE of ~ 16 — 30 meV /atom
when predicting the energy of validation and out-of-sample test molecules in ANI-1 after
training for 40 epochs. The predictions are similarly accurate for smaller and larger
molecules, both for the energy MAE and RMSE. The model shows excellent behaviour
when scaling to large datasets, where increasing the number of molecules and total size
of the training set drastically improves the generalization to the test set.

For the EAN dataset, JAT predicts the forces with an MAE of ~ 79 — 82 meV/ A, slightly
worse but 4x faster than the NeuralllL baseline. Particularly interesting is the benefit of
7 - 9 message passing layers, without which the model performs noticeably worse. It is
able to accurately predict dissociated configurations in both datasets, such as the N-O
bond stretch of an EAN molecule or the vibrations of out-of-sample CoHgN9 and C4H4N4
isomers.
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