Advanced Deep Learning Methods for Chemistry and
Material Science

A DISSERTATION
SUBMITTED TO THE FACULTY OF THE GRADUATE SCHOOL
OF THE UNIVERSITY OF MINNESOTA
BY

Zeren Shui

IN PARTIAL FULFILLMENT OF THE REQUIREMENTS
FOR THE DEGREE OF
Doctor of Philosophy

Professor George Karypis, Advisor

July, 2024



(© Zeren Shui 2024
ALL RIGHTS RESERVED



Acknowledgements

First and foremost, I would like to extend my sincerest gratitude to my advisor, George
Karypis, for his guidance, patience, and support. With his exceptional research and
working experience, George can always provide keen and insightful guidance for my
research. When I started my Ph.D. journey, I had very limited research experience.
George patiently trained me step-by-step from a novice to a rigorous researcher. He
taught me all skills that an awesome researchers need from fundamental ones such
as paper writing, presentation, experimental data analysis to advanced ones like how
to identify research questions, develop critical thinking skills, and conduct impactful
research. George has been extremely supportive for both my research and my life.
He always checks if I have the necessary resources for conducting my research and
enthusiastically introduces me to researchers and opportunities. In all the hard times
such as COVID, Minneapolis riots, and when I faced with personal crisis, George steadily
stood by me and provided help to make me feel safe and supported. I am very thankful
to have George as my advisor and role model. I am always proud that I am a student
of George, and I hope one day George will be proud of me.

I would like to thank Professors Vipin Kumar, Chad Myers, Ellad B. Tadmor for
serving on my dissertation committee and Professor Mingyi Hong, Zhi-Li Zhang for
serving as my oral preliminary exam committee. Their insightful feedback, rigorous
academic standards, and encouragement have significantly shaped my research and pro-
fessional growth.

I want to thank all the members from Karypis Lab, Costas Mavromatis, Ancy
Sarah Tom, Agoritsa Polyzou, Maria Kalantzi, Saurav Manchanda, Athanasios N. Niko-
lakopoulos, Evangelia Christakopoulou, Shaden Smith, Mohit Sharma, Petros Karypis,

and Philipos Karypis. I have learned a lot and received significant support from them.



The time we spent together forms an essential part of my Ph.D. journey.

I would like to thank my amazing collaborators from the KIM-Initiative, especially
Professor Ellad B. Tadmor, and Professor Stefano Martiniani for providing support,
help, and suggestions during our collaborations. It is my great pleasure to work with
them. Our collaborations constitute a significant part of this dissertation. I am glad
that I have worked with many wonderful researchers: Mingjian Wen, Daniel Karls, Ilia
Nikiforov, Amit Gupta, Eric Fuemmeler, and Brendon Waters.

I want to thank my friends from Digital Technology Center and University of Min-
nesota, Professor Georgios B. Giannakis, Yilang Zhang, Kostas Polyzous, Bingcong li,
Jia Yan, Shijian Gao, Vassilis N. Ioannidis, Yanning Shen, Jason Carpenter, Yingxue
Zhou, Burhan Yaman, Bhaskar Sen for their support throughout my Ph.D. journey.

I am very thankful to receive support and mentorship from my Amazon collabora-
tors: Ge Liu, Da Zheng, Yifei Ma, Hao Ding, Bernie Wang, and Anoop Deoras. I have
learned invaluable research and industrial experiences from them.

I want to thank my friends, Fan Yang, Hao Sun, Sijia Ai, Pinshu Chen, Sijie He,
and Shiao Wang for their friendship. As an only child, they have become like siblings
to me, offering both companionship and support throughout my journey.

I want to thank my host family, Jim Goddard, Angela Goddard, Lolo Goddard, and
Norah Goddard for for providing me with a family away from home in Minnesota. They
kindly welcomed me and helped me adapt to U.S. culture upon my arrival in this new
country. Throughout my time in Minnesota, they embraced me as one of their own,
truly making me feel at home.

I want to extend my heartfelt thanks to my parents, Yiping Shui and Jinfeng Li, for
their unconditional love, support, protection, and sacrifices throughout my life. They
have consistently prioritized my needs and my research above their own, striving tire-
lessly to assist me in every possible way. Their selflessness and dedication have been
the cornerstone of this dissertation.

I want to thank my wife, Jiaqi Chen, for going through one of the most challenging
journeys imaginable: maintaining a long-distance relationship during a Ph.D. program,
with me. We made it through together and turned it into the greatest achievement in our
lives. This achievement would not have been possible without her love, companionship,

patience, and immense sacrifices.

i



Dedication

To my grandfather Jisheng Shui, my parents Yiping Shui and Jinfeng Li, and my wife
Jiagi Chen.

i



Abstract

In chemistry and material science, scientific discovery is usually achieved through a
combination of wet-lab experiments and first-principle computational methods. These
traditional approaches are often time-consuming and computationally expensive, signif-
icantly slowing down the pace of discovery. In recent years, researchers have started
exploring deep learning methods to accelerate this process and reduce the cost. While
these initial attempts have shown great promise, there remains significant challenges
that must be addressed to fully realize the potential of deep learning in this field.

This dissertation advances research on deep learning methods for molecular and
material property predictions from three key perspectives: 1) Molecular Representation
Learning: We propose an expressive neural network (HMGNN) that can learn better
molecule representations and achieves state-of-the-art performance in molecular prop-
erty prediction tasks. 2) Multi-modal Molecular Learning: we develop a retrieval aug-
mentation method (RTMol) that leverages additional information present in scientific
literature to augment molecular structures for accurate property prediction. 3) Label
Efficiency: we propose two methods to effectively train neural networks for material
and molecular property prediction with limited labeled data. The first method utilizes
materials labeled by computationally efficient labeling methods to augment the lim-
ited labeled training data. The second method (DSP) selects task specific pre-training

subsets to effectively adapt already pre-trained neural networks to downstream tasks.
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Chapter 1

Introduction

Scientific discovery in chemistry and material science (e.g., drug discovery, material
design) rely heavily on experimental screening and first principle computation. Ex-
perimental screening involves synthesizing and characterizing molecular and material
candidates in order to identify those with desired properties (e.g., solubility, toxicity).
First principle computation (e.g., density functional theory) is usually used to predict
quantum properties of molecules and materials, and simulate their behaviours at the
atomic level. These approaches are time-consuming and (computationally) expensive,
making it challenging to evaluate large number of molecules and materials.

Due to the increasing availability of large datasets and computation resources, deep
learning has revolutionized a wide range of application domains such as computer vi-
sion, natural language processing, and graph mining. In recent years, researchers have
begun exploring deep learning methods to accelerate the scientific discovery process in
chemistry and materials science. These methods could allow for efficient prediction,
analysis, and screening of large numbers of molecules and materials, helping to guide
the selection of those most likely to succeed in further development. Moreover, they
can serve as surrogates of first principle computational methods for atomistic modeling
tasks.

While deep learning has shown great promise, it still faces three critical challenges
that must be addressed to fully realize its potential in chemistry and material science.

First, molecules and materials possess intricate geometric structures (e.g., bond angles)
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Figure 1.1: Deep learning accelerates scientific discovery in chemistry and material

science.

and intrinsic patterns (e.g., many-body interactions). Second, molecules can be repre-
sented by data of different modalities (e.g., molecular graphs, scientific documents) that
contain different information. Third, deep learning methods require substantial amounts
of labeled data for generalization performance, but the process of data labeling is often
cost-prohibitive.

This dissertation addresses the aforementioned challenges and advance the research
on deep learning methods for molecular and material property predictions. In Chap-
ter 2| we propose a novel graph representation of molecules, heterogeneous molecular
graph (HMG), that allows us to explicitly model interactions, representations, and pre-
dictions associated with many-bodies as well as complex geometric information (e.g.,
bond angles and dihedral angles). We design heterogeneous molecular graph neural net-
works (HMGNN) to leverage the rich information stored in HMG for molecular property

prediction tasks. In Chapter [3] we propose a text retrieval augmentation framework to
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efficiently and effectively learn to retrieve informative documents from scientific litera-
ture to augment molecular property prediction. We address the label scarcity challenge
from two perspectives, to use cheap but high-quality supervision signals to train neural
networks and to pre-train neural networks using existing large and diverse datasets. In
Chapter [d, we discuss label augmentation and multi-task pre-training, two strategies
that utilize computationally efficient while relatively accurate labeling methods on unla-
beled materials to assist the training of neural networks for material property prediction.
In Chapter |5 we propose data selection pre-training (DSP) that adapts already pre-
trained neural networks to the domain of specific downstream tasks without the need

to label additional domain-specific datasets.



Chapter 2

Heterogeneous Molecular Graph

Neural Networks

2.1 Introduction

Predicting quantum mechanical properties of molecules based on their structures is im-
portant for molecule screening and drug design. We can compute exact molecular prop-
erties by solving the many-body Schrédinger equation. However, closed form solution
to this equation is only available for simple systems. Although researchers developed
methods such as Density Functional Theory (DFT) [64] to approximate the solution,
the computational cost of these methods scales poorly and is worse than O(n?) w.r.t.
the number of electrons.

Recently, researchers have been developing machine learning methods that are orders
of magnitude faster with a moderate compromise in prediction accuracy. Among the
machine learning approaches, graph neural network (GNN)-based methods attract a lot
of research attention as their ability to model complex interactions among atoms. These
methods treat molecules as molecular graphs (e.g., distance graphs [141], 117, 121 95],
chemical graphs [48], K-nearest neighbor graphs [71]) in which atoms are modeled as
nodes. They compute an atom’s low-dimensional representation as a function of its
feature and characteristics of its graph neighbors. The low-dimensional representations
are then used to estimate the local contribution of the atoms to the desired property,

or to compute a global representation of the molecule for downstream predictions.
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5
The many-body expansion (MBE) [I31], 35| [163] is an important scheme that com-
putes the energy of an IN-particle system as the sum of the contributions of many-body

terms

E = ZEz + ZEij + Z Eiji + -+ Ei2..n, (2.1)
;

i<j i<j<k
where F; is the local energy contribution of a single atom, E;; is the energy contribution
of a two-body (a group of two atoms), FE;j; is the energy contribution of a three-
body, and eventually Eis.. is the contribution of the body formed by all the atoms
in the molecule. Note that, the local contribution to the total energy decreases fast
with the number of atoms in the many-body. As most of the existing GNN-based
methods are developed on molecular graphs, they focus mainly on modeling atom-based
representations, interactions, and predictions which correspond to the first two terms of
the series and do not have an explicit characterization of the higher order terms. This
may compromise their accuracy in the chemical prediction problems.

In this dissertation, we introduce a novel graph representation of molecules, hetero-
geneous molecular graph (HMG), to explicitly model many-body interactions. A p-body
(the value of p is called the order of the many-body) is a group of p atoms that functions
as a whole entity. In HMGs, a p-body is modeled as a node of order p. Nodes connect
to nodes of the same or different order via different types of edges. This heterogeneous
structure allows us to explicitly model interactions, representations, and predictions
associated with many-bodies. Moreover, edges between nodes of the same order carry
the potential of incorporating complex geometric information (e.g., bond angles and
dihedral angles) into node embeddings.

To leverage the rich information stored in HMG for tasks of molecular property
predictions, we design heterogeneous molecular graph neural networks (HMGNN) by
following a message passing framework. In the message passing framework [4§], nodes
send and receive messages from their neighbors and update their low-dimensional rep-
resentations using the received messages. HMGNN is a multi-task learning [115] model
whose design is inspired by the MBE of energy surfaces. In HMGNN, each many-body
order possesses its own set of parameters and shares computations with other orders.
In the prediction phase, HMGNN computes one estimation for each many-body and

aggregates them based on their orders. It uses an attention-based model that takes
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into account a global representation of the molecule to fuse the prediction of different
orders, which correspond to different terms in Eq We design a multi-task learning
loss that enforces the prediction of each order and the fused prediction to be close to
the true target. Experimental results show that the fused prediction is better than any
of the standalone predictions. The fusing weight of the predictions are also consistent
with the convergence assumption in the many-body expansion.

The main contribution of this work lies in two folds. First, we propose HMG which
allows graph learning methods to explicitly model many-body representation, interac-
tion, and prediction. Second, we develop a multi-task learning method HMGNN for the
task of molecule property prediction. HMGNN explicitly incorporates many-body in-
teraction and a global molecule representation into the prediction process and achieves

state-of-the-art performance on the QM9 dataset [114, [108§].

2.2 Related Works

Traditionally, prediction of many important molecular properties such as atomization
energies relies on methods that approximate the solution of the many-body Schrédinger
equation such as density function theory (DFT) and its variants [I01]. This class of
methods involves solving complex linear systems and has a computational complexity
worse than O(n?®) where n is the number of atoms.

Recent years have seen a surge in data-driven methods that train machine learning
models to learn patterns from molecule databases. The learned patterns are assumed
to be general in chemical space and can be used to estimate properties of unknown
compounds. These attempts started from [36] [§] which feed hand-crafted molecule
descriptors (e.g., Coulomb matrix, bag of bonds) into regression models such as linear
regression and random forests. These methods rely heavily on the quality of the crafted
descriptors and have limited representation power.

Recently, graph neural networks (GNN) have been achieving a great success in graph-
related applications [70, [145] 57, [165]. In chemistry, researchers developed GNN-based
method for learning tasks over graph represented molecules. The authors of [4§] in-

troduced a generic framework over chemical graphs that models interactions between
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atoms in a message passing fashion. In [120] 117, [121], the authors designed neural net-
work structures that have no dependency on hand-crafted features but learn molecule
representations from only atom types and coordinates. Since GNNs possess a hierarchi-
cal structure, i.e., they iteratively apply GNN layers on graphs to encode each node’s
multi-hop neighbors into its embedding, GNN-based methods [96] and [141] further
decompose atom-wise prediction to layer-wise atom prediction to fit in the MBE frame-
work. Although these methods include many-body contributions into final predictions,
they do not have an explicit modeling of many-body representations and interactions.
Some recent works have incorporated many-body interactions and representations by
updating edge embeddings along message passing [71] or by passing messages on line
graphs of the corresponding molecular graphs [78]. However, these methods capture
only partial many-body interactions and lack many-body predictions.

Equivariant neural network is another class of neural network methods that has been
applied in chemical prediction problems. The notion of group equivariant neural network
was first introduced by [24] in the domain of image processing. Later, researchers devel-
oped neural network methods that are equivariant to continuous rotations for learning
representations for 3D objects, including molecules [3] 139, [80]. These methods achieve
rotation invariance by transforming objects from Euclidean space to Fourier space and
conducting computations in Fourier space. In these methods, each many-body interacts
only with itself but not other many-bodies. Thus, they are not optimal in predicting

molecule properties.

2.3 Notations and Definitions

We denote matrices by bold upper-case letters (e.g., W), and vectors by bold lower-
case letters (e.g., x). We denote entries of a matrix/vector by lower-case letter with
subscripts (e.g., z;;/z;). We use superscripts to indicate variables at the ¢-th message
passing layer (e.g., h®)). We denote molecular graphs by G = (V,€) where V and &
represent the set of nodes (atoms) and edges, respectively. Two atoms are connected
in a molecular graph when the Euclidean distance between them is less than a cutoff
threshold ¢ > 0. Each edge in the graph is associated with a distance to store the

geometric structure of the molecule. We define a p-body in a molecular graph G as a



((a)) Formaldehyde molecule. ((b)) A molecular graph of the ((c)) A heterogeneous molecular graph

formaldehyde molecule. of the molecular graph.

Figure 2.1: An example of heterogeneous molecular graph (HMG). Figure is a
spatial structure of a formaldehyde (CH20) molecule. Each atom in the molecule is
associated with a three-dimensional coordinates in the Euclidean space. Figure [2.1(b)|
is the molecular graph of the methanol molecule with a cutoff distance ¢ = 2. We
convert atom coordinates to pair-wise distances to guarantee translation and rotation
invariance of the representation. We denote edges whose distances are less than ¢ using
black solid lines, and edges that are broke by the cutoff using black dotted lines. Figure
is a HMG of order two constructed from the molecular graph. There are two
types of nodes (1-bodies and 2-bodies denoted by yellow and blue circles, respectively)
and three types of edges (1-1 and 2-2 denoted by yellow and blue lines, respectively, 1-2
denoted by black dashed lines) in the HMG. Edges between nodes of the same order are
associated with features that depict the geometric relation between the nodes (distance

for 1-1 edges, angle for 2-2 edges).



p-clique of the graph. We refer to the value of p as the order of the many-body.

2.4 Heterogeneous Molecular Graph and Many-Body In-

teractions

In this section, we illustrate the construction of heterogeneous molecular graphs (HMG)
and how we leverage the heterogeneous structure of HMGs to model many-body repre-

sentations and interactions.

2.4.1 Heterogeneous Molecular Graph

An HMG is a graph in which nodes are many-bodies and edges are defined by various
types of geometric and set relations. HMGs are constructed from molecular graphs. We
denote an HMG of order N of a molecular graph G as Hn(G) = ({Vp},{Epq}) where
1 <p<gq<N,YV,is the set of p-bodies in G (i.e., all p-cliques of G), and &, is the
set of edges between V), and V,. We denote the order p of p-bodies as the node type
and p-q as the type of the edges that connect nodes of order p and nodes of order ¢.
Given two nodes ¢ € V, and j € V,, when they are of the same order, i.e., p = ¢, 7 and
j are connected if they share p — 1 atoms. A special case is when p = ¢ = 1, instead
of building a complete graph, we use the edge set £ of the molecular graph to define
connections. When the two nodes are of different orders, presumably p < ¢, (i,7) € Epq
if 4 is a sub-graph of j. An example HMG is shown in Figure With this formulation,
we are able to explicitly model up to N-body representations by node embeddings and
N + 1-body interactions by message passing.

In an HMG, each node ¢ of order p is associated with a discrete feature Z,; that
indicates its atomic composition, and a continuous feature x,; that describes aspects
of its geometry. Note that, nodes of order 1 do not have continuous features since they
are points in the Euclidean space and do not have geometric structure. Each edge (i, j)
is associated with an edge feature e,;; when ¢ and j are of the same order p. The
edge feature characterizes the geometric relation between the two nodes, e.g., distance
between atoms, angles between bonds. In this dissertation, we use a hash function

to map the set of atomic numbers of the atoms to Z,;. Construction of continuous
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node features and edge features requires feature engineering especially when order of

the many-bodies are high.

2.4.2 Message Passing on Heterogeneous Molecular Graphs

The message passing framework consists of two phases, message passing and node up-
date. On molecular graphs, each node (atom) i sends/receives messages to/from its

neighbors and uses the received messages to update its embedding

Z ft) (h(t) o, U)

JEN () (2.2)
B0 = g0 (00, m)

In Eq., N (i) is the set of neighbor nodes of i, h(t) is the node (atom) embedding of
@®) .

i, m;’ is the aggregation of messages from i’s neighbor nodes, e;; is the edge feature
associated with the edge between i and j, f(-) is a message function that maps embed-
dings of the sender and the receiver and the corresponding edge feature to a message
vector, ¢g(+) is a node update function that combines the incoming message and the old
embedding to be the new node embedding. Both f(-) and g(-) are learnable. Message
passing on HMGs is different from that on molecular graphs due to the heterogeneous
property of HMGs. Nodes in HMGs are of different orders and they pass messages
through edges of different types. A message passing framework needs to learn edge
type specific message functions and order specific node update functions to capture this
heterogeneous structure. Moreover, the framework should allow inter-order message
passing such that the node embeddings can capture information from other orders. For
example, by passing messages from 2-bodies, 1-bodies can encode edge angle informa-
tion into their embeddings. Let i € V, be a node of order p in a HMG and hgg be its

embedding at the t-th layer, we design the message passing framework as

mgz = Z fQP ( X qj’elj)
JENG (3 (2.3)
R = g0 (h(t) ® m® ... m(t))

D, pz’ 1,60 572,00 NG

where N, (7) the set of nodes of order ¢ that are connected to 4, mEItZ denotes the

aggregated messages from nodes i’s neighbor nodes of order ¢, e;; denotes the edge
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feature between i and j if they are of the same order, fp,(-) and g,(-) are learnable
functions specific to edge type pq and node type (order) p, respectively. Compare to the
message passing framework on molecular graphs which has two functions to learn, this
framework possesses larger model capacity and is able to model many-body interactions

explicitly.

2.5 Heterogeneous Molecular Graph Neural Networks.

We present Heterogeneous Molecular Graph Neural Networks (HMGNN) for the pur-
pose of predicting molecule properties. An HMGNN contains four types of modules,
input module, interaction module, output module, and fusion module. All the mod-
ules except the fusion module are order specific. HMGNNSs learn functions for message
passing on heterogeneous molecular graphs to compute local node representations, and
uses a readout function to combine the representations to form a global molecule rep-
resentation. HMGNNs compute node-wise contributions to the target property and
aggregates them based on their orders. The final prediction is a weighted combination
of the predictions of all orders where the weights are computed by an attention mech-
anism from the global molecule representation. An HMGNN is learned by optimizing
a loss function which forces predictions of each order and the fused prediction to be
close to the true target. Since the construction of heterogeneous molecular graphs and
associated features rely on atom pairwise distances and atomic numbers but not atom
coordinates, HMGNNSs are invariant under both translations and rotations. HMGNNs
are also permutation invariant to atom indices as the message aggregation function in
Eq and the readout function are permutation invariant [160]. Figure shows an
overview of the architecture of HMGNN.

2.5.1 Input Module

The input module of HMGNN converts raw features of nodes to latent embeddings. As
we described in Section each node ¢ € V, in a HMG is associated with a discrete
feature Z,; and a continuous feature x,;. We use an embedding lookup table to map
the discrete feature Z,; to a real value vector ez, ; and apply a fully connected layer to

the concatenation of the latent vector ez, and the continuous feature x,; to get the
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Figure 2.2: Computation flow of heterogeneous molecular graph neural networks

(HMGNN) for many-bodies up to order two. We use O to represent the input to
the function. The activation function is set to be the shifted softplus function, i.e.,
¢(z) = In(0.5€” + 0.5). Each many-body order p owns its input module, interaction
module, and output module. For each node ¢ of order p, an input module converts the
discrete and continuous feature of the node to an initial node embedding h;?i) . HMGNN
passes the initial embeddings through a stack of T interaction modules to encode infor-
mation from its neighbor nodes of different orders to the node embedding. The outputs
of the last interaction module, the final node embedding AR

Dyl
fusion module and an output module to compute a weight vector o and prediction ¢, ;,

, are then fed into a

respectively. HMGNN sums the predictions per many-body order and computes the

final prediction as a weighted sum of these summed predictions.
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initial node embedding
h(l) — Win . bin
i ¢ (W' (ez,, I xp3) +by')

where W;“ and b;n are learnable parameters for nodes of order p (p-bodies), ¢(-) is an

element-wise activation function, || denotes concatenation of vectors.

2.5.2 Interaction Module

HMGNN stacks T' interaction modules to encode information across far reaches of the
heterogeneous molecular graph into node embeddings. Each interaction module takes
the output embeddings of the previous module and update the embeddings. Note that,
edges between nodes of the same orders have features while other edges do not. As a

result, we paramatrize the message functions between nodes of the same order as

mg,z - Z G;(ot)ep,ij ©¢ (WI(J? hﬁ;‘ + bgg) 24
JEN(1)

and the message functions along edges without features as

m) = 3 o (WiHn) + b)) (2.5)
JEN(7)

In Eqf2.4 and Eq{2.5] V(i) and N, (i) denotes the set of neighbor nodes of order p and

order ¢ of node 7, respectively, ® denotes the Hadamard product, G, W, and b are
()

i 1s then updated as a function of its old

learnable parameters. A node embedding h
embedding and the incoming messages,

1
b = 00 o (WO () ) - md,) + ()

p’z

where || denotes concatenation of vectors. The interaction module then refines the node

embeddings with two consecutive fully connected layers with residual connections [59].

2.5.3 Output Module

Each many-body order p possesses a specific output module that passes the output of

(T+1)
Dyt

pings and a aggregation process to compute the estimated value of the target property.

its interaction module, final node embeddings h , through a sequence of linear map-
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First, we use a fully connected layer to convert the node embeddings to node predictions

where ng

and bg“t are learnable parameters for nodes of order p. Then we follow
[141] and scale the predictions with scaling parameters that are specific to the discrete

feature Z,; of the nodes
gp,i = SZpyigp,i + T Zpi
where s and r are learnable embedding lookup tables that map Z, ; to the corresponding

scaling factors and shifts. The goal of the scaling layer is to adapt the magnitude of the

predictions to different unit systems of the target property.

2.5.4 Fusion Module

The fusion module computes a global molecule representation out of the final node
embeddings and uses the global representation to weigh the prediction of different orders.

(T+1)
Dy

We sum the final node embeddings h,, of each p-body to form an order specific

representation and concatenate them to be an intermediate representation
v= 3 R o n Y D et
1€V1 1€V2 1€EVN
Since node embeddings of different orders are computed by different parameters and
the number of nodes of the orders also varies, the distributions of the order specific
representations could be dramatically different from each other. In order to unify the
distributions of the representations and to accelerate training, we apply batch normal-
ization [70] followed by a fully connected layer on the intermediate representation to

obtain the global representation
v = BatchNorm (V)
z=¢(Wv+b).

Then we pass the global representation through an attention layer to compute the weight

o) that measures the importance of the predictions of order p

exp (LeakyReLU (zTap))
Zévzl exp (LeakyReLU (zT'a,))

ap =
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where a are learnable vectors, and Zp ap = 1. We can understand the global repre-
sentation as a query to the knowledge-base distilled in a for assigning contributions to
predictions of different orders. This gives the model better flexibility and explainability

in dealing with different molecules.

2.5.5 Final prediction

Inspired by the many-body expansion, we decompose the final prediction as a weighted

sum of the prediction of different orders

172041Zz)1,i+a2szz,iJrang&iJr...

1€V %) 1€V3

where the weights oy, are computed by the fusion module.

2.5.6 Model Training

Since all the modules in HMGNNs except for the fusion module are order specific, and
the final prediction is a weighted average of the predictions per order, training HMGNNs
by optimizing objective functions that only depend on the final prediction (the fused
prediction) may cause gradient vanishing issues for parameters of some orders so that
these parameters do not learn enough and lose their prediction utilities. To avoid this
issue, we treat the computation of each order as a separate prediction task and propose
a multi-task objective function that forces the prediction of all orders together with the

final prediction to be close to the true target

N

9=yl + > 19—yl | +AlO]5 (2.6)
p=1

where 7, = Zz‘evp Up,i is the node order specific prediction, © denotes all trainable
parameters of the model, A > 0 is a hyper-parameter that controls the strength of Lo
normalization to prevent the model overfits. This objective function preserves gradient
flow for parameters of each order and gives higher training importance to orders that

the fussing module assigning larger weights to.
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2.5.7 Complexity Analysis

The time and space complexity of HMGNN depends linearly on the number of nodes
and edges in a HMG. The number of nodes determines the complexity of the input
module and the output module while the number of edges determines the complexity
of message passing.

Let G be a molecular graph with N atoms and Hp(G) be its HMG that explicitly
models up to P-bodies. We assume G is a complete graph for the worst case scenario.
The number of nodes of order p in Hp(G) is (]Z\)[) Let i € V, be a node of order p (i.e., a
g-body), i is connected to nodes that are of order ¢ where ¢ € {1,---, P}. When ¢q < p,
the number of ¢ order neighbors of node ¢ is (f]’) as 7 is connected to all g-bodies who
are sub-graphs of i; when ¢ = p, the number of order p neighbors of 7 is p(N — p) since
1 is connected to p-bodies who share p — 1 atoms with 7; When ¢ > p, the number of

g-body neighbors of 7 is (];[__;f). As a result, the complexity of message passing is

P p—1 P

> () Z ) 2, (Go)) s

p=1 g=1 q=p+1

and the complexity of the input/output module of HMGNN is 25:1 (];7 )

In this dissertation, we experiment with HMGs and HMGNNs for up to 2-bodies,
consequently, the time complexity and space complexity of our model are both O(N?3).
Modern computing architectures such as graphics processing unit (GPU) and tensor pro-
cessing unit (TPU) are optimized to accelerate this computation. Empirically, HMGNNs
can generate property predictions for 10000 randomly drawn molecules from the QM9

dataset in 4 seconds.

2.6 Experiments

We conduct experiments to investigate three research problems in regards of many-body
modeling and the HMGNN model

e How does HMGNN perform in the molecule property prediction tasks compared

against the current state-of-the-art methods?
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e How does many-body representation, interaction, and prediction contribute to the

prediction?

e What is the utility of the components of HMGNN?

2.6.1 Implementation Details

We experiment with HMGs and HMGNNs for many-bodies up to order two. There are
two types of nodes (1-bodies and 2-bodies), two types of edges with edge features (1-1
and 2-2 edges), and one type of edge without edge features (1-2 edges). Since 1-bodies
are atoms, they only have discrete features. Each 2-body 7 is determined by its two end
atoms and the distance between them dp ;.

There are three types of geometries that we need to model, distance d;; € (0,c)
between 1-bodies ¢ and j, length lo; € (0, ¢) of 2-bodies, and angle 6;; € [0, 7] between
2-bodies i and j. We use a set of K radial basis functions (RBF) to convert the scalar
geometries to real valued vector features. Let x € [a,b] be a scalar input and x € RX

be the real valued output of the RBFs, the k-th entry of x is computed as

zi. = exp (B (exp (—2) — )’

where p;, and Bj specify the center and width of x;. For distance d;; between 1-
bodies, we multiply its feature vector by a continuous monotonic decreasing func-
tion v (d;;) that has ¢(0) = 1 and #(c) = 0. With this formulation, an 1-body
node will have less influence to/from its distant order 1 neighbors. We follow [141]
and set the value of i to be equally spaced between exp (—a) and exp (—b) while
Br = (2K 1(exp (—a) — exp (=b)))~2. The goal of using RBFs is to decorrelate the
scalar features to accelerate training [I17]. We apply three different sets of RBFs to
convert the distance d;;, the length I3 ;, and the angle 6;; to the corresponding features
e1,j, X2,i, and ey ;;, respectively.

We set the latent dimension to be 128 and use 5 interaction modules for our ex-
periments. We use the shifted softplus function as the activation function. For ZPVE,
U, Uy, H, G and C,, the cutoff distances ¢ = 3 while for other targets ¢ = 5. We ini-
tialize the weights of fully connected layers with random orthogonal matrices scaled by

the glorot initialization scheme [51] and the bias to zero. For learning the parameters
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Table 2.1: Target properties in the QM9 dataset.

Target | Description

7 Dipole moment

« Isotropic polarizability

enomo | Energy of Highest occupied molecular orbital (HOMO)
ecumo | Energy of Lowest occupied molecular orbital (LUMO)
Ae Gap, difference between LUMO and HOMO

(R?) Electronic spatial extent

ZPVE | Zero point vibrational energy

Internal energy at 0 K

Internal energy at 298.15 K

Enthalpy at 298.15 K

Free energy at 298.15 K

Heat capacity at 298.15 K

famas

of HMGNN, we run the AMSGrad algorithm [109] with a batch size of 32 for up to
3000000 steps and set the Lo regularizer A to be 1 x 1075, We initialize the learning
rate to be 1 x 1072 and multiply it with 0.1 every 2000000 gradient steps. The training
algorithm stops if the MAE on the validation set does not decrease for 1000000 steps.

We implement HMGNN using the Deep Graph Library (DGL) [172] 146].

2.6.2 Experimental Setting

We evaluate the performance of the proposed model on the QM9 dataset [114,[108]. QM9
is a widely used benchmark for evaluating models that predict molecule properties. It
consists of around 130K equilibrium molecules associated with 12 geometric, energetic,
electronic, and thermodynamic properties. The properties are described in Table
These molecules contain up to nine heavy atoms (C, O, N, and F). We randomly select
110000 molecules for training, 10000 molecules for validation, and 10831 molecules as

the test set. We conduct model selection for different targets on the validation set and
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Table 2.2: Mean absolute error on QM9 with 110K training molecules. In each row,
we use boldface for the best performance method. Column HMGNN-1 and HMGNN-2
correspond to the performance of summing over predictions of 1-bodies and 2-bodies,

respectively.

Target ‘Unit ‘enn—st SchNet NMP-edge Cormorant PhysNet DimeNet | HMGNN-1 HMGNN-2 HMGNN

o D 0.030  0.033 0.029 0.038  0.0529  0.0286 0.0276 0.0283  0.0272
o a3 0.092  0.235 0.077 0.085  0.0615  0.0469 0.0571 0.0647  0.0561
eHoMO | meV 43 41 36.7 34 32.9 27.8 24.94 26.31 24.78
eLuMo | meV 37 34 30.8 38 27.4 19.7 20.72 21.42 20.61
Ae meV 69 63 58.0 61 425 34.8 33.44 35.02 33.31
(R?) | a2 0.180  0.073 0.072 0.961 0.765 0.331 0.43 0.6 0.416
ZPVE | meV 15 1.7 1.49 2.03 1.39 1.29 1.24 1.34 1.18
Uy meV 19 14 10.5 22 8.15 8.02 6.19 9.06 5.92
U meV 19 19 10.6 21 8.34 7.89 7.22 11 6.85
H meV 17 14 11.3 21 8.42 8.11 6.35 8.37 6.08
G meV 19 14 12.2 20 9.40 8.98 7.95 11.06 7.61
o —al | 0.040  0.033 0.032 0.026  0.0280  0.0249 0.0241 0.025  0.0233

report the mean absolute error (MAE) of the best performing models. For properties
with atomic reference values (Uy, U, H, G, C,), we subtract the original value by the
per-atom-type reference values to be the target. Since Ae is defined as the gap between
eLumo and egomo, we predict it as Ae = e,umo — €emomo. In our experiments, we
convert the units of egomo, eL.umo, A¢, ZPVE, Uy, U, H, G to eV.

We compare the performance of HMGNN with six state-of-the-art methods, enn-s2s
[48], SchNet [117], neural message passing with edge updates (NMP-edge) [71], Cor-
morant [3], PhysNet [141], and directional message passing neural network (DimeNet)
[78]. Results of enn-s2s, SchNet, NMP-edge, Cormorant, and DimeNet are from the
corresponding papers. We take the results of PhysNet from [78].

2.6.3 Prediction Performance

We show the prediction performance of HMGNN and the competing methods on the
12 properties of QM9 in Table Our proposed method sets the new state-of-the-
art on 9 out of the 12 target properties. HMGNN'’s performance aligns with the best
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Figure 2.3: Effect of the cutoff distance ¢ on prediction performance on four target

properties.

results on the remaining targets with an exception of (R?). We also present the perfor-
mance of summing over predictions over 1-bodies (HMGNN-1) and 2-bodies (HMGNN-
2), respectively. Although the performance of HMGNN-2 is consistently worse than
HMGNN-1, their weighted combination outperforms any of the standalone prediction.
This demonstrates the effectiveness of the fusion module driven by the global molecule
representations and the attention mechanism, and that explicitly modeling and com-
puting predictions of many-bodies can be beneficial for chemical prediction tasks.

We analyze the effect of a critical hyper-parameter, the cutoff distance ¢, on predic-
tion performances of four types of properties. We choose Uy to represent properties re-
lated to atomization energies (Up, U, H, G), C,, to represent thermodynamic properties
(Cy), ZPVE to represent properties related to fundamental vibrations of the molecule
(ZPVE), and p to represent electronic properties (i, o, emomo, eLumo, Ae, (R?)) [48].
We present the training and test mean absolute error (MAE) of HMGNNs on HMGs
constructed with ¢ € {2, 3,5} in Figure

When constructing molecular graphs as well as HMGs, the larger the cutoff distance
we choose, the less geometric information about the molecules that we lose. However,
a large cutoff value does not always lead to better performance. In Figure despite
the training error decreases across all the four targets as the cutoff value increases,
the test error shows an increasing trend for three properties. This is a signal that the
model over-fits the training set on the three properties. This is because of the large
model capacity of HMGNNs as they have one set of parameters for each many-body
order. An HMGNN of order N possesses N times the number of parameters of a normal

GNN-based model.
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Table 2.3: Ablation study of various components of HMGNN on Uy and C,.

Target  Architecture HMGNN-1 HMGNN-2 HMGNN

Default 6.19 9.06 5.92
Remove MTL 8.22 9716.95 8.22
Yo Remove IOMP  10.26 8.18 7.88
Remove HO 10.08 - -
Default 0.0241 0.0250 0.0233
Remove MTL 0.0247 1.4022 0.0247
& Remove IOMP  0.0297 0.0275 0.0244
Remove HO 0.0289 - -

2.6.4 Ablation Study

In this section, we conduct ablation study on two targets (i.e., Uy, C)) to demonstrate
the importance of the multi-task learning loss, inter-order message passing, and explicit
modeling of high-order bodies in improving the performance of molecular property pre-

diction. We propose three variants of the HMGNN model and show their results in
Table 2.3

Remove MTL (Multi-Task Learning loss)

This variant has the same specification with the default model. It differs with the default
model in that it is trained by minimizing the naive loss |y — y| instead of the multi-task
learning loss that we proposed in Eq{2.6l As shown in Table the 2-bodies of this
variant lose their prediction power while the fusion module gives all attention weights to
the 1-bodies, and as a result, the performance of this variant is worse than the default
HMGNN. Furthermore, the prediction of 1-bodies (i.e., HMGNN-1) is also less accurate
than the default model.
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Remove IOMP (Inter-Order Message Passing)

This variant removes edges/messages between 1-bodies and 2-bodies, as a result, infor-
mation of the two orders are not shared. We can see that the performance of HMGNN-1
and HMGNN drops in the prediction of both Uy and C,. This demonstrates the impor-
tance of inter-order message passing. However, the prediction accuracy of HMGNN-2
on Up is better than models with inter-order message passing. This might because
2-bodies (both distance and angle) contain more geometric information than 1-bodies

(only distance).

Remove HO (High-Order modeling)

This variant removes high-order related modeling (2-body interaction, representation,
and prediction) and is similar to existing GNN-based prediction methods (i.e., PhysNet).
As shown in Table this method performs worse than HMGNN-1 of the variant that
removes multi-task learning loss. This shows another evidence of the effectiveness of

inter-order message passing.

2.6.5 Visualization of Attention weights

In Figure we show the attention scores of the 1-body predictions generated by
the fusion module for predicting Uy, C,,, u, and ZPVE on the test set. Since we only
experiment with many-bodies up to the second order, the attention weights of the 2-
bodies is one minus that of the 1-bodies. On the four types of chemical properties,
1-body contribution dominates the prediction of most of the molecules. However, 2-

body predictions also take a considerable amount of attention.

2.7 Conclusion

We propose a novel heterogeneous graph based molecule representation, heterogeneous
molecular graph (HMG), to model many-body representations and interactions. In-
spired by the many-body expansion of energy surfaces, we design a heterogeneous molec-

ular graph neural network (HMGNN) to leverage the rich information stored in HMGs
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Figure 2.4: Attention weights generate by the fusion module for predicting the four

properties.

for molecular prediction tasks. HMGNN follows a message passing paradigm and lever-
ages global molecule representations using an attention mechanism. We propose to train
HMGNNSs by optimizing a multi-task learning loss. HMGNN achieves state-of-the-art
performance on 9 out of 12 properties on the QM9 dataset. Experiments also show that
the multi-task learning loss improves the generalization of the model. In this disserta-
tion, we only model many-bodies up to the second order, future works should aim to
model many-bodies of higher than third orders and also to enable HMGNNSs for another

important chemical prediction tasks, molecular dynamics simulations.



Chapter 3

Text Retrieval-Augmented
Molecular Property Prediction

3.1 Introduction

In the field of drug discovery and material design, the accurate prediction of molecu-
lar properties is crucial. Machine learning methods, particularly those based on neural
networks, have demonstrated effectiveness in these tasks. These approaches learn to
predict the properties of molecules based on their structures, which are usually repre-
sented using Simplified Molecular Line Entry System (SMILES) strings or molecular
graphs.

Human knowledge of chemistry, including descriptions of chemical reactions and
processes, the properties and behavior of chemical compounds, and records of chemical
and clinical testing on molecules, is usually documented in the form of natural lan-
guage. Such knowledge is a very important source of information for predicting molec-
ular properties. Recently have witnessed a surge in computational chemistry that uses
multimodal learning approaches to jointly learn from molecular structures and textual
data. These models acquire both structural information and textual expert annotation
of molecules and show superior MPP performance than models trained on structural
data alone (e.g., graph neural networks).

Existing multimodal MPP models can be categorized into two classes, contrastive

24
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models [I132] 90] and predictive models [I67]. Contrastive model have a molecule struc-
ture encoder and a text encoder to project both modalities into a shared low-dimensional
space, respectively. These models are trained via contrastive objectives such that the
molecules and their corresponding textual descriptions are closer in the shared repre-
sentation space. Predictive models use one text encoder to encode both SMILES strings
and documents. Such models are (pre)trained via language modeling objectives such as
masked language modeling [31] on scientific literature in which compounds are replaced
by their corresponding SMILES strings. In these models, textual knowledge is encoded
implicitly in their parameters. It is hard to determine what knowledge is stored and
used for the predictions.

In this dissertation, we explore an alternative multimodal learning paradigm, re-
trieval augmentation, to quickly incorporates external literature for MPP tasks. Retrieval-
augmented model is a class of models that combines a neural network with a retrieval
system. The retrieval system retrieves relevant information from an external knowl-
edge source, which is then used to inform the model’s predictions. Retrieval-augmented
models do not store knowledge in their parameters, but learn to explicitly decide what
knowledge to use and how to use it for predictions. Such models have shown great suc-
cess in knowledge-intensive tasks such as open-domain question answering [55, 83 [75]
but remain under-explored in the space of chemistry.

We propose a two-stage retrieval system to efficiently and effectively learn to re-
trieve informative documents from a knowledge corpus to augment molecular property
prediction. The two-stage retrieval system consists of two components, a molecular text-
retriever, and a learnable scoring function. The molecular text-retriever uses the Inter-
national Union of Pure and Applied Chemistry (IUPAC) names [37] of the molecules
as queries and the BM25 algorithm [I11] to reduce the size of the knowledge corpus
by retrieving few hundred molecule-related documents. The scoring function «(z, z) is
then trained to find the top & documents to be used towards the final prediction. The
two-stage retrieval system is a generic method that can be used with any structure-
based MPP models such as graph neural networks [65, [124] and pre-trained language
models [I5, [167]. We term our method RTMol.

The contributions of this work are two-fold: 1) We propose RTMol, an effective and

efficient framework, that retrieves documents from a knowledge corpus for molecular
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property predictions. To the best of our knowledge, RTMol is the first text-retrieval
method for MPP tasks; 2) We evaluate RTMol by augmenting it with four widely used
structural-based MPP models and two knowledge corpora. We conduct experiments on
eight classification benchmarks and four regression benchmarks and compare against
existing multimodal learning MPP models that also use textual knowledge for molecu-
lar predictions. Experimental results show that incorporating textual knowledge using
RTMol improves the performance of the baseline models and provides explainable pre-
dictions. Moreover, after training on one corpus, RTMol can easily adapt to a different

corpus without retraining.

3.2 Related Works

3.2.1 Molecular Property Prediction

Most of the machine learning models for predicting molecule properties fall into two
categories, descriptor-based models and neural network-based models, which differ in
their way of representing molecules. Descriptor-based models use physics-motivated al-
gorithms to convert molecules into descriptors (i.e., low-dimensional vectors) and apply
machine learning models on the descriptors to predict molecular properties [36, [§]. Neu-
ral network-based models jointly train a representation model and a predictive model in
an end-to-end fashion. Graph neural networks [49] [I18] [78], [124] and equivariant neural
networks [119, [45] are popular choices for representation learning because of their ability
to encode geometries and symmetries. Researchers also use language models [85], [167]
to learn molecule representations directly from SMILES strings.

Recently, self-supervised learning (SSL) has attracted a lot of research attention in
molecule representation learning [166, [65, 112]. SSL methods pre-train the represen-
tation models on a large bulk of unlabeled molecules by optimizing physics-informed
objectives. The pre-trained models are then finetuned on labeled molecules for different

downstream tasks.
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3.2.2 Multimodal Molecular Learning

Molecules have different representations that contain different types of information. Re-
searchers have been exploring multi-modal learning that connects different modalities
to benefit molecule representation learning. Contrastive learning methods have been
applied to bridge SMILES with IUPAC [53], SMILES to molecular graphs [175], 2D
molecular graphs to 3D geometries [89, 130], and molecular graphs to textual annota-
tions [33), 132, 90]. Researchers also developed generative methods that learn to generate
one modality from another [89] [I76]. Large language models (LLMs), a.k.a., foundation
models, are trained on large corpora of literature to comprehensively inject chemistry

knowledge into the models’ parameters for various scientific tasks [167), 34 [138], 2].

3.2.3 Retrieval-Augmented Models

Retrieval-augmented models are gaining success in natural language processing tasks
such as language modeling [I7, [75] and question answering [83] [55]. These models learn
to retrieve relevant documents from external knowledge corpora to assist prediction so as
to reduce the number of parameters needed to store the knowledge. Cross-modal meth-
ods are developed to retrieve text for image inputs [94, [164]. In chemistry, RetMol [14§]

learns to retrieve from exemplar molecules for controllable molecule generation.

3.3 Methodology

3.3.1 Problem Setup

The goal of molecular property prediction (MPP) is to learn a model M(x) : X — Y
that takes a molecule x € X as input and outputs the molecule’s property y € ) where
X denotes the universe of molecules and )’ denotes the range of the desired property.
Since a molecule’s structure is more determinant to its properties, x usually refers to

the molecule’s SMILES string or molecular graph.
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3.3.2 Text Retrieval-Augmented Molecular Property Prediction

We propose Text Retrieval-Augmented Molecular Property Prediction RTMol that
leverages textual chemistry knowledge in literature corpora for MPP. In concrete, RT-
Mol trains a model that takes a molecule’s structure and a text corpus C as input to
predict the desired property, i.e.,

§=M(,C) =) ax,2)M(z,2) (3.1)

zeC

where z is a document from the corpus, a(z,z) > 0 is a learnable scoring function
that weighs documents by their contribution towards the prediction, and M'(x, z) is
a text-augmented predictor that jointly make use of the molecular structure and the
document to make predictions.

Training a model with the formulation of Eq. could be computationally pro-
hibitive as it requires conducting forward and backward propagation over the corpus
with more than millions of documents. A common solution to this challenge is to ap-
proximate Eq. by considering only the top k£ documents with the highest scores
under a(z, z) [55]. The process of scoring documents and fetching the top k& documents
is retrieval. However, this solution causes an exploration dilemma. In each gradient
step, parameters of M are only updated according to the top k input documents. This
causes the training process to be inefficient in finding the informative documents. For
example, suppose the corpus has one million documents, and k£ = 100, the model needs
to be trained for at least ten thousand gradient steps for one molecule (ten thousand
training epochs for the dataset) to explore the corpus once.

In the field of information retrieval and recommendation systems, the utilization of
two-stage systems has become a prevalent approach for achieving a balance between
efficiency and ranking accuracy [91], 25]. The method consists of two stages: in the first
stage, coarse but efficient rule-based methods are employed to significantly reduce the
size of the corpus by identifying a subset of several hundred relevant items that are
most likely to be relevant to the query. In the second stage, a more fine-grained model
is applied to rank these items and present the most relevant ones to the user.

Inspired by the two-stage systems, we propose a two-stage document retrieval system
to resolve the exploration dilemma. For each molecule, we first use a molecular text-

retriever R(z,C) to find K < |C| relevant documents, then train the scoring function
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Figure 3.1: Overall architecture of RTMol.

a(z, z) to find the top k < K documents to be used towards the final prediction. The
final prediction function of RTMol is,

k

M(z,Cp) = oz, 2D)M' (2, 2) (3.2)
i=1

where C, = R(z,C) is the documents retrieved by the molecular text-retriever, and z(*)
is the document with the i-the highest « score.

In the following sections, we give a detailed description of the molecular text-retriever
R(z,C), RTMol’s architecture, the scoring function «(z,z), and the text-augmented
predictor M’(z, z). Lastly, we describe our strategies of training RTMol. The overall
architecture of RT'Mol is shown in Fig.

3.3.3 Molecular Text-Retriever

Text retrieval for molecules requires ranking documents based on their relevance scores
to the molecules. Since molecules are usually represented in their structural forms such
as SMILES strings or molecular graphs, there exists a modality gap between molecule
structures and natural language documents. It is challenging to define relevance between

molecules and documents.
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In this dissertation, we propose to use the International Union of Pure and Applied
Chemistry (IUPAC) names of molecules as queries and a sparse text retrieval algorithm,
BM25 [I11], to retrieve from the knowledge corpus. IUPAC nomenclature serves the
purpose of systematically naming organic [37] or inorganic [26] molecules by basic words
that indicate the structure of the molecule and prioritize functional groups to facilitate
communication. An example of [IUPAC nomenclature can be found in Fig. [3.1 The
BM25 algorithm is a bag-of-words type text retrieval algorithm that assigns a relevance
score to each document based on its relevance to a given query (IUPAC name). In
general, the BM25 algorithm would assign a higher score to a document that contains
a higher frequency of the query terms (functional groups).

There are three advantages to the molecular text-retriever. Firstly, [UPAC nomen-
clature is a standardized method for representing molecules, and every molecule has
a corresponding IUPAC name. This allows for a universal method of querying for
documents related to a specific molecule. Secondly, in literature, molecules are com-
monly referred to by their IUPAC names, making it a useful method for identifying
documents that pertain to a specific molecule. Thirdly, IUPAC nomenclature decom-
poses a molecule into its functional groups, which play a crucial role in determining the
molecule’s reactivity and properties. These functional groups serve as query terms in
the retrieval process, allowing for the identification of not only documents pertaining to
the specific molecule, but also those related to molecules with similar functional group

compositions.

3.3.4 Model Architecture

RTMol has two encoders to encode molecule structures and documents to their low-
dimensional representations, respectively. We denote the structure representation as
e, = Ency1(x) and the document representation as e, = Enct(z). The structure encoder
Ency(x) could be any encoder that is used for structure alone MPP. For example, graph
neural networks (GNNs) are usually used to encode molecular graphs, (pre-trained)
transformers are used when the inputs are SMILES strings. The text encoder Encr(z)
is a pre-trained language model that converts documents to contextualized embeddings.

We pass the structure and the text representations, e, and e, into the scoring

function a(x, z) to compute the scores that weigh the contribution of documents towards
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the prediction,

exp f(ex,ez)
ZZj ecy XP f(e;uezj-) 2 € Cx

0, Z¢Cr

alz,z) =

where f(e;,e.) = MLP,,(e;)"MLP,(e.) is a learnable inner product. We use the «
scores to choose the top k informative documents and weigh their predictions computed
by the text-augmented predictor.

The goal of the text-augmented predictor M’(z,2) is to augment structure alone
predictors with the retrieved textual information. Given that the structure of a molecule
plays a crucial role in determining its properties, it would be expected that the structure
would be the primary determinant of molecular property predictions. The retrieved
documents may or may not be needed to predict the properties. As demonstrated
n [60], learning a zero function (f(x) = 0) is easier than learning an identity function

(f(x) = x). We define the text-augmented predictor M’(x, z) as
M'(z,2) = MLP(e, + MLP(e,)).

With this formulation, the text-augmented predictor is endowed the ability to selectively

leveraging the retrieved documents for the final prediction.

3.3.5 Training

As shown in Eq. [3.2] the final prediction § of RTMol is essentially a average of the text-
augmented predictions M’(z, z). Suppose RTMol is trained by optimizing an objective
that only enforces the final prediction g to approximate its ground truth label y. In
a gradient backpropagation step, the scoring function a(z,z) is updated such that a
document z gets a higher score if it performs better than expected [55]. The parameters
of the text-augmented predictor M'(z,z) and the text encoder Ency(z) are updated
according to documents with higher weights (i.e., a(x, z) scores) so that their predictions
are more accurate. This may cause a "rich gets richer” issue that prevents RTMol from
exploring the corpus for more relevant documents.

We propose to optimize a multitask objective to encourage exploration. Besides the

final prediction g, the multitask objective also enforces each text-augmented prediction
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to be accurate, i.e.,
A k
L=1y,9)+ — Wy, 9,

where A > 0 is a hyper-parameter that controls exploration vs. exploitation, §,u) =

M (z, z(i)) is the prediction augmented by the document with the i-th highest a scores.

3.4 Experiments

3.4.1 Datasets

MPP Benchmarks. We evaluate the MPP performance of RTMol on a diverse set
of eight classification and four regression datasets. These datasets cover a wide range
of properties, including pharmacology, physical chemistry, and biophysics of molecules.
Most of the datasets are taken from the MoleculeNet benchmark [I53] with the exception
of two regression datasets, Malaria [4I] and CEP [56]. Detailed descriptions of the
datasets are in Tab. ??. Following [65], we split the datasets into train/validation/test
(0.8/0.1/0.1) sets according to the scaffold of the molecules to evaluate the models’
generalizability. TUPAC names of the molecules are obtained from PubChemD . For
molecules without PubChem records, we use STOUT [106] to generate the IUPAC

names from their canonical SMILES strings.

Knowledge Corpora. In our experiments, we utilize two knowledge corpora that
contain extensive information on chemistry and molecules, namely S20RC and PubMed
Abstract (PMA). SQOR(ﬂ [93] is a corpus of scientific papers spanning a wide range
of academic disciplines. We use a filtered version of S20RC [132] with 17M paragraphs
focusing on Medicine, Biology, Chemistry, and Computer Science. PMA [42] consists of
15.5M abstracts from publications in PubMedﬁ , a database of biomedical literature.

3.4.2 Baselines and Competing Methods

In our evaluation of RT'Mol, we consider two classes of structure-based MPP models that

reflect the majority of MPP methods currently in use, graph neural networks (GNNs)

! https://pubchem.nchi.nlm.nih.gov/
% https://github.com/allenai/s2orc
3 https://pubmed.ncbi.nlm.nih.gov/
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and language models (LMs). For GNNs, we use graph isomorphism network (GIN) [I59]
as the backbone network with three different parameter initialization strategies, random
initialization, pre-trained via node attribution masking (GIN-AM) [65], and pre-trained
via graph contrastive learning (GIN-CL) [166]. For LMs, we use SciBERT [15], a BERT-
like language model pre-trained on a large corpus of scientific literature. We augment
these models with RTMol to investigate its effectiveness in improving the performance
of structure-based MPP models.

We compare the performance of RTMol with two state-of-the-art multimodal MPP
models, MoMu [132] and KVPLM [167]. MoMu is a model that uses a graph encoder
to encode molecular graphs and a text encoder to encode documents. It is pre-trained
via contrastive learning on a dataset that pairs molecules with documents from the
S20RC corpus. The authors of MoMu have released two sets of pre-trained parameters,
MoMu-S and MoMu-K, in which the parameters of the text encoders are initialized
with SciBERT and KVPLM, respectively. The graph encoder of MoMu is a GIN whose
parameters are initialized via graph contrastive learning. KVPLM is a language model
that encodes molecules by their SMILES strings. Its parameters are initialized using
SciBERT and it is pre-trained on scientific literature in which molecules are replaced by
their corresponding SMILES strings. Note that, the scientific literature also come from
the S20RC corpus. In our experiments, we finetune the GIN encoders of MoMu-S and
MoMu-K and the text encoder of KVPLM on the MPP benchmarks.

3.4.3 Experimental Settings

In the experiments, we follow the setup in [65) 166, 132] to train GIN-based models
for 100 epochs with a learning rate of le-3 using the Adam optimizer. We follow the
setup in [167] to finetune SciBERT and KVPLM for 20 epochs with a learning rate
of 5e-6 using the BertAdam optimizer. The batch size is set to 128 for GIN-based
models and 64 for language models. We report the test performance of the epoch with
the best validation performance. For language models with RTMol, we first freeze the
parameters of the language model and only conduct gradient descent on the scoring
function and the predictor for 20 epochs with a learning rate of le-4 to warm up their
parameters. We set the text encoder of all RTMol models to be SciBERT. For efficiency

purposes, we freeze its parameters throughout the whole training process. We conduct
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Baseline  Text Method BBBP Tox21 ToxCast SIDER ClinTox MUV HIV BACE  Avg.
GIN - 67.41 (2.84) 73.73 (0.96) 62.81 (0.65) 57.82 (0.81) 63.43 (3.83) 72.42 (1.02) 74.15 (1.38) 69.84 (2.67) 67.70
RTMol 68.04 (2.53) 75.53 (0.61) 63.99 (0.35) 61.20 (1.43) 61.92 (2.41) 73.39 (0.18) 77.51 (0.33) 71.20 (3.85) 69.10
GIN-AM - 65.16 (1.16) 75.74 (0.59) 63.28 (0.28) 59.61 (0.81) 64.24 (2.32) 76.67 (1.44) 74.96 (0.45) 80.15 (0.38) 69.98
RTMol 70.52 (0.20)  75.63 (0.32) 64.05 (0.73) 63.44 (0.16) 75.73 (4.17) 78.66 (0.91) 76.16 (0.23) 75.02 (8.14) 72.40
GIN-CL - 68.79 (0.63) 74.93 (0.61) 62.53 (0.37) 60.83 (0.29) 55.03 (7.70) 74.19 (0.90) 74.58 (0.46) 75.78 (0.94) 68.33
MoMu-S 69.55 (0.51)  74.00 (0.23)  62.76 (0.27)  61.96 (0.25) 62.65 (9.61) 73.18 (1.15)  75.75 (0.28) 76.42 (0.89) 69.53
MoMu-K 69.32 (0.54) 73.94 (0.77)  62.62 (0.79) 60.93 (0.84) 57.65 (2.18) 72.81 (2.14) 74.25 (2.00) 76.14 (0.86) 68.46
RTMol 70.01 (0.10) 74.90 (0.42) 64.75 (0.22) 63.23 (1.27) 64.61 (5.82) 74.09 (1.06) 77.16 (1.57) 74.81 (0.40) 70.45
SCiBERT - 68.58 (2.25) 73.42 (0.65) 57.62 (2.31) 59.02 (1.55) 90.58 (1.49) 46.31 (2.81) 74.82 (0.78) 78.83 (3.07) 68.65
KVPLM 68.09 (1.56)  72.82 (1.33) 59.42 (0.16) 57.53 (1.47) 85.39 (5.60) 52.55 (3.68) 77.34 (0.85) 73.92 (2.53) 68.38
RTMol 71.39 (0.71) 75.30 (0.11) 62.44 (0.72) 61.19 (0.69) 90.34 (0.69) 71.81 (1.98) 74.20 (0.34) 72.71 (4.72) 72.43

Table 3.1: Mean (and standard deviation) ROC-AUC (higher is better) of RTMol and
baseline methods on classification benchmarks. The best performance in each group is
shown in bold. Results in each group use the same backbone neural network with the

same initialization.

hyper-parameter searches for RTMol for the value of K and k from [100, 500] and [5,
10], respectively. We run each experiment with three random seeds and report the mean

and standard deviation of the metrics.

3.4.4 Molecular Property Prediction Performance

We show the MPP performance of RTMol on classification and regression tasks in
Tab. and [3.2] respectively. We aggregate the results into four groups. Results in
each group use the same backbone neural network with the same initialization. In these
tables, RTMol are trained and evaluated on the S20RC corpus. According to the tables,
the GIN-based baselines’ performance is improved in at least 9 out of the 12 benchmarks
by augmenting with RTMol to leverage chemistry literature. RTMol improves the LM-
based baseline in 7 out of the 12 benchmarks and aligns with the best performance in the
rest. In general, multimodal models augmented with textual information outperform
structure-only models. Moreover, RTMol outperforms the state-of-the-art multimodal
MPP models, MoMu and KVPLM, in most of the benchmarks.
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Baseline  Text Method Malaria CEP ESOL Lipophilicity Avg.
GIN - 1.11 (0.01)  1.31 (0.00) 1.50 (0.04) 0.81 (0.01) 1.18
RTMol 1.10 (0.00) 1.04 (0.01) 1.44 (0.02)  0.80 (0.00) 1.09
GIN-AM - 1.14 (0.02)  1.37 (0.02)  1.43 (0.01) 0.83 (0.01) 1.19
RTMol 1.09 (0.01) 1.07 (0.01) 1.29 (0.02) 0.82 (0.02) 1.07
GIN-CL - 1.12 (0.00)  1.39 (0.01) 1.25 (0.01) 0.79 (0.02) 1.14
MoMu-S 1.11 (0.00)  1.43 (0.02) 1.34 (0.02) 0.79 (0.01) 1.16
MoMu-K 1.13 (0.01)  1.41(0.01) 1.33(0.02)  0.79 (0.00) 1.17
RTMol 1.08 (0.01) 1.04 (0.01) 1.28 (0.06) 0.76 (0.02) 1.04
SciBERT - 1.12 (0.00) 1.34 (0.01) 0.90 (0.03) 0.90 (0.01) 1.06
KVPLM 1.13 (0.01) 1.28 (0.02) 0.91 (0.29)  0.86 (0.01) 1.05
RTMol 1.12 (0.02) 1.28 (0.03) 0.98 (0.03) 0.90 (0.01) 1.07

Table 3.2: Mean (and standard deviation) RMSE (lower is better) of RT'Mol and baseline
methods on regression benchmarks. The best performance in each group is shown in
bold. Results in each group use the same backbone neural network with the same

initialization.



Baseline  Test Corpus BBBP Tox21 ToxCast SIDER ClinTox MUV HIV BACE
GIN S20RC 68.04 (2.53) 75.53 (0.61) 63.99 (0.35) 61.20 (1.43) 61.92 (2.41) 73.39 (0.18) 77.51 (0.33) 71.20 (3.85)
PMA 67.88 (2.30) 74.96 (1.04) 63.48 (0.39) 60.14 (1.35) 62.21 (3.83) 73.16 (0.05) 77.52 (0.83) 71.40 (4.05)
GIN-AM  S20RC 70.52 (0.20) 75.63 (0.32) 64.05 (0.73) 63.44 (0.16) 75.73 (4.17) 78.66 (0.91) 76.16 (0.23) 75.02 (8.14)
PMA 70.70 (0.89) 74.79 (0.55) 62.52 (0.50) 60.67 (1.20) 75.91 (6.92) 78.64 (0.79) 76.17 (0.34) 75.20 (7.85)
GIN-CL  S20RC 70.01 (0.10) 74.90 (0.42) 64.75 (0.22) 63.23 (1.27) 64.61 (5.82) 74.09 (1.06) 77.16 (1.57) 74.81 (0.40)
PMA 70.06 (0.33) 74.73 (0.19) 63.81 (0.63) 62.52 (1.96) 65.51 (7.60) 74.17 (1.00) 77.06 (1.68) 74.60 (0.51)
SciBERT S20RC 71.39 (0.71) 75.30 (0.11) 62.44 (0.72) 61.19 (0.69) 90.34 (0.69) 71.81 (1.98) 74.29 (0.34) 72.71 (4.72)
PMA 70.88 (1.14) 75.26 (0.20) 61.65 (0.74) 61.10 (0.61) 90.64 (0.81) 72.00 (1.57) 74.05 (0.77) 72.89 (4.03)

Table 3.3: Cross corpus performance of RT'Mol on classification benchmarks.

3.4.5 Cross Corpus Generalization

We demonstrate the cross corpus generalization capability of RTMol in Tab. In
this experiment, we train RT'Mol on the S20RC corpus and evaluate it with the PMA
corpus without any retraining. In the tables, we observe that RTMol performs equally
well on both the training corpus S20RC and the PMA corpus that it did not see before.

This indicates RTMol generalizes well across corpora.

3.4.6 Case Study

We investigate what documents are retrieved by RTMol and how they are helpful in
accurately predicting the target properties via a case study. We select three molecules
that are predicted wrong by random initialized GINs but are correctly predicted by
RTMol and show their topl retrieved documents in Fig. We observe that all the
retrieved documents contain two chunks of information. First the IUPAC name of the
target molecules or molecules that share functional groups with the target molecules.
This demonstrates the correctness of the sparse retrieval step. Second, information
that is implicitly or explicitly related to the target property thanks to the learnable
scoring function. As a conclusion, RTMol can find documents that are informative to
the prediction tasks and use them to improve the predictions. More importantly, RTMol

can provide interpretability to its predictions.
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Molecule IUPAC Name

Target
Property

Top1 Document

11H-pyrrolo[2,1-c]
[1.4]b hiazepin-6

Ability to inhibit HIV

...pyrrolo [2,1-c][1,4] benzodiazepine (PBD) were studied...long terminal
repeat (LTR) of the human immunodeficiency type 1 virus (HIV-1) were
analysed....PCR) were performed on HIV-1 LTR gene
sequences....compared to antiproliferative effects of the natural product
distamycin A 1 and pyrrolo [2,1-c][1,4] benzodiazepine (PBD 6)..... With
respect to inhibition of HIV-1 LTR driven transcription, it was found that the
hybrid 5 containing the four pyrroles distamycin analogs, is more active
than 2, 3and 4....

6-[4-(1-cyclohexyltetrazol-5-

..Cilostazol (6-[4-(1-cyclohexyl-1 H-tetrazol-5-yl)butoxy]-3,4-dihydro-2(1H)-|
quinolinone, OPC-13013) was studied for its inhibitory effect on platelet
aggregation in vitro in various experimental animals and man and in dogs

14,15,16,17-tetradecahydro-
1Heycl T 0 17-

ryl] pl:o;anoate

@ ¥ J yl)butoxy]-3,4-dihydro-1H- EDAY z-tlptproval ex vivo... Cilostazol produced a potent inhibition of platelet aggregation....
quinolin-2-one SHtHS The drug potently prevented death...cilostazol prevented both collagen-
and ADP-induced platelet aggregation. cilostazol is a promising
antithrombotic drug.
[(25,38,55,8R, 95,108,135, Drospirenone (DRS), chemically (6R,7R,8R,9S,10R,13S,14S,
ESHES IR Siacstyloxyglias: 155,165,17S) 1,3 4 ,6,6a,7,8,9,10,11,12,13,14,15,15a,16-
. dimethyl-2,16 di(piperidin- . e PP e it Rt S s .
r 1y1)-2,3,4,5,6,7,8,9,11,12 Toxity on Androgen | hexadecahydro-10, 13-dimethylspiro-[17H-dicyclopropa [6,7:15,16]
To e Receptor cyclopenta[alphenanthrene-17, 2 (5 H)-furan]-3,5 (2H)-dione ( Figure 1),

is used in contraception and hormone replacement therapy after
menopause.

Figure 3.2: Topl retrieved documents of molecules that are incorrectly predicted by

randomly initialized Graph Isomorphism Networks (GINs), but are correctly identified

by our proposed method, RTMol. Within the retrieved documents, functional group

information is highlighted in green, while text pertaining to the target properties is

highlighted in yellow.
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Figure 3.3: Performance of RTMol with different text-retrieval methods.
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Figure 3.4: Performance of the text-augmented predictor trained/tested with inputs of

different modalities.

3.4.7 Ablation Study

Molecule Dependent Text Retrieval. We justify the necessity of our proposed
molecule dependent text retrieval method that uses the [UPAC names as queries and
BM25 as the sparse retrieval algorithm. We replace the sparse retrieval in RTMol with
two alternative cross-modal retrieval methods, MoMu and KVPLM, that can project
molecules and documents into a shared low-dimensional space. For each molecule,
we compute its cosine similarity with all the documents in the low-dimensional space
and choose the topK documents as the Molecule Dependent Documents. The results
are shown in Fig. 3.3l RTMol with our proposed retrieval method outperforms the
alternative methods in most of the benchmarks. More interestingly, we also found that
our proposed method retrieves much more diverse documents than the two alternatives.

We provide more detailed discussions and diversity results in Appendix 77?.
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Performance of Different Modalities. We compare the performance of the text-
augmented predictors trained/evaluated with structure-only, document-only, and mul-
timodal input. Results shown in Fig. indicate that the multimodal predictor out-

performs single-modal predictors.

3.5 Conclusion

In this dissertation, we present RT'Mol, a novel multimodal learning method that uti-
lizes both molecular structures and textual knowledge for molecular property predictions
(MPP). In contrast to existing multimodal MPP models that implicitly store the textual
knowledge into their parameters, RT' Mol learns to retrieve documents from a knowledge
corpus and use the retrieved information for its predictions. In RTMol, we propose a
chemically motivated molecular text-retriever to improve the exploration efficiency of
the learnable retrieval system. The molecular text-retriever greatly reduces the search
space and assists the learnable retrieval system to find documents that are informative
for the predictions. We conduct experiments on twelve MPP benchmarks and demon-
strate that RTMol is an effective multimodal MPP model that improves structure-only
MPP models and it outperforms existing MPP models. Moreover, RTMol offers ex-

plainable predictions and can easily adapt to different corpora.



Chapter 4

Label Efficient Learning for

Material Science

4.1 Introduction

Predictive modeling of materials is a field with manifold applications that has been
the subject of many cross-disciplinary studies. While modeling is conducted at different
length scales, all material behavior ultimately has its origins at the nano scale, where the
interactions between individual atoms must be understood. The most accurate methods
at this scale are based on quantum mechanics theory, requiring explicit consideration
of the electronic degrees of freedom described by the Schrodinger equation. However,
these methods are presently limited to systems containing at most several thousand
atoms, precluding their use in investigation of important microstructural phenomena
such as crack propagation. To overcome this limitation, practitioners have long relied
upon heuristic models known as empirical interatomic potentials (EIPs), which consist
of physically motivated analytical functional forms that strive to model the complex
electronic interactions between atoms using only the nuclear coordinates of the atoms
and their elemental species as input [134]. In the past several years, there has been a
surge of interest in the development of machine learning EIPs, particularly those based
on neural networks (NNs), as a more accurate alternative to traditional EIPs [13]. In
contrast to traditional EIPs, NN potentials contain little inductive bias and, accordingly,

require large volumes of training data labeled using first-principles quantum mechanical

40
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methods. The first-principles method most commonly used is density functional theory
(DFT), which scales as O(n3) with the number of valence electrons n,. in a given con-
figuration of atoms [74]. As a result of this high computational cost, it is difficult to
acquire a sufficient number of labeled training instances to create an NN potential that
performs accurately over a wide range of applications.

One potential solution to this problem is to seek additional supervision signals.
Traditional EIPs are attractive sources of such additional supervision for two reasons.
First, their functional forms incorporate prior physical information that allows them to
correlate with DFT, and, in regions of relevance to common applications, are often quite
accurate. That is, they contain domain knowledge that could benefit the training of NN
potentials. Second, EIPs scale linearly with the number of atoms and are thus orders of
magnitude faster than DFT, permitting the labeling of massive datasets. Despite the
advantages, no research has focused on using EIP supervision signals in training NN
potentials.

In this dissertation, we leverage physically motivated EIPs and unlabeled configu-
rations to tackle the label scarcity challenge for training NN potentials. We propose two
generic strategies, weakly supervised learning and transfer learning, for exploiting this
additional source of information. In the first strategy, we expand the DFT-labeled train-
ing set with unlabeled configurations and their EIP energies. To achieve this goal, we
train an auxiliary classifier on the original DFT-labeled training configurations that pre-
dicts which one of a selected set of EIPs is likely to produce the most accurate estimate
of the DFT energy for each of a large set of unlabeled configurations. The unlabeled
configurations are then labeled by their corresponding predicted best-performing EIPs
and appended to the training set. We train NN potentials on the expanded training
set by optimizing a robust regression loss to mitigate the influence of noise and outliers
introduced by the EIP energies. In the second strategy, we adopt a transfer learning
approach by way of multi-task pretraining. We first pretrain the representation mod-
ule of an NN potential to reproduce the energies predicted by the EIPs. During the
subsequent fine-tuning stage, the representation module of the NN is paired with a pre-
diction head and trained on the DFT-labeled configurations. These two strategies can
be flexibly used and coupled to train any NN potential.

The contributions of this work are three-fold: 1) We demonstrate that EIPs are
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capable of providing high quality supervision signals for training NN potentials, which
opens a new direction for future development of NN potentials; 2) We propose two ef-
fective and generic strategies that take advantage of EIPs and unlabeled configurations
to tackle the label scarcity challenge for training NN potentials; 3) We conduct compre-
hensive experiments on three benchmark datasets and four representative NN potentials
that cover most of the NN potential forms currently in use. Experimental results show
that the proposed strategies successfully inject domain knowledge from EIPs to NN
potentials and improve the performance of the NN potentials by up to 55%.

4.2 Preliminaries

4.2.1 Atomic Configurations

The fundamental input in atomistic modeling is an atomic configuration. An atomic
configuration is a spatial arrangement of atoms C' = {(Z;,r;)}X., where Z; and r; are the
atomic number and the three-dimensional Euclidean coordinates of atom ¢, respectively.
In the simplest scenario, an atomic configuration corresponds to an isolated cluster of
atoms that comprise a molecule. However, it may more generally describe a bulk system
such as a crystal, which contains an infinite number of atoms distributed over space.
These systems are modeled using a small collection of atoms in a finite simulation
cell that is effectively repeated across all of space with the aid of periodic boundary
conditions (PBCs) [134].

4.2.2 Physics-based Potentials

Mathematically, an EIP is a function, E = V(C;0), that takes an atomic configuration
C as input and returns its total potential energy FE; here, 6 denotes a set of fitting
parameters to be determined. The functional form V of a physics-based EIP is made up
of carefully designed analytic expressions that strive to capture the underlying physics
in the material it models [I50, [I5I]. Because the functional form itself is intended
to capture most of the relevant physics, such models need relatively few parameters
(typically on the order of ten) and are usually fitted to a set of material properties

deemed most relevant to real-world applications. It is expected that physics-based
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EIPs will approximate the first-principles energy surface well in the vicinity of atomic

configurations corresponding to the material properties to which they were fit. However,

their generalizability can be inconsistent, as shown in Fig.

4.2.3 Machine Learning Potentials

In contrast to physics-based EIPs, ma-
chine learning EIPs employ general-
purpose regression algorithms as the func-
tional form V that do not encode any
knowledge of the material it models.
Therefore, machine learning EIPs are al-
most exclusively trained on large sets of
DFT data so as to include as much phys-
ical knowledge as possible.

One important class of machine learn-
ing EIPs are neural network (NN)-based
potentials. In this dissertation, we define

an NN potential M : C — &£ as

M(C) = fpred ° frep (),

where frep : C — R™ is the represen-
tation learning module that maps each of
the n atoms of C' to a feature vector of

length d based on its local environment,

Energy
DFT

\ 4

Atomic Configuration Space

Figure 4.1: Schematic illustration of the en-
ergy landscape defined over atomic config-
uration space by two physics-based EIPs
and by DFT. Both EIPs are fitted to re-
produce properties of the DFT energy land-
scape near atomic configuration A. Away
from configuration A, the relative accuracy
of the EIPs compared to DFT varies: at
point B, EIP 1 is a fair approximation while
EIP 2 is less accurate; at point C, neither

EIP is accurate.

and fpred : R 4 s £ is the prediction module that maps the feature vectors of the

atoms to the total potential energy.

A concrete instance of this type of model are those that use a graph neural network

(GNN) [77, B8, 144, 123| [72] as the representation learning module and a multilayer

perceptron (MLP) as the prediction module. Before being passed to the representation

learning module frep, an atomic configuration C'is first converted to a graph G = (V, E)

with nodes V and edges F. One node is defined for each atom in the simulation cell, as

well as for additional padding atoms representing PBCs if present. An edge is created



44

between any two nodes with a distance smaller than a prescribed cutoff radius. Next, for
(0)

each atom 7, its atomic number Z; is one-hot encoded into an initial feature vector h,
of the node corresponding to the atom. The GNN representation learning module frep
then updates the feature vectors using a message passing paradigm [50], i.e., the nodes
iteratively aggregate information from their neighbors. Formally, the feature vector of

node ¢ at the [ + 1-th layer n{*y

i is updated as a function of the feature vectors of its

neighbors N (i) and itself at the previous layer,

m{) = ag5® ({70 (0000 5 € M) }).
h) — Update® (h(l), m(l)> 7

% ()

where ) and Update(l) are learnable functions, Agg(l) is a permutation-invariant func-

g-) denotes the feature vector associ-

ated with the edge connecting node ¢ and node j at the [-th layer. Finally, the prediction

tion that operates on sets of feature vectors, and e

module f,rq maps the feature vector of each atom at the last layer h; to a corresponding
energy contribution and sums them to arrive at the total energy of the configuration,
ie., E =), MLP(h;).

4.3 Related Works

4.3.1 Neural Network Potentials

The first modern NN potential was proposed by Behler and Parrinello [12]. In their
formulation, an atomic descriptor (i.e., basis functions that transform an atomic con-
figuration into a fixed-length fingerprint vector) based on the bond lengths and bond
angles is passed to an MLP. On top of this formulation, a Monte Carlo dropout tech-
nique can be applied to the MLP to equip the potential with the ability to quantify
its predictive uncertainty [I49]. The DeePMD method is a similar approach to that of
Behler and Parrinello, except that a novel atomic environment descriptor is used [169].
More recently, researchers have developed GNN potentials based on a message passing
paradigm [I18|[I58]. Another class of GNN potentials such as NequIP [10] and GemNet
[46] pass equivariant messages rather than invariant ones based on the formulation of

tensor field networks [139] and achieve state-of-the-art performance. All of these models
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are trained with supervised learning, without exploring the possibilities of leveraging

weakly supervised learning or transfer learning to take advantage of unlabeled data.

4.3.2 Weakly Supervised Learning

Weakly supervised learning refers to techniques that attempt to train machine learning
models from incomplete (only a portion of training instances are labeled) or inaccurate
(noisy labels) supervision signals [I74]. Solutions for incomplete supervision usually fall
into the category of semi-supervised learning, which assumes that nearby instances have
similar labels [81], 128, 110]. For inaccurate supervision, a model either learns directly
from noisy labels with noise-robust algorithms [39] [I71], 43] or resorts to a small portion

of clean labeled data to reduce the noise [143, [156].

4.3.3 Transfer Learning

Transfer learning [177] refers to a machine learning paradigm that transfers knowledge a
model learns from one or more relevant tasks to benefit a target task. Transfer learning
has enjoyed great success, especially in the low-data regime, as demonstrated by the rise
of pretrained neural networks. This recent trend began with natural language processing
when BERT [30] and successive large pretrained language models [92), [I§] were released
and quickly gained popularity in other domains such as computer vision [61, 22, [32]
and graph learning [166, (68, O8]. These methods pretrain large neural networks on self-
supervised tasks in order to encode common contextual knowledge in the structured
input. Another approach imparts domain-specific knowledge by pretraining models on
tasks related to the target task but for which abundant labeled data is available [66, 97].
The pretrained model is then fine-tuned on the limited training data of the target task.

4.4 Methodology

4.4.1 Problem Definition

Let P be a set of physics-based EIPs, C be the space of all possible atomic configurations,
Corr = {Ci, {EV } pep, EZDFT}?LI be a set of m configurations with corresponding DFT

and EIP energies, and Cgip = {Ci, {E'}pep}if 7, ) be a set of n configurations with
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Figure 4.2: TIllustration of the Label Augmentation (LA) and Multi-task Pretraining

(MP) strategies and their usage in the training of NN-based potentials for the case of

two physics-based EIPs, p; and ps. In LA, a classifier is trained to predict the most

accurate EIP energies Cpip for the unlabeled training instances, which are combined with

the DFT energies from Cppr in the loss function when training the final NN (blue arrow

+ green arrow). In MP, the representation module f¢, is pretrained by simultaneously

fitting the energies of each physics-based EIP before it is inherited as the initial state for

the representation module in the final NN training, where the DFT-labeled instances

are again used (purple arrow + green arrow). The two strategies can be combined by

incorporating Crrp into the loss while also using multi-task pretraining to initialize frep

(blue arrow + purple arrow + green arrow).
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only physics-based EIP energies. Here, EZDFT and E? denote the energies predicted
for configuration C; by DFT and the p-th physics-based EIP, respectively. In practice,
physics-based EIPs are much less expensive than DFT, and so the size of Cgrp is much
larger than Cppr, i.e., n > m. Our goal is to use this data from physics-based EIPs
to train an NN-based EIP M to closely approximate the DFT energy surface over the

space of all atomic configurations, i.e.,

M(C) =~ EPYT vC e c.

4.4.2 Label Augmentation

Because physics-based EIPs are developed as approximations to DFT, it is intuitive to
use their predictions as surrogate labels for configurations without DF'T energies in order
to resolve the label scarcity issue of training neural networks. However, there are two
fundamental challenges. First, as discussed in Sec. while physics-based EIPs are
designed to be accurate in specific regions of the configuration space and generalize bet-
ter than those based on machine learning, they may still be inaccurate in other regions.
Given an arbitrary configuration for which no DF'T energy is available, it is unknown
which EIP from a given set will yield the most accurate prediction and how large its
error will be. Second, surrogating DFT energies with EIP energies inevitably introduces

noise, and potentially outliers, into the training set that may have pathological effects.

EIP prediction using an auxiliary classification model. In order to augment
training sets with unlabeled configurations and their corresponding EIP-approximated
energies, we use an auxiliary classification model to predict the best-performing EIP for
a given configuration. For a configuration C, the classification model predicts a discrete
distribution over the EIP set P’ = P J{pp} that indicates their probability of being the
most accurate EIP for C, i.e., P(P’ | C). We introduce a dummy EIP, py, to represent
the case where none of the physics-based EIPs in P is predicted to approximate DFT to
an accuracy level ¢, i.e., N%HE? — EPYT||y > ¢,Vp € P, where N; is the number of atoms
in configuration i; throughout this work, c¢ is set to 0.1. By excluding configurations that
are labeled with the dummy class from the training set, ¢ acts as a confidence threshold

to control the noise and outliers introduced by using the surrogate EIP energies.
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The classification model consists of a representation learning module that converts
an atomic configuration to fixed-length feature vectors (one for each atom in the con-
figuration), a permutation-invariant readout function that aggregates them to form a
feature vector describing the entire configuration, and a prediction module that maps
the configuration representation to a set of probabilities. We train the classification
model on Cppr by optimizing a cross-entropy loss and apply it to Cgrp. Configurations
with a predicted EIP other than py are assigned the corresponding EIP energy and are
merged with the configurations that have DFT energies to arrive at the final training
set. We denote the set of EIP-labeled configurations as Crp = {Ci, {EF}pep, E? i ;g;f 1
where 1 < s < n is the number of selected configurations not labelled by DFT, and p;
and Ef “ are the predicted best-performing EIP and its prediction on C;.

Regression with robust loss functions. We train the NN potential using configu-
rations with ground-truth DFT energies and configurations with EIP energies selected
by the classification model. In regression problems, models are usually trained by opti-
mizing the mean square error (MSE) loss. The MSE loss is sensitive to outliers, as the
magnitude of its gradient is linearly proportional to the difference between the predicted
value and the ground truth value. To lessen the impact of outliers, we optimize the MSE
loss on DFT-labeled configurations, while on EIP labeled-configurations, we optimize
the Tukey biweight (bisquare) loss [16, 38 [14], i.e.,

1 m o m-+s .
£=— D (EPFT - B)? + - > ey (B — Ej) (4.1)
=1 i=m+1

where E; is the model prediction of the energy for configuration C;, and o > 0 is
a hyper-parameter that controls the contribution of EIP-labeled configurations to the
loss and its gradient.

The Tukey biweight loss falls under the M-estimation method [69] and is intended to
screen outliers using robust statistics of the regression residuals such as median absolute
residuals (MAR) and suppress their influence on the gradient. The Tukey loss function
is computed as

2 ri 3 )
() :62 {1 _ (1 _ (?)2) ] , ml <k )

6 ‘T’L‘ > k
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where r; = Ef i _ F; is the residual and k is a tuning constant that is commonly
set to 4.6850 to produce 95% efficiency when the errors are normally distributed with
standard deviation o. To set the value of k, we estimate the standard deviation as
6 = MAR/0.6745. From Eq. residuals with absolute values greater than k are
considered outliers and are rejected for gradient computation. In each gradient step,
we sample from both DFT- and EIP-labeled configurations to form a batch for gradient
back-propagation, and the MAR is estimated on residuals of both DFT- and EIP-labeled
configurations in the batch. Since the MAR and & are dynamically estimated during

training, the Tukey loss does not introduce additional hyperparameters.

4.4.3 Multi-task Pretraining

We propose a multi-task pretraining strategy to encode the domain knowledge in physics-
based EIPs to the parameters of the representation learning module by jointly predicting
the set of EIP calculations for configurations with only EIP predictions, Cgrp, and op-

timizing the following multi-task regression loss:

m+n

_ 1 Y D2
c P I;Di_%;l(g EP)2.
During pretraining, we couple the representation learning module with |P| prediction
modules (MLPs) to generate predictions corresponding to different physics-based EIPs,
ie., Ef = I;I))red o frep (Ci). The pretrained representation module is then fine-tuned
with a randomly initialized prediction module for the downstream DFT prediction task.
Note that the representation module could either be naively fine-tuned on configurations
with DFT energies by optimizing an MSE loss, or on the training set generated by our
proposed label augmentation method by optimizing Eq.

Although transfer learning has been successful in various application domains, it
could easily hinder model performance on the target task if the pretraining tasks are
unrelated to the target task (negative transfer). We argue that predicting the output
of physics-based EIPs is relevant and beneficial to the target task of predicting DFT
energies. Although physics-based EIPs are not perfectly accurate across the space of all

possible spatial arrangements of atoms, their functional forms incorporate prior physi-

cal information that allow them to correlate with DFT over this space. In Sec. we
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empirically demonstrate that the multi-task pretraining strategy successfully encodes
domain knowledge into configuration representations and creates a smoother DFT en-

ergy surface.

4.4.4 Combining Label Augmentation and Multi-task Pretraining

The label augmentation and multi-task pretraining methods outlined above can be
combined with relative ease. The procedure is similar to the ordinary label augmentation
strategy, but rather than using a randomly initialized representation module f;cp, for the
final NN training, the representation module produced by the multi-task pretraining
method is used during fine-tuning. Fig. provides a schematic overview of both
strategies, how they relate to one another, and how they can be combined.

To test our methodology, we experiment with three datasets: the ANI-Al [127]
dataset and the KIM-Si [73] dataset each with a single species, as well as a multispecies
AgAu dataset [147]. For each dataset, we generate three splits by randomly assigning
20% of the DFT-labeled configurations as test sets and the other 80% as training sets.
During training, we use 20% of the training set as a validation set for model selection.
All of the reported experimental results are averaged over three different splits to avoid
over-fitting to a specific split. We release our code E] and the KIM-Si dataset E] for

reproducing our experimental results and continuous works.

4.4.5 Experimental Setting
Neural Network-based Potentials

We evaluate our proposed strategies on two classes of neural network potentials that
reflect the majority of machine learning potentials currently in use. The first represents
atomic environments using pre-computed descriptors and learns non-linear transforma-
tions (MLPs) to map the descriptors to atomic embeddings, while the second uses GNNs
to learn atomic representations from configuration graphs. We select one representative

potential from each class. For our MLP-based potential, we use the Smooth Overlap

! https://github.com/shuix007/EIP4NNPotentials
2 https://doi.org/10.6084/m9.figshare.21266064
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of Atomic Positions (SOAP) [6] atomic environment descriptor together with a repre-
sentation module and prediction module consisting of MLPs; we term this potential
SOAPNet in later discussions. For our GNN-based potential, we select SchNet [11§],
CGCNN [158], and GemNet [46]. In our label augmentation experiments, we set the
representation module of the auxiliary classification model to be the same kind as the
corresponding NN potential, e.g., the classification model used for training the SchNet

potential has a SchNet GNN as its representation module.

Selection of Physics-based EIPs

The physics-based EIPs used in our experiments were selected to encompass differing
levels of functional complexity. Because physics-based EIPs are designed for specific ele-
mental species (in this case, aluminum, silicon, and gold and silver systems), a different
set of physics-based EIPs had to be chosen for each dataset. A total of ten physics-based
EIPs were used for aluminum, eight for silicon, and two for the gold-silver system.They
were taken mainly from the Open Knowledgebase of Interatomic Models (OpenKIM)EI
repository. [135], [136].

4.4.6 Experimental Results
Performance of Label Augmentation and Multi-task Pretraining

As shown in Tab. our proposed strategies improve the performance of the four
baseline NNs on the three benchmark datasets. In particular, the label augmentation
strategy improves the baseline NNs by 5% to 51%, while the multi-task pretraining
strategy improves the baselines by 2% to 55%. Combining the two strategies gives

further improvement.

EIP Energies as High-Quality Supervision Signals for Training NN Potentials

Recall that in the label augmentation strategy, an auxiliary classification model selects
unlabeled configurations and predicts their corresponding best-performing physics-based
EIPs, which are subsequently used to label them for the training of the NN potential.
These configurations are then labeled by the predicted best-performing physics-based

3 https://openkim.org/
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Table 4.1: Performance of the two proposed strategies on DFT energy prediction tasks.
We report the configuration-level and atom-level mean absolute error (MAE, lower is
better) in eV and eV /atom, respectively. We denote the label augmentation strategy by
LA and the multi-task pretraining strategy by MP. Best performance is shown in bold.
Cases where the training procedure failed due to running out of memory are marked
OOM.

KIM-Si ANI-Al AgAu
Config Atom Improv.  Config Atom Improv. Config Atom  Improv.
Best EIP 1.6326  0.2524 - 46.4869  0.3561 - 4.4587  0.2063 -
SOAPNet 0.7706  0.0975 - 02153  0.0017 - 0.5422  0.0226 -
+LA 0.5595  0.0704 27.58%  0.1786  0.0014  18.14%  0.5067  0.0205  07.92%
+MP 0.5717  0.0733  25.28%  0.1744  0.0014  19.12%  0.3962  0.0154  29.34%

+MP+LA 0.5307 0.0657 31.88% 0.1697 0.0013 22.13% 0.3858 0.0154 30.23%

SchNet 0.4805  0.0718 - 0.1693  0.0014 - 0.7290  0.0290 -
+LA 0.4015  0.0549  19.99%  0.0845 0.0007 51.24%  0.6815  0.0266  07.33%
+MP 0.4034  0.0569  18.40%  0.1296  0.0010  26.00% 0.3353 0.0130 54.65%

+MP+LA  0.3719 0.0490 27.17% 0.0816 0.0006 53.27%  0.3496 0.0135  52.80%

CGCNN 0.9314  0.1410 - 0.2410 0.0019 - 1.6683  0.0625 -
+LA 0.7476  0.1050  22.61%  0.1786  0.0014  25.44%  1.6065  0.0589  04.71%
+MP 0.8457  0.1253  10.16%  0.2206  0.0017  07.80%  1.4377 0.0532  14.38%

+MP+LA 0.7435 0.1005 24.44% 0.1392 0.0011 41.65% 1.3857 0.0499 18.55%

GemNet 0.5138  0.0546 - OOM OOM OOM  0.9257  0.0342 -
+LA 0.4691  0.0511  07.55% OOM OOM OOM  0.8381 0.0300 10.87%
+MP 0.5024  0.0531  02.48% OOM OOM OOM 0.5057 0.0185 45.71%

+MP+LA 0.4651 0.0476 11.12% OOM OOM OOM  0.6074 0.0218  35.30%
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Table 4.2: Average number of configurations and outliers selected by the classification
models on the ANI-Al dataset.

#Mild #Normal #Severe #Selected #Unlabeled

SOAPNet 226 42 ) 1211 5081
SchNet 271 50 9 1300 5081

EIPs for NN potential training. We investigate the quality of EIP labels and the aux-
iliary classification model by training NN potentials on three augmented training sets
in which the selected unlabeled configurations are labeled by three different sources:
DFT-based energies, ground-truth best-performing-EIP energies, and predicted best-
performing EIP energies. The DFT-labeled configurations (0.8K) are the same for the
three training sets. We only conduct this experiment on the ANI-Al dataset, as all
of its configurations have DFT energies available. The number of selected unlabeled
configurations is shown in Tab

Fig. (a) shows the performance of the NN potentials trained on the three aug-
mented training sets and the original training set (where only DFT-labeled configu-
rations are used). As shown in the figure, expanding the training set with ground
truth DFT calculations (blue) greatly improves the baseline MAE (yellow bar, model
trained on the original training set). Labeling configurations with the ground-truth
best-performing physics-based EIPs (red bar) performs slightly worse than with DFT
energies (blue bar) but still much better than the baseline (yellow bar). This demon-
strates that physics-based EIPs are valuable sources of supervision signals for training
NN-based potentials. Using the predicted best-performing physics-based EIPs for label-
ing (green bar) performs on par with the ground-truth best-performing physics-based

EIP labeling (red), revealing the utility of the auxiliary classification model.

Importance of the Robust Tukey Loss

We next conduct experiments to investigate the importance of the Tukey loss and its
ability to reject outliers during training. As before, we only conduct this experiment on

the ANI-Al dataset, using DF'T energies for unlabeled configurations to determine noise
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Table 4.3: Configuration-level MAE (eV) with and without the Tukey loss.

KIM-Si ANI-Al
SOAPNet SchNet SOAPNet SchNet

w/o Tukey 0.5556  0.4374 0.1906  0.1031
w/ Tukey 0.5595 0.4015 0.1786  0.0845

and outliers introduced by the predicted best-performing physics-based EIPs. We define
an unlabeled configuration with a predicted best-performing physics-based EIP to be
an outlier if the absolute difference between its physics-based EIP energy and its DFT
energy is larger than a threshold, i.e., |r;| = N%\EZDFT - Ef”| > ¢ where N; is the number
of atoms in configuration i. We categorize the outliers as mild, normal, and severe by
setting ¢ to {0.1,0.2,0.3}. The initial number of outliers introduced by the unlabeled
configurations can be found in Tab. 6 (in Appendix). Figs. [4.3(b) and [1.3(c) show
that the number of outliers of all kinds included for computing gradients decreases as
the training proceeds, demonstrating that as the NN potential gets progressively more
accurate, the Tukey loss can effectively eliminate outliers from the training set. We also
conduct an ablation study by replacing the Tukey loss in Eq. with the MSE loss.
The results in Tab show that the models’ performance degrades without the Tukey

loss.

Visualization of Pretrained Configuration Representations

Fig. plots the t-SNE [142] 2D projections of the training silicon configuration rep-
resentations colored by their per-atom DFT energies. The left-hand figure plots rep-
resentations generated by a SchNet with random weights and the right-hand figure
plots representations generated by a SchlNet pretrained by the multi-task strategy. The
representations generated by the randomly initialized SchNet do not exhibit any clear
patterns and the energy surface is rough. In the right-hand figure, representations of
the atomic cluster configurations (i.e., isolated groups of atoms) and the bulk configu-

rations (crystals) are clearly separated and form clusters in the t-SNE 2D space. The



0.35

1 DFT
w030 [ DFT+DFT
=005 ‘ ‘ ] DFT+Best EP
5 ‘ ‘ ] DFT+Pred Best EP
©0.20
Sous| | || =
£0.15
€
Sonol |l ||
Qo.10
Eoosl ||| =
NEENNEEERNE
0.00 SOAPNet SchNet

NN-based Potentials
(a)

=
=)

o o
kS ©

% of gradient outliers

o
N

o
=)

e
o

—— r>0.1eV/atom
r> 0.2 eV/atom
—— r> 0.3 eV/atom

20

60 80 100
Training epochs

(b)

Std of residuals

20 40 60 80 100
Training epochs

()

95

Figure 4.3: (a) Performance of NN potentials trained on the original training sets (yel-
low bar, DFT-labeled configurations only) and three augmented training sets whose
unlabeled configurations are labeled by DFT energies (blue bar), ground-truth best-
performing physics-based EIP energies (red bar), and predicted best-performing physics-
based EIP energies (green bar). (b) Percentage of outliers used for computing gradient

during training. (c) Standard deviation of residuals during training.

per-atom DFT energy surface of the right-hand figure is much smoother, i.e., configura-
tions with similar energies are close to one another after pretraining. This verifies our
previous statement that, although physics-based EIPs lack complete generalizability,
they nonetheless correlate reasonably well with DFT over atomic configuration space,
and demonstrates that our proposed multi-task pretraining strategy successfully encodes

domain knowledge into the NN-based potentials.
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Figure 4.4: T-SNE plots of silicon configuration representations generated by a ran-
domly initialized SchNet (left) and a SchNet pretrained with our proposed multi-task
pretraining strategy (right). Configurations are colored by their per-atom DFT ener-
gies. Representations generated by the pretrained SchNet naturally form two clusters
that correspond to the atomic cluster configurations (i.e., isolated groups of atoms) and

the bulk configurations (i.e., crystals).



Chapter 5

Data Selection for Pre-training

Machine Learning Force Fields

5.1 Introduction

Accurately predicting the properties and modeling the behaviours of atomic configu-
rations (i.e., a set of atoms and their spatial arrangements) are fundamental to drug
discovery and material design tasks. Machine learning force fields (MLFF) are machine
learning models that predict potential energies and atom-wise forces for atomic con-
figurations. These models are trained to approximate and surrogate computationally
expensive first-principle methods, such as density functional theory (DFT), which are
widely utilized in atomistic modeling tasks such as molecular property prediction and
molecular dynamics simulations. Recent years, researchers have been making efforts in
pre-training MLFFs to encode the underlying physics into them as an upfront invest-
ment [122]. The pre-trained MLFFs can be fine-tuned with improved accuracy and
enhanced data efficiency across a broad spectrum of low-resource chemical systems.
Although pre-trained MLFFs have shown great performance in atomistic modeling
tasks, they often lack the capability to capture domain-specific features and nuances
required for accurately modeling diverse atomic systems. In natural language processing
(NLP), Domain Adaptive Pre-Training (DAPT) [54] has emerged as a promising method
for adapting pre-trained language models to specific domains by further pre-training the

already pre-trained model on additional datasets in the target domain. This adaptation
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improves the model’s ability to understand and process domain-specific language and
concepts, thereby improving its performance on the target tasks. However, applying
DAPT for training MLFFs presents unique challenges. Unlike datasets used for pre-
training language models, which do not require labels, datasets for training MLFFs
necessitate energy and force labels generated by expensive DFTs. Consequently, further
pre-training with DAPT in force field learning incurs significant labeling costs to curate
domain-specific datasets.

To ensure a pre-trained Machine Learning Force Field (MLFF) captures the com-
plexity of the underlying chemical space, its pre-training dataset is curated to be large
and diverse, covering various domains. This raises the research question: Can we im-
prove the performance of an MLFF on a specific task by identifying and pre-training on
a domain-specific subset of this dataset? In this dissertation, we propose Data Selection
Pre-training (DSP), a novel method that adapts a pre-trained MLFF to the domain
of a target task without requiring additional domain-specific datasets. DSP achieves
this goal by selecting a task-specific subset from the pre-training dataset for domain-
adaptive pre-training. We formulate the data selection problem as a budget-constrained
linear programming (LP) [27] problem, which maximizes the relevance of the configu-
rations included in the subset with respect to the target task. We prove that this LP
problem can be efficiently solved by sorting the task relevance scores of the pre-training
configurations.

The contributions of this work are three-fold: First, we introduce Data Selection Pre-
training (DSP), a novel method that enhances the performance of pre-trained MLFFs
by selecting and pre-training on domain-specific subsets from a diverse pre-training
dataset, eliminating the cost for labeling additional domain-specific data. Second, we
formulate the data selection problem as a budget-constrained linear programming (LP)
problem, which efficiently maximizes the relevance of the configurations for the target
task. Third, we conduct experiments on 18 force field benchmarks to demonstrate that

DSP significantly improves the accuracy of MLFFs in domain-specific applications.
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5.2 Related Works

5.2.1 Machine Learning Force Field

Machine learning force fields (MLFF) are machine learning models that predict potential
energies and atom-wise forces for atomic configurations. Earlier MLFFs featurize atomic
configurations using physics motivated descriptors and feed them as input to machine
learning models to predict the energies and the forces [I70} 149]. Recently have seen a
trend in developing graph neural network (GNN)-based force fields given their potential
in modeling complex interactions among atoms. These models resort to the message
passing mechanism [49] to encode geometries including atomic distance [118][158], bond
angle [211[124] 78| [44], torsion angle (dihedral angle) [45]47] into latent atomic represen-
tations which are used for property prediction. Equivariant graph neural networks intro-
duce spherical harmonics and tensor products to the message passing mechanism such

that the intermediate representations are rotationally equivariant [111 9] 86] 87, [178].

5.2.2 Pre-training

The paradigm of training machine learning models, especially deep neural networks,
has shifted from end-to-end training from scratch to pre-training then fine-tuning.
The trend started from natural language processing (NLP) [31, 92 105, 104], then
quickly revolutionized other fields including computer vision (CV) [62] 5], [19] and graph
learning [68, 161, 166, [65, 125]. In chemistry, various pre-training strategies have
been developed to pre-train graph neural networks on 2D topology and 3D geometry
of stable molecules using self-supervised objectives [113] 133 88, 130]. As of force
field learning, researchers also explored pre-training MLFFs using large scale DFT
datasets [122 [79], [162].

In NLP, researchers found that further pre-training language models (LMs) on do-
main relevant corpus effectively improves the LMs performance on tasks in the specific
domain [54] [I5]. However, unlike datasets used for pre-training language models, which
do not require labels, datasets for training MLFFs necessitate energy and force labels
generated by expensive DFTs. This incurs significant labeling cost to curate domain

relevant datasets.
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5.2.3 Data Selection

Earlier data selection (a.k.a., data pruning) methods aim to reduce the training cost
of machine learning models. They select the most influential / representative data
(coreset) from the entire dataset so that models trained on the coreset perform as well
as if they were trained on the entire dataset [4, 09, 137, 155], 173, 103, 107]. In the
era of large language models, training data have shifted from human labeled datasets
to massive web-crawls which contain noise and duplicates that impairs the learning
of LMs [63]. Research in data selection focus on creating high quality datasets by
deduplication [I}, [82] 140] and quality filtering [I16l [I52]. Researchers also demonstrate
that training on filtered high-quality datasets improves neural scaling laws [52] 129} [100].
In this line of research, there are two works that have similar tastes with ours. One
that select data for specific downstream instruction tuning tasks [154]. Another that
select from a large pool of language modeling data for further pre-training LMs for
specific downstream tasks [I57]. In the field of material science, researchers also noticed
the redundancy in material datasets [84, 102, 162]. However, there hasn’t been data
selection methods developed for pre-training MLFFs. Moreover, unlike our proposed

DSP, these existing methods are agnostic to budgets.

5.3 Machine Learning Force Field

Let C = {z,r;}}, € C be an atomic configuration from a configuration space C,
where z; € N and r; € R? represent the atomic number and the three-dimensional
Fuclidean coordinates of atom ¢ in the configuration, respectively. A first-principle
force field (e.g., density functional theory) M(-) computes the energy E(C) € R for
the configuration, i.e., F(C) = M(C). By definition, the force F;(C) € R?® on an atom
i is the partial derivative of the energy w.r.t. its Euclidean coordinates, i.e., F;(C) =

—aﬂglf_(j). Note that, there are numerous first-principle force fields, their computation

can vary significantly from one another. Let T' € T be a task of interest in a task space
7. A machine learning force field (MLFF) with parameters ©, denoted as M(:|©),
is a machine learning model trained on a dataset Dy = {C’i,E(C’Z-),F(C'Z-)}g{| that
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represents 1" by optimizing

|Dr|
£(0) = > [\ele (E(C). B(CIO)) + ArLr (F(C). P(C,16))] .
=1

where E(C;|©) and F(C;|©) are the energy and forces predicted by M(:|©), respectively.
There are two classes of MLFFs that compute the forces differently. The first class
computes the forces as the partial derivatives of the predicted energy while the second
class trains a separate prediction head to directly predict the forces. We refer readers

to the relevant references for further details [45], 47, [67, [40].

5.4 Data Selection Pre-training

5.4.1 Problem Formulation

Let D = {C;, E(C)), ]?‘(@)}El be a large and diverse pre-training dataset, and Dp =
{Ci, E(Cy), F(CZ)}LZ{‘ represents a dataset for a task of interest 7. We assume a general
MLFF M(-|©) that has already been pre-trained on D. Our goal is to adapt M(-|©)
to the domain of T by selecting a task specific subset Dy C D and further pre-training
M(:|©) on the subset to obtain a domain specific MLFF M (:|©7) which is finally fine-
tuned on Dp. We refer this domain adaptive process as data selection pre-training
(DSP). We posit a budget B for DSP that is measured as the total number of config-
urations that M(-|©) will be further pre-trained on. The budget B can be larger than

the size of D as one configuration can be trained on for multiple times.

5.4.2 Budget Aware Data Selection

At the core of DSP is an algorithm A that selects Dy from D and identifies how many
times each configuration appears during the DSP training. The algorithm is dependent
on the task T and the budget B. To adapt M(-|©) to the target task T, DSP selects

configurations that are relevant to 7" for the further pre-training. We formulate the data
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Figure 5.1: (a) Data Adaptive Pre-Training (DAPT) adapts a pre-trained model to a
specific domain by further training it on an additional domain specific dataset; (b) Our
proposed Data Selection Pre-training (DSP) adapts a MLFF to the domain of a target
task by selecting a task specific subset from the pre-training dataset then training the
MLFF on the subset.
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selection problem as a linear programming (LP) problem [27], i.e.,

D]
max ZCLZT.Z}
* =1
st. m>xz;>0,Vie{l,...,|D|} (5.1)
D]

» 2,<B (5.2)
=1

where x = [z1,... ,:r:m‘] are the variables to be optimized, x; indicates the number of
appearance of C; € D in DSP, azT > 0 measures the relevance of C; to the task 7. We
posit that after training the MLFF on a configuration C; for m epochs, the magnitude
of the loss of C; will be negligible to lead to meaningful gradient updates to the the
MLFF’s parameters. Further training on the configuration will cause a waste of budget.
In Eq we bound z; by m. In our experiments, we treat m as a hyper-parameter
and tune it using validation sets. Eq constraints the total number of DSP training

instances to be under the budget.

Proposition. The solution to the linear programming problem is

m {jlai<a}[ <2
T =
0 otherwise.
This Proposition states that by solving the LP problem, DSP selects the configura-
tions with top-k task relevance scores, where k = B/m. It also implies that, if given a

sufficiently large budget, DSP will select all configurations for the further pre-training.

5.4.3 Task Relevance

To measure the relevance of pre-training configurations to the task 7" represented by the
task-specific dataset D7, we use the Smooth Overlap of Atomic Positions (SOAP) [7, 28]
descriptor to convert all the configurations into a shared embedding space h(C). The
SOAP descriptor is a physics-based embedding method that converts atomic configu-
rations into a vector space while ensuring invariance to the translation and rotation of

atomic coordinates. Moreover, SOAP is a universal embedding method that applies to
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any configurations. We represent the target task T as the average embedding of all

configurations in Dy, i.e.,

1 |Dr|
h — h(C;
= 5y 2 )

For each pre-training configuration C;, we compute its task relevance score aiT =

Cosine(h(C;), hy) + 1 where Cosine(-, -) refers to the cosine similarity.

5.5 Experiments

5.5.1 Datasets

Pre-train: We use ANI-1x [120] as the pre-training dataset in our experiments. The
ANI-1x dataset contains DFT calculated energy and forces for 5M diverse atomic con-
figurations of organic molecules. We randomly sample 200K configurations from the
ANI-1x dataset for pre-training the MLFF's.

Fine-tune: In our experiments, we utilize the rMD17, SPICE, and MD22
datasets, which collectively encompass 18 target fine-tuning datasets. rMD17 contains
molecular dynamic simulation trajectories (MDS) of ten small organic molecules. Each
trajectory contains different configurations of one molecule. We split the trajectory
of each molecule into train/validation/test sets of size 950/50/1000. SPICE contains
configurations of drug-like molecules and proteins. We experiment with the dipeptides
and the solvated amino acids subsets that contain 34K configurations of 676 dipeptides
(formed by different combinations of 26 amino acids) and 1300 configurations of 26
amino acids, respectively. We randomly leave out five amino acids from the solvated
amino acids and the 25 dipeptides they form from the dipeptides subset to evaluate
the out-of-distribution performance of the MLFFs. We randomly split the remaining
in-distribution configurations in a 8/1/1 ratio to be the training/validation/test sets.
MD22 contains MDS trajectories of large molecules such as carbohydrates and nucleic
acids. We evaluate DSP on six trajectories using the train/validation/test split proposed

in the original paper [23].
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Table 5.1: Performance (Force MAE, unit meV /A, lower | the better) of MLFFs. ”Base-
line” refers to results of randomly initialized MLFFs. ”Default” is the fine-tuning perfor-
mance of the generally pre-trained MLFF. "Full” further pre-trains the general MLFF
using the entire pre-training dataset. All the experiments are repeated three times with
different seeds. We use bold to denote the method with the best performance, and |
to denote the further pre-training method improves the generally pre-trained MLFFs.

5 Epochs 20 Epochs

Dataset Molecule Baseline
Default  Full DSP | Default  Full DSP
Aspirin 21.87 15.86 15.30 15.13 ] 13.30 13.07 13.03 |
Azobenzene 13.97 10.96 10.80 10.73 | 10.10  9.97 9.93 |
Benzene 4.83 3.48  3.53 3.63 346 330 3.30)
Ethanol 12.73 9.58 10.27 9.63 8.34 8.00 8.23 |
MD17 Malonaldehyde 17.87 14.82 14.67 14.57 | 13.04 13.17 13.47
Naphthalene 9.27 740 733 7.23)] 6.82 6.83 6.73]
Paracetamol 18.93 13.18 12,70 12.63 ] 11.50 11.57 11.33 ]
Salicylic 16.73 12.10 1197 11.70 | 10.94 10.97 10.50 |
Toluene 9.50 722 713 7.20 ) 6.46 6.70 6.60
Uracil 14.40 11.08 10.93 10.70 ] 9.92 10.03 9.60 ]
SPICE Dipeptides 25.37 23.34 22.83 22.80 ) 21.88 21.90 21.83 ]
Amino acids 50.50 40.74 38.27 33.10) 31.94 31.70 29.53 |
AT-AT 33.93 21.00 20.20 19.97 | 16.80 16.57 16.37 |
AT-AT-CG-CG 45.23 27.65 26.53 26.20 | 21.93 21.73 21.50 ]
Ac-Ala3-NHMe 21.97 15.15 14.67 14.50 | 12.50 12.33 12.17 |
MD22 DHA 17.30 12.98 12,57 12.53 ] 10.87 10.70 10.63 |
Buckyball-catcher 134.97 66.03 65.17 63.73 | 63.53 62.53 61.60 |
Stachyose 22.57 17.33 16.83 16.77 | 1490 14.70 14.63 ]
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5.5.2 Machine Learning Force Field

In our experiments, we use GemNet-dT [45] as the backbone architecture for MLFFs. It
represents a broad class of message passing neural network-based force fields. GemNet-
dT is also widely employed in various atomistic modeling tasks such as structural re-
laxation [20], molecular dynamic simulations [40], and material generation tasks [168].
MLFFs are usually pre-trained for a few epochs to ensure their generality. We pre-train
two general MLFFs on the ANI-1x dataset for 5 epochs and 20 epochs, respectively, to

evaluate the performance of DSP on MLFFs at different training stages.

5.5.3 Implementation and Evaluation

We pre-train two general MLFFs on the ANI-1x dataset for 5 epochs and 20 epochs,
respectively, to evaluate the performance of DSP on MLFF's at different training stages.
In all our experiments, we (further) pre-train the MLFF's using different methods, fine-
tune them separately on the downstream tasks, then evaluate them on the corresponding
test sets. Since force field learning is a regression problem, we use force mean absolute

error (MAE, unit meV/A) as the main metric to evaluate the accuracy of the MLFFs.

5.5.4 Experimental Results
Main Results

Table shows the performance of DSP on the 18 benchmark datasets with a budget
of B = 2|D|. For both base MLFFs pre-trained with 5 and 20 epochs, further pre-
training using DSP improves their accuracy on 16 out of the 18 benchmarks. This
result demonstrates that DSP effectively adapts the already pre-trained MLFFs to the
specific tasks, enhancing their performance on those tasks. Moreover, DSP enhances
the performance of MLFFs irrespective of the number of epochs they have already been
trained on the pre-training datasets. With the same budget, DSP outperforms further
pre-training with the entire pre-training dataset on 14/15 out of the 18 benchmarks on
the based MLFFs pre-trained for 5/20 epochs. This indicates that, given a fixed budget
for further pre-training, repeated training on a small set of relevant configurations has
more utility than spending the budget on the entire pre-training dataset. This finding
highlights the necessity of the data selection algorithm.
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Figure 5.2: Performance of DSP under different budgets. The y-axis is the relative

improvement compared to the base MLFF pre-trained for 20 epochs.

Performance Under Different Budgets

We investigate the effectiveness of DSP under different budgets and show the results in
Figure The improvement obtained through DSP increases with the budget. More-
over, across various budgets, further pre-training the base MLFF with DSP consistently

outperforms pre-training with the full dataset.

Ablation Study on the SOAP Descriptor

In this study, we compare the embedding method that we used for computing task
relevance, SOAP, with another embedding method that relies on a pre-trained neural
network, CHGNet [29]. CHGNet is a neural network force field pre-trained on the
DFT labeled materials trajectory dataset [29]. It has shown been shown effective in a
wide range of force field applications. Table shows that, the performance of SOAP
outperforms CHGNet in both the aspirin and the solvated amino acids datasets across
different budgets. This is because that SOAP is a physics-based embedding method
that does not require training. It is uniformly applicable to any configurations. While
CHGNet is a neural network trained on a specific dataset. Although its developed to

be universal, its performance is still biased by its training set.
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Table 5.2: Performance (Force MAE, unit meV /A, lower | the better) of DSP with

different embedding methods for computing the task relevance.

Budget
Dataset Embedding - - -
D] 2/D|  5|D|

CHGNet 13.33 13.10 12.70
Aspirin

SOAP 13.33 13.03 12.63

CHGNet 32.80 31.33 32.10
Amino acids

SOAP 29.53 28.40 27.90

5.6 Conclusion

In this dissertation, we show that further pre-training MLFFs using task specific subsets

effectively adapts them to the domain of the task and improves their accuracy on the

task. We introduce data selection pre-training (DSP), a novel domain adaptive pre-

training method that does not require additional domain datasets. DSP automatically

selects a task specific subset from the pre-training dataset for adaptive training. We

formulate the data selection problem as a budget constrained linear programming (LP)

problem. We prove that the LP problem can be efficiently solved by selecting the

configurations with the topK relevance scores. We evaluate DSP on 12 benchmark tasks.

Experimental results show that DSP improves the pre-trained MLFFs and outperforms

further pre-training on the entire pre-training dataset.



Chapter 6

Conclusion

This dissertation presents four advanced deep learning methods designed to accelerate
scientific discovery in the fields of chemistry and materials science. These methods ad-
dress three critical challenges in applying deep learning to these fields: 1) the structural
complexity of molecules and materials, 2) the multi-modality of molecular data, and 3)
the high cost of labeling.

In Chapter [2| we introduce a novel graph representation of molecules, heterogeneous
molecular graph (HMG) in which nodes and edges are of various types, to model many-
body interactions. HMGs have the potential to carry complex geometric information.
To leverage the rich information stored in HMGs for chemical prediction problems, we
build heterogeneous molecular graph neural networks (HMGNN) on the basis of a neural
message passing scheme. HMGNN incorporates global molecule representations and an
attention mechanism into the prediction process.

In Chapter we propose a two-stage text-retrieval system to retrieve text from
scientific literature to augment molecular property prediction (RTMol). To bridge the
modality gap between molecule structures and text, RTMol uses the International Union
of Pure and Applied Chemistry (IUPAC) name of molecules as the index and the BM25
algorithm to retrieve molecule related documents from the knowledge corpus. It then
learns to re-rank and augment structure-based prediction with the retrieved documents.

In Chapter [d] we propose two generic strategies that take advantage of unlabeled
training instances and computationally efficient labeling methods, empirical interatomic

potentials (EIP), to increase the generalizability of deep neural networks. The first
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strategy, based on weakly supervised learning, trains an auxiliary classifier on EIPs and
selects the best-performing EIP to generate energies to supplement the ground-truth
DFT energies in training the neural network. The second strategy, based on transfer
learning, first pre-trains the neural network on a large set of easily obtainable EIP
energies, and then fine-tunes it on ground-truth DFT energies.

In Chapter | we improve the performance of pre-trained machine learning force
fields (MLFF) on downstream tasks by further pre-training them on domain adaptive
datasets. In order to avoid the labeling cost of curating additional domain datasets, we
propose data selection pre-training (DSP) that selects a task specific subset from the
pre-training dataset and further pre-trains the MLFF on the subset. We formulate the
data selection problem as a budget constrained linear programming problem and prove
that its solution can be obtained efficiently via ranking the relevance scores.

In the past few years, deep learning has revolutionized many fields such as computer
vision and natural language processing. However, its development in chemistry and
materials science has lagged behind. Deep learning holds immense potential to trans-
form scientific discovery in these fields, enabling us to understand the universe more
rapidly, develop superior materials, and swiftly discover new drugs for previously in-
curable diseases. This dissertation advances the frontier by making deep learning more
accessible to the fields of chemistry and materials science, thereby accelerating the pace

of innovation and discovery.
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