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Substructure Constrained Molecular Generation for Counterfactual Design
Transformer-Based Masked Language Modeling for Constrained Molecular Design
in Drug Discovery

DYLAN OSOLIAN, LISA SAMUELSSON

Department of Computer Science and Engineering

Chalmers University of Technology and University of Gothenburg

Abstract

In this thesis, masked modeling is used in de novo drug design to create substructure-
constrained counterfactual molecules. Utilizing Natural Language Processing (NLP)
methods, SMILES strings are processed through a transformer-based architecture.
The research explores diverse masking and training strategies, demonstrating the
ability to produce a wide range of relevant molecules. These strategies impact the
properties of the molecules produced, showing that the choice of masking influences
the molecular structures generated. Findings suggest that masking strategies must
be carefully chosen based on the models intended use in molecule design. This work
highlights the potential of masked modeling to effectively generate diverse molecules
and enhance molecular drug design, opening possibilities for further exploration and
application.

Keywords: Machine Learning, Natural Language Processing, Cheminformatics, Trans-
formers, Deep Learning, Molecular Design, Drug Discovery, Molecular Generation
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1

Introduction

Drug design focuses on discovering new chemical compounds for treating or prevent-
ing diseases. A challenge in drug design is finding molecules that meet multiple
criteria to ensure the drug’s safety, effectiveness, and commercial viability. Finding
such a compound is not trivial, since there are many desirable properties to optimize.

From a computational view, the drug design process can be viewed as a multi-
parameter optimization (MPO) process. It is more difficult to find an optimal
solution among a set of possible candidates to an MPO problem compared to a one-
dimensional optimization problem, as the objective values might conflict [1]. The
number of relevant objectives may also be very large [2]. Additionally, the size of
the chemical space, consisting of up to 10% possible molecules [3], also contributes
to the challenge of discovering satisfactory compounds. Having a method to quickly
identify these compounds is of great interest, as it saves time and money.

In recent years, deep learning, a subset of machine learning and artificial intelligence
(AI), has proven effective in the drug design process. It accelerates the identifica-
tion of potential drug candidates, enables the prediction of molecular behavior, and
enhances the precision of targeting specific diseases. Multiple deep learning-based
approaches have been tested, such as variational autoencoders, recurrent neural
networks, and generative adversarial networks [4].

Deep learning is used in various aspects of drug design, such as toxicity prediction
and reaction prediction, through tools like DeepTOX and IBM RXN [5], [6]. Another
area where deep learning is used is in molecular generation, such as de novo drug
design. De novo design tools aim to generate molecules with user-specified properties
from scratch. Typically, these models are trained in two stages: In the initial phase,
the models are trained to generate valid molecules. Then, in the second stage,
reinforcement learning is used to refine the generation, targeting molecules that
meet the specific criteria and properties defined by the chemist.

However, in practice, chemists reject many of the generated molecules from these
models, even though they are valid and fulfill the specified requirements [2]. Instead,
the molecules from the generative models are often used as a starting point for further
manual improvement. Given the importance of molecule generation as a part of the
drug design process, creating tools to aid chemists in this process is a highly relevant
task. In this thesis, we aim to extend the capabilities of existing de novo models to
allow for more fluid interactions between the chemist and the model.
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This project is conducted in collaboration with AstraZeneca, a global pharmaceutical
company. The Molecular Al division at AstraZeneca has developed multiple de
novo design tools, and this thesis extends on prior efforts in developing models for
molecular generation.

1.1 Problem description

While deep learning methods in de novo design have already seen some success,
they are still in the early stages of development and are evolving to meet the spe-
cialized demands of drug design. The frequent rejection of Al-generated molecules
by chemists underscores the need for enhanced models that can handle the complex
demands of chemists. The project aims to explore models that allows chemists to se-
lect substructures of molecules for modification, aiming to generate similar molecules
but where the selected parts are modified.

In the field of explainable A, counterfactuals are generally referred to as the smallest
change in a model’s input needed to obtain a different output [7]. Counterfactual
molecules would then be defined as those that closely resemble the original molecule,
but are modified in small yet significant ways to yield alternative behavior [8].

In the context of this project, however, the focus lies on a specific application of
counterfactuals: adapting molecules based on chemist feedback. Here, the chemist
specifies a substructure of the molecule that is undesirable. In this scenario, a
counterfactual molecule is a molecule from which this selected substructure has been
removed, but the rest of the molecule is kept intact. This approach allows chemists
to iteratively refine the original molecule by identifying and modifying substructures
considered problematic.

In this project, a transformer model will be used to accomplish this. The transformer
architecture, proposed by Vaswani et. al. [9], was developed for natural language
processing. It uses so-called self-attention mechanisms, which allows the model to
focus on different parts of the data based on their importance, without relying on
the order they appear. The transformer will be trained using masked modeling, a
method where parts of the input data are hidden from the model during training
[10]. The model then learns to predict these hidden parts based on the remaining
visible data. The performance of the model will be evaluated based on its ability to
generate valid counterfactual molecules, and its capability to handle more complex
cases.

1.2 Purpose of the study

The problem this thesis aims to solve is how to generate counterfactual molecules
with the help of AI. More precisely, the aim is to develop a model that allows chemists
to select a substructure of a molecule, and generate a similar molecule where the
selected parts are modified.
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Specifically, the questions this thesis aims to answer are the following:

e Can a transformer model trained with masked modeling techniques generate
counterfactual molecules?

e Can human feedback be integrated into the de novo drug design process to
generate relevant molecular structures?

o How well does the transformer model manage complex substructure replace-
ments when trained with masked modeling techniques?

1.3 Limitations

To ensure a realistic scope of the thesis project, certain limitations have been estab-
lished.

Training times for machine learning models can be extensive, especially if optimal
performance is the goal. Given that the model is developed primarily for research
and demonstration purposes, achieving optimal performance is not the top priority.
Additionally, the project has a limited time frame, making it necessary to limit
the model size. This means that the model will undergo training for a shorter,
yet justifiable duration, rather than extending the training process for an extended
period.

As the use of machine learning models continues to grow, the demand for explain-
able Al is increasing to build trust in decisions taken by models [7]. Implementing
explainability features for a tool like the one being researched in this project would
be advantageous for the chemists to understand and trust the model. However, re-
searching explainability in-depth would complicate the project, and as the focus lies
elsewhere, this aspect will not be investigated.

1.4 Thesis Outline

The structure of this thesis is organized as follows:

Chapter 2 (Theory) presents essential terminology and concepts for this project.
Chapter 3 (Methods) describes the methodology of the project.

Chapter 4 (Results) presents the results of the project.
(

Chapter 5 (Conclusion) discusses the results of this project and presents the conclu-
sions.
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2

Theory

2.1 Machine Learning

Machine learning is a discipline within artificial intelligence focusing on the develop-
ment of algorithms and models enabling computers to perform tasks without specific
instructions. Instead of following a predetermined set of rules, these systems learn
to make predictions based on data. Machine learning is used in various subfields,
such as computer vision, natural language processing, and robotics [11]. There are
multiple applications of machine learning in a diverse array of sectors, ranging from
healthcare to autonomous vehicles and machine translations.

2.1.1 Supervised Learning

Supervised learning is an approach in machine learning where the model learns
from labeled training data. The data consists of pairs of input variables and their
corresponding desired outputs. The objective of supervised learning is to create a
predictive model that can generate an accurate output or prediction for previously
unseen input [11]. Through training on the labeled input-output pairs, the model
improves its predictive accuracy, and its ability to generalize to new, unseen data.

2.1.2 Unsupervised Learning

Unsupervised is another approach in machine learning. Contrary to supervised
learning, which utilizes labeled data pairs during training, unsupervised learning
uses unlabeled training data. During training, the model analyzes and clusters the
input data, identifying patterns in it. This allows the model to learn directly from
the inherent structure of the data [11].

2.2 Natural Language Processing

Natural language processing (NLP) is a field that lies in the intersection between
linguistics and artificial intelligence [12]. It uses a broad range of computational
techniques to achieve human-like language processing. There are many applications
of NLP, including generation, summarization, and translation [13].
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2.2.1 Sequence Generation Models

Sequence generation models are a class of models in machine learning designed to
generate sequences of outputs. Such a model aims to learn patterns from the input
data to generate new and plausible sequences based on that information [14]. This
type of model is especially common in the field of NLP, where they are used for
multiple tasks, such as text generation or machine translation. There are multiple
different architectures used to build sequence generation models, such as Recur-
rent Neural Networks (RNNs), Long Short-Term Memory Networks (LSTMs), and
Transformer models [9], [15].

Sequence-to-sequence (seq2seq) models are a specific type of sequence generation
model specialized in converting sequences from one domain to another. These mod-
els are often used for machine translation, where the input sequence is a sequence of
words in one language, and the output sequence is a sequence of words in another
language.

Generally, seq2seq models consist of two main components, an encoder and a de-
coder. The encoder reads the input sequence and generates a fixed-length vector
representation which is fed to the decoder. From this, the output sequence is gen-
erated [16]. The encoder-decoder setup introduces flexibility, as it allows seq2seq
models to handle input and output sequences of variable lengths [17]. This is a
key advantage that makes them particularly suitable for NLP tasks, as these often
include data of different lengths.

Auto-regressive models are a subset of sequence generation models that generate
the next segment of the output by conditioning on prior segments. This forms a
feedback loop that uses the past to predict the immediate future. This method is
helpful for generating sequences that require contextual coherence, such as sentences
in a target language [16].

2.3 Transformers

The transformer is a modern neural network model commonly used in NLP [9].
A transformer is a seq2seq model with an architecture based on an encoder and a
decoder, and it works in an auto-regressive manner. The encoder processes the input
into an encoded representation with lower dimensionality, while still retaining the
relevant information. The decoder then uses the encoded representation to create
the output of the model. The transformer architecture is illustrated in Figure 2.1.

2.3.1 Attention

One of the key components in a transformer is the use of the attention mechanism.
Attention allows the model to weigh the importance of different input elements
differently. In NLP, this could mean that a model can decide which words in a
sentence are most relevant when generating a new sequence. Self-attention, used in
transformers, specifically enables the model to contextualize each word in the input
by evaluating the relationship between words in the sentence.

6
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Figure 2.1: This figure shows the transformer model based on the multi-head attention
architecture proposed in [9], from which the original figure is reproduced. The encoder is shown
to the left in the figure, and the decoder is shown to the right.

2.3.2 Scaled Dot-Product Attention

The self-attention mechanism can be modeled as a function, where a set of key-value
pairs and a query are mapped to an output. The result of the attention function is
a weighted sum of the values, where the weight of each value is determined by its
corresponding key’s relevance to the query.

In the paper Attention Is All You Need [9], which introduced transformers, Vaswani
et. al. present their way of calculating attention, called scaled dot-product attention.
If the queries and keys have dimension di, and values have dimension d,, the scaled
dot-product attention is calculated by first taking the dot product of the query
with all keys, then scaling the result by dividing with v/d;. The scaled dot-product
attention is thereafter passed through a softmax function. The softmax function
transforms these values into a probability distribution, producing a vector whose
elements sum to one, with each value lying in the range of 0 to 1. This transformation
allows the values to be interpreted as probabilities. After that, these probabilities
are the weights used to calculate the weighted sum of the values, making up the
final step. In practice, the queries, keys, and values are all matrices, and the scaled
dot-product attention matrix can be computed as:

KT
Scaled Dot-Product Attention(Q, K, V') = softmax (C?/d_> Vv (2.1)
k
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2.3.3 Multi-Head Attention

One attention block may not be enough to enable the attention mechanism to cap-
ture all relevant relations in the input sequence. Therefore, the transformer uses
multi-head attention, which can be seen as calculating attention in parallel on pro-
jected versions of queries, keys, and values. The final attention output is received
by concatenating the attention scores from each head. The number of heads can
be adjusted in different transformer implementations. Multi-head attention offers
advantages over single attention heads, where unique attributes may be lost due to
the merging of all information into a single, averaged output. Multi-head attention
is calculated as follows:

MultiHead(Q, K, V) = Concat(head, . .., head,) W
where head; = Attention(QW2, KWX viv))

Where the projections are parameter matrices WZ-Q € Rdoder X di, WzK € Rdodel X
dk,Wl‘-/ € Rdodel X dv, and WO € Rhd, X dyodel-

2.3.4 Embeddings and Positional Encoding

In the transformer architecture, the input and output tokens are converted to vectors,
and so-called learned embeddings are used to capture the semantic relationship
between words. These embeddings are used to encapsulate the correlation between
words through an unsupervised learning method. Another important feature of the
architecture is the positional encoding. Positional encoding enables the model to
take the order of the tokens into consideration. This is done by assigning a unique
vector representation to each token’s position within the sequence. Accounting for
the sequential nature of the input data is important in natural language tasks, as it
helps improve the models’ ability to understand context and meaning.

2.3.5 Encoder and Decoder

As mentioned in Section 2.3, the transformer is based on an encoder-decoder archi-
tecture. The encoder is made up of N identical stacked layers. Each layer in the
encoder has two sublayers: a multi-head attention mechanism followed by a fully
connected feed-forward layer. After every sublayer, normalization is applied, which
means that the activation of each layer is shifted to have a normal distribution. Nor-
malization stabilizes and speeds up the training, and also improves the performance
of the model [18]. There are also residual connections for each sublayer, a way for
the data to skip the sublayer before being normalized. Residual connections have
been shown to lead to faster convergence [19)].

The decoder is similar to the encoder. It also consists of N identical layer, each
having two sublayers similar to those found in the encoder. The decoder also has
an extra sublayer, that considers multi-head attention over the output from the
encoder layers. Furthermore, the self-attention sublayer in the decoder is modified
with masking. The masking in this sublayer makes sure that the predictions for a
position in a sequence only depend on the known previous outputs.
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2.4 De Novo Molecular Design

De novo molecular design is the process of constructing novel molecules with desired
properties with the help of computational tools. This process is often used in the
field of drug design, where new molecules are being designed to fit and bind to a
biological target. Historically, rule-based methods have dominated de novo design,
but these methods are often time-consuming and limited by the scope of the rules
[20]. Machine learning has recently seen a surge in de novo design, and multiple
methods have been applied to aid chemists in finding new drugs.

Some of the methods that have been used for de novo models include recurrent neural
networks (RNN), reinforcement learning, generative adversarial networks (GAN),
and different encoder-decoder-based methods [4]. De novo design through machine
learning provides significant advantages over older methods, but it should still be
implemented with care. For example, choosing a good training set is critical for
machine learning models. If the data used to train the model does not represent the
drug-like chemical space, the properties of the generated molecules will not give a
good representation of the desired chemical space [4].

Machine learning models for de novo design can be based on varying types of rep-
resentations of molecules, as different tasks require different representations. The
most common representations used are simplified molecule input line entry system
(SMILES) [21], molecular graphs [22], fingerprints [23], and three-dimensional ge-
ometries [24]. SMILES has grown to become the most popular representation of
molecules and has served as a universal language of chemical structures. A reason
for the popularity of SMILES in deep learning models can be explained by the suc-
cess and growth of NLP. Since SMILES is a text representation of molecules many
of the technologies used for NLP can be used for de novo molecular design as well.
Selecting the correct representation of molecules for the task is key to getting a
well-performing model [4].

2.4.1 Evaluating De Novo Models

There are many ways to evaluate deep learning models for de novo design. One
possible metric is validity, which checks the proportion of valid molecules generated.
Another metric is uniqueness, which is a measure of the diversity of the generated
molecules.

There also exists complete benchmark suits specifically designed for de novo molec-
ular design models. An example of this is GuacaMol [25], an evaluation framework
based on a suite of standardized benchmarks. Some factors the benchmarks capture
include the model’s ability to reproduce the property distribution of the training
set, its ability to explore the chemical space, as well as multiple metrics on novelty.

In addition to these methods, the Tanimoto similarity score is another metric that
can be used to assess de novo drug design models. Tanimoto similarity measures
the similarity between two so-called molecular fingerprints. A molecular fingerprint
is a digital representation of a molecule that encodes its structure [26].
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2.5 Molecular Representation with SMILES

SMILES (Simplified Molecular Input Line Entry System) is a chemical notation
system that uses ASCII strings to describe chemical structures. It is designed for
efficiently processing chemical information with computers while maintaining read-
ability for humans [27]. An important asset of the SMILES format is its compactness,
requiring less storage space than many other methods of representing chemical struc-
tures [28]. The key symbols in the SMILES notation are described in Figure 2.2.
SMILES strings can be used together with various computer programs or toolkits to
generate two-dimensional drawings or three-dimensional models of molecules. One
example of such a toolkit is RDKit [29].

Function Symbol Note

Single bond = usually omitted

Double bond =

Triple bond #

Positive charge [C+] square bracket and sign
Negative charge [C-] square bracket and sign
Aromatic atom c

Disconnected component

Branch () enclosed in parantheses
Ring opening / closing 1 any number, starting from 1

Figure 2.2: This figure presents the key symbols used in SMILES to represent chemical
structures. Each entry specifies the symbol, its corresponding function, and additional notes on
its usage where applicable.

All elements in the periodic table are supported by the SMILES system, and atoms
are represented by their atomic symbol. There is a set of rules that a SMILES string
must follow [21]. An uppercase letter indicates a non-aromatic atom and a lowercase
letter indicates an aromatic atom. By default, molecules are represented without
hydrogen atoms.

Single bonds between atoms can be denoted by ”-”, though they are usually omit-
ted. Double bonds are denoted by "=", and triple bonds are denoted by "#”. A
branch from a chain in a molecule is represented by placing parentheses around the
atoms that make up the branch. Numbers are used to indicate ring openings and
closings. One ring will have a certain number identifying its opening and closing.
The next ring will have another number identifying its opening and closing, and so
on. Charged atoms are shown by placing the atomic symbol followed by sign and
numerical value within square brackets [21].

SMILES strings can often be written in multiple ways for the same molecule. How-
ever, there are algorithms designed to always generate the same SMILES string for
a given molecule. These SMILES strings are said to be in canonical format. To
illustrate this concept, multiple SMILES representations of the molecule Aspirin
are shown in Table 2.1 along with the canonical SMILES string for the molecule.
Canonical SMILES ensures uniqueness, which is important in many applications
where SMILES strings are used — such as chemical databases.

10
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SMILES representation Canonical SMILES Name
C(C)(Ocle(C(0)=0)cccel)=0 CC(=0)O0cleeccelC(=0)O  Aspirin
cleeee(C(=0)0)cl0C(=0)C  CC(=0)O0clecceclC(=0)O  Aspirin
c1(0OC(C)=0)c(C(0)=0)ccecl  CC(=0)O0clecceclC(=0)O  Aspirin
cleeee(OC(=0)C)elC(0)=0  CC(=0)OclecccclC(=0)O  Aspirin

Table 2.1: This table illustrates multiple SMILES representations of the molecule Aspirin, along
with the canonical SMILES representation.

2.6 Cheminformatics Toolkit RDKit

RDKit is an open-source cheminformatics toolkit [29]. RDKit offers a range of
tools for the manipulation and analysis of chemical information. With RDKit, it is
possible to calculate a wide range of molecular descriptors and properties such as
molecular weight. There are also features for computing molecular similarity. The
core data structures and algorithms of RDKit are implemented in the programming
language C++, but the toolkit provides wrappers that allow using it with languages
such as Python, Java, and C#.

RDKit uses so-called Mol objects, which are representations of molecules that can
be manipulated and analyzed within the framework [30]. The Mol object contains
detailed information on atoms, bonds, and the molecule’s structure. They also hold
information about properties such as molecular weight and the number of atoms in
the molecule.

The Mol objects can be created from SMILES string or other file types, and can
then be edited, analyzed, and used for calculations. For example, RDKit enables
the addition or removal of atoms and bonds, and conducting substructure searches
to identify specific patterns. It is also possible to visualize the molecules in RDKit
using the Mol objects. An example of such a visualization is shown in Figure 2.3,
where the molecule Aspirin is depicted.

o]

).

Qo

HO

Figure 2.3: This figure shows a visualization of the molecule Aspirin, created with RDKit.

2.7 REINVENT - A Tool for Designing Molecules

REINVENT is an open-source generative Al framework for designing molecules [31].
The framework is built on recurrent neural networks and transformer architectures.
The main idea of REINVENT is to train deep learning models that learn to produce
valid molecules represented by SMILES strings. REINVENT 4, the latest version
of REINVENT, supports multiple molecule generators. A generator is an algorithm
that creates new molecules based on different constraints. LinkInvent, LibInvent,
and Mol2Mol are three of the generators in REINVENT 4 [31].

11
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Sampling mode is one of the different run modes in REINVENT. Sampling is utilized
during inference time, after the training phase of the model, to generate molecules.
During sampling in Mol2Mol, an input molecule is given to the model, and sampling
techniques are used to generate a set of new molecules from this input molecule.
The n__smiles parameter specifies the number of molecules generated for each input
molecule. In Figure 2.4 the sampling process of a model with an input molecule is
illustrated.

REINVENT supports two different sampling techniques: multinomial sampling and
beam search. Multinomial sampling is a non-deterministic approach that generates
sequences based on a probability distribution across possible elements, allowing for
the fast creation of different combinations. This method has a parameter named
temperature, that controls the level of randomness. A lower temperature will lead to
more predictable outcomes, while a higher temperature increases diversity. Multi-
nomial sampling can suffer from mode collapse, resulting in the generation of only
a few unique sequences. Beam search on the other hand is a deterministic strat-
egy. In contrast to multinomial sampling, which needs to save the probability of
each possible token, beam search must also save the most probable subsequences.
Beam search always generates unique sequences, but requires more computational
resources [31].

n_smiles =5

— 5 ONCCCEON  w Y

—>  CNCCclcceect \u/\/®

Input Molecule ——> Model —>  CNCCOC(=0) SN
{
— CNCCC(S) AN
o]
—>  CNCCC(=0)0 Ho/k/\u/
-

Figure 2.4: This figure provides an illustrative representation of the sampling process with an
input molecule. For each input molecule being fed into the model, n_ smiles new molecules are
generated.

2.7.1 Mol2Mol

Mol2Mol is one of the generators in REINVENT. It is a transformer-based model
used for molecular optimization, which means that the model can be used to find an
optimized version of a given molecule. The model works based on molecular similari-
ties. Given a restraint molecule and a similarity limit, Mol2Mol will generate similar
molecules within the provided limit. The similarity between the input molecule and
the generated molecule can be controlled, and the scaffold can be modified within
the boundaries of the given similarity [31].
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Methods

In this chapter, the methodology of the project is described. The methodology aims
to find answers to the following research questions:

o Can a transformer model trained with masked modeling techniques generate
counterfactual molecules?

e Can human feedback be integrated into the de novo drug design process to
generate relevant molecular structures?

o How well does the transformer model manage complex substructure replace-
ments when trained with masked modeling techniques?

The steps performed to answer these research questions are detailed in the following
sections.

The machine learning model used in this project is based on the design of REIN-
VENT’s transformer-based Mol2Mol model. The Mol2Mol model is already inte-
grated into the architecture of the REINVENT framework, which has several fea-
tures for testing, evaluation, and reporting. Developing a model based on the same
architecture as the Mol2Mol model made the implementation process efficient while
allowing the utilization of the functionalities provided by the REINVENT frame-
work.

All data used to train the models was retrieved from the publicly available ChEMBL
database. The ChEMBL database is a large-scale chemical and bioactivity database
managed by the European Bioinformatics Institute [32]. It is designed to store
information about bioactive molecules with drug-like properties and consists of 2,4
million public compounds obtained from patents and publications.

3.1 Masked Modeling Setup

A masked modeling approach was used to explore the potential of using a transformer
architecture to generate counterfactual molecules based on chemist feedback. The
training set consisted of source-target pairs where the source is the masked SMILES
and the target is the desired prediction.

The source is created by passing a SMILES string through a masking algorithm (de-
scribed in Section 3.2). This algorithm creates masked versions of SMILES strings,

13
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representing molecules where specific substructures are hidden. The way the source-
target (input/output) pairs were set up is described in Section 3.1.1.

3.1.1 Source-Target Variations

Four distinct source-target variations were proposed, as illustrated in Table 3.1.
These determine how the input (source) and the desired prediction (target) are
structured for the learning process.

Variant Source/Input Target/Output

1 CCC(CO)NC<SOM><MASK><EOM>(CC)CO CCC(CO)NC<SOM>CNC<EOM>(CC)CO
2 CCC(CO)NC<SOM><MASK><EOM>(CC)CO <SOM>CNC<EOM>

3 CCC(CO)NC<MASK>(CC)CO CCC(CO)NCCNC(CC)CO

4 CCC(CO)NC<MASK>(CC)CO CNC

Table 3.1: This table illustrates the four different masking approaches suggested. For each
variant, the input source structure and the corresponding target outputs are displayed. All
variants have a special masking token in the source: <MASK>. Variants 1 and 2 also contain
special <SOM> and <EOM> tokens in both the source and the target, marking the start and
end of the masked sequences. Variants 3 and 4 differ in the target sequence: while variant 3 aims
to generate the full SMILES string, variant 4 only generates the masked parts.

In variants 1 and 2, special tokens (’Start of Mask’ (SOM) and "End of Mask’ (EOM))
indicate the start and end of the masked sections in the source molecule. The masked
part is represented with a MASK token.

In variant 1, the target is the entire SMILES string, with the masked parts, delin-
eated by SOM and EOM tokens. In variant 2, only the masked parts are used as
targets, separated by the SOM and EOM tokens. This approach ensures that the
substructure outside of the mask remains unchanged.

Variants 3 and 4 use no SOM and EOM tokens in the source or the target. In both
variants, a MASK token is used to represent the masked section. In variant 3, the
target is simply the original SMILES string. In variant 4, the target is the masked
part. If there are multiple masked parts, they are separated by a separation token,
’I’, in the target.

3.2 Masking Algorithm

To mask the SMILES strings, the strings are converted into Mol representations in
RDKit. In this format, each atom is assigned a specific index. The initial step in
the masking process is to identify the atoms within the selected substructure using
their indices and then setting their atomic number to 0.

In RDKit, an atomic number of 0 is represented by an asterisk, *, in the SMILES
string, effectively clearing the atomic information. This method can be seen as the
simplest form of masking. However, this approach alone is not sufficient to use for
masking, as explained by the following example.

Consider the molecule shown in Figure 3.1, where the goal is to mask the substruc-
ture made up of the atoms with indices 0 and 1, connected with a double bond.
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Masking only these atoms would output the following SMILES string:
*=*NC(=0)CC(CC)cleccecl.

This approach would restrict the flexibility of what could be generated, as the newly
generated molecule would also need to include a double bond. To make the genera-
tion more flexible, masking atom numbers 0 and 1 should also include the removal
of the connecting double bond.

This issue is addressed in the algorithm by automatically masking all explicit bonds
between any two masked atoms. This was implemented using string operations.
Using the same example as above, it would now be: ***NC(=0)CC(CC)clcccecl.
This adjustment allows the model to generate substructures more flexibly, not con-
strained by the presence of a certain bond between masked atoms

Original SMILES: O=CNC(=0)CC(CC)clcccecl

Only atoms masked: *=*NC(=0)CC(CC)clcccec

Double bond masked: ***NC(=0)CC(CC)clccccct

Figure 3.1: This figure shows a molecule where the substructure made up of the atoms with
indices 0 and 1 should be masked, corresponding to the highlighted part in the figure. Below the
molecule drawing, the SMILES string where only the atoms are masked is shown. The double
bond has also been masked in the SMILES string furthest down.

Handling ring structures is another important part of masking. Consider cases
where chemists want to remove a ring in a molecule, as illustrated in Figure 3.2.
In these cases, it is essential to mask the ring information, represented by digits
in the SMILES string. This again allows the model to be more flexible, making it
possible to either generate a ring or another substructure. Without masking the
ring information, the model would be constrained to generate a ring to produce a
valid molecule. Presented in Figure 3.2 is one example of a SMILES string where
ring information has been included in the mask, and one where the ring information
is still there.

In certain cases, only the ring opening or ring closing should be masked. To illustrate
why this is needed, another example is presented in Figure 3.3. In this example,
three atoms are masked: one outside a ring and two inside it, as indicated by the
"1’ following one of the masked atoms. If masking is performed this way, the model
is required to generate structures before and after the ring opening. However, if
the ring opening is masked, the model only needs to generate strings in one place.
Therefore, it can either generate only one atom and close the ring, or generate other
atoms in front of it. Similar situations can happen with the closing ring information.
So, if a digit follows a masked atom in the SMILES string, it will always be masked.
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Original SMILES: O=C1N=C(O)NC(=0)C1(CC)clcccccl

Only atoms masked: O=C1N=C(O)NC(=0)C1(CC)*1*****1
Ring opening and closing masked: O=C1N=C(O)NC(=0)C1(CC)*x***xkx

Figure 3.2: This figure shows a molecule where the substructure made up of the atoms with
indices 3, 4, 5, 6, 7, and 8 should be masked, corresponding to the highlighted part in the figure.
Below the molecule drawing, the SMILES string where only the atoms are masked is shown. The

ring opening and closing have also been masked in the SMILES string furthest down.

Original SMILES: CN1CCOC(c2ccccc2)c2ccccc2Cl

Only atoms masked: **1*COC(c2ccccc2)c2ccecc2Cl

Ring opening masked: ****COC(c2ccccc2)c2ccccc2Cl

Figure 3.3: This figure shows a molecule where the substructure is made up of the atoms with
indices 0, 1, and 2, corresponding to the highlighted part in the figure. Below the molecule
drawing, the SMILES string where only the atoms are masked is shown. The ring opening has
also been masked in the SMILES string furthest down.

The implementation of the masking algorithm consists of two main parts. Initially,
the molecule is handled as a Mol in RDKit, and the atomic numbers for the selected
atoms are set to zero. The second part of the implementation handles the molecule
in the format of a SMILES string, using string operations to handle ring information,
explicit bonds, and parentheses. Initially, the masked parts of the SMILES strings
are represented by asterisks. FEach sequence of asterisks is then replaced by one
MASK token, as illustrated in Table 3.1.

3.2.1 Reconstructing Molecules

The same molecule can be represented by many different SMILES strings, as demon-
strated in Table 2.1. The masked SMILES string and the original SMILES string
must have the same representation; otherwise, they will not align.

The masking process begins by converting the SMILES string into a Mol representa-
tion using RDKit. In a later stage of the masking, the Mol object must be converted
back to a SMILES string. RDKit outputs a canonical SMILES when converting from
a Mol to SMILES, but this canonical form may be altered when atomic numbers
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are set to zero during masking. Therefore, the SMILES string could change when
converted back from the masked Mol.

To address this issue, a reconstruction algorithm was developed. The purpose of
this algorithm is to take the masked source molecule, fill in the masked parts, and
ensure that the source and target SMILES strings are formatted consistently. This
ensures that the reconstructed molecule matches the format of the masked SMILES.

To illustrate the utility of the reconstruction algorithm, consider the case illustrated
in Figure 3.4. In this example, the goal is to mask the marked substructure. The
original SMILES string is shown at the top of the figure, and below are two masked
versions of the same SMILES string. As seen, the masked SMILES string where
the reconstruction algorithm has not been applied has another representation than
the original SMILES string. However, the SMILES string furthest down has been
passed through the reconstruction algorithm and now has the same representation
as the original SMILES string.

Original SMILES string: CC(=0)Oc1ccccc1C(=0)0
Masked, before applying reconstruction algorithm: O(*(C)**)c1c(C(=0)0)ccccl

Masked, after applying reconstruction algorithm: C*****Qc1ccccc1C(=0)0

(0)

/o
~o
HO

Figure 3.4: This figure shows an example of two versions of the same masked SMILES string.
The same substructure is masked in both strings, however, their representation differs. After
applying the reconstruction algorithm, the masked SMILES string has the same representation as
the original SMILES string.

3.3 Masking Strategies

The selection of which atoms will be masked in a molecule is decided by the masking
strategy. It is important that the masking is diverse, as selecting the masks in a
restricted way could result in a limited model with less applicability and learning
potential. Multiple approaches for selecting which substructures to mask in the data
were developed, described in the following sections. The three masking strategies
are illustrated in Figure 3.5.

3.3.1 Masking Rings and Functional Groups

This masking strategy masked a combination of two types of substructures: rings
and functional groups. Each molecule in the dataset was masked six times, creating
six different source-target pairs.
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Original Molecule
CCOclcc2c(cc10OCCCN)-cle(c(Ne3ceec(C(=0)CC)n3)nn1C)C2

NS0
I
N

Masking Rings or Functional Groups
CCOclcc2c(cc10CCCN)-clc(c(N<MASK>(C(=0)CC)<MASK>)nn1C)C2

NH,

CCOc1c<MASK>c10CCCN)<MASK>(c(Nc3ccec(C(=0)CC)n3)n<MASK>C)C2

NH@H*%N’//J @(J
| g

Masking Random Tokens
CCOc1<MASK>c(cc10CCCN)-clc(c(Nc3ccec(<MASK>C)n3)<MASK>C)C2

I
ﬁ(@\/t@”
N

NH,

NH,

Figure 3.5: This figure shows an example of the different masking strategies presented in 3.3. At
the top of the figure, the original molecule and its SMILES are shown. Below, an example from
each masking strategy is shown, with the highlighted atoms indicating a mask.

Functional groups are parts of molecules that have distinctive chemical properties.
Due to their distinctive properties, functional groups are often targeted for replace-
ment by chemists. The functional groups were identified through an iterative algo-
rithm [33]. An example of a functional group that can be selected as a mask is the

hydroxyl group, as illustrated in Figure 3.6.

Since many functional groups consist of only one or a few atoms, they might limit
the variability of masks. To achieve a broader range of masks, the masking strategy
introduced an element of randomness. This was implemented by including a prob-
abilistic mechanism that, with a specified probability, extended the masks of small
functional groups by adding their neighboring atoms. With this approach, the size

of the masked functional groups was diversified.
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Random rings were also masked, as illustrated in Figure 3.7. Masking only com-
plete rings might restrict the model to generating exclusively ring structures and
no additional substructures when a chemist selects a ring. Therefore, in addition
to masking entire rings, when a ring intersects with a functional group, there is a
probability that both the ring and the functional group are combined into a single
mask. This expanded mask selection is shown in Figure 3.8.

Figure 3.6: This figure shows an example of a molecule where a functional group has been
selected to be masked. The functional group selected has been highlighted in red and consists of
the atoms with index 16 and 17.

2
HO

w

Figure 3.7: This figure shows an example of a molecule where a ring has been selected to be
masked. The ring selected has been highlighted in red and consists of the atoms with indices 18,
19, 20, 21, 25, and 26.

Figure 3.8: This figure shows an example of a molecule where a ring and an intersecting
functional group have been selected to be masked. The mask is highlighted in red and consists of
the atoms with indices 18, 19, 20, 21, 22, 23, 24, 25 and 26.

3.3.2 Masking Random Tokens

The selection of which atoms to mask in this approach was entirely based on the
SMILES representation of the molecule and not on the molecular graph. FEach
SMILES string was masked by inserting one to three MASK symbols in a random
position of the string. Each MASK symbol replaced one to four tokens. It is
important to note that the masked tokens were not necessarily adjacent or connected
in the molecular graph.
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3.3.3 Masking Random Connected Substructures

In this masking strategy, randomly connected substructures were selected to be
masked. Each mask had a randomly selected length, ranging between one and eight
connected atoms. The process started by choosing a random atom in the molecule
as the starting point. From this atom, the mask was expanded by including the
nearest neighboring atoms using a breadth-first search (BFS) approach. In this
approach, all direct neighbors of the starting atom are included before moving on
to their neighbors, ensuring that the mask grows level by level across the molecule.
This expansion continued, adding layers of adjacent atoms until the mask reached
the desired length. Using this method ensured that the masked substructures were
connected in the molecular graph.

3.4 Initial Models

The initial machine learning models developed to generate counterfactual molecules
are described in this section. The development of the first exploratory transformer
model in this project is described in Section 3.4.1.

Four separate machine learning models were developed to investigate how input
data variations impact the model’s performance in generating accurate and unique
molecular structures. The details about these models are described in Section 3.4.2.

3.4.1 Exploratory Model

An exploratory transformer model was developed to assess the potential of using a
transformer-based architecture in the given context. This initial model was trained
on a small dataset to limit the training times. After splitting the dataset into a
training set, a validation set, and a test set, and masking the molecules, the training
set consisted of approximately 5700 data points.

Each molecule in the dataset was masked in six different ways following the masking
strategy allocating four masks for functional groups and two for rings, as described
in Section 3.3. When a molecule lacked four functional groups or two rings, all
available entities of each category were masked.

The source-target variation employed in the data used for training and evaluating
this exploratory model was variant 1 shown in Table 3.1. This variant uses SOM
and EOM tokens both in the source and target sequences.

The model underwent training over 50 epochs with this training set. The model
was saved every third epoch, and the model with the lowest validation loss was used
for sampling. To evaluate the exploratory model, two rounds of experiments were
conducted, with each round consisting of three separate sampling experiments. In
each round, three sampling runs used multinomial sampling, and three sampling runs
used beam search. For each sampling run, the model generated a specified number
of new molecules (n_smiles), specifically 15, 50, and 100, from each molecule in
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the test set. The test dataset comprised approximately 700 unique molecules, each
masked and not previously encountered by the model.

3.4.2 Exploring Source-Target Variations

As mentioned in Section 3.1.1, the SMILES strings can be masked using multiple
syntax variations. The different variants are described in Section 3.1.1 and illus-
trated in Table 3.1. Four unique models were trained, one for each source-target
variation. By training individual models on these variations, the aim was to evaluate
which specific source-target pairing yielded the most accurate and reliable model.

The dataset employed for training the variant models was consistent with that used
for the initial exploratory model, using the same masking strategy. However, it was
uniquely adapted for each model to align with the respective source-target varia-
tion under investigation. Each model was trained for 50 epochs. The models were
saved every third epoch, and the model with the lowest validation loss was used for
sampling.

Three sampling runs were performed for each model to evaluate the four variant
models. The datasets used for sampling were consistent with the ones used to
sample the exploratory model. All sampling runs used beam search. The first
run generated 15 new molecules per input molecule (n_smiles = 15), the second
generated 50 molecules per input molecule (n_smiles = 50), and the third generated
100 molecules per input molecule (n_smiles = 100).

3.5 Masking Configurations

Following the evaluation of source-target variations and the selection of one ap-
proach, further experiments were conducted to explore different masking configura-
tions. During the experiments, one parameter was changed while the others were
fixed to see how they would affect the models’ behavior. An overview of the param-
eters can be seen in Table 3.2.

For these models, larger datasets were used. Their sizes can be seen in Tables 3.3 —
3.8. Each model was trained for 50 epochs. The model was saved every third epoch,
and the model with the lowest validation loss was used for sampling.

Parameter Name Explanation
Masking Strategy The method used to select which parts of the molecule are masked (described in Section 3.3.).

Atoms Masked The number of atoms covered by the mask.

Masking Frequency How many times each molecule is masked.

n_random The number of times each SMILES string is randomized (0 means canonical SMILES is used).
Dataset size The number of unique source-target pairs used to train the model.

Table 3.2: This table summarizes parameters tested in the experiments.

For each model, sampling was performed using beam search. The test set contained
5000 molecules. These molecules had functional groups and rings masked, using the
masking strategy described in Section 3.3.1. For each molecule in the test set, 100
molecules were generated (n_smiles = 100).
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3.5.1 Masking Strategy

The three masking strategies are described in Section 3.3 and illustrated in Figure
3.5. To evaluate the impact of each masking strategy, three models were trained. All
three models were trained using data sets with the same molecules, but the masking
was performed according to each masking strategy.

The first model was trained on data masked by employing the masking strategy
masking rings and functional groups, as described in Section 3.3.1. Each molecule
was masked six times, four being functional groups and two being rings.

The second model was trained on data masked by selecting random tokens in the
SMILES string for each molecule, as described in Section 3.3.2. The third model
was trained on data masked by selecting randomly connected substructures in the
molecule. The strategy is described in Section 3.3.3.

An overview of the different models can be seen in Table 3.3

Model Name Masking Strategy Atoms Masked Masking Frequency n_random Dataset Size
rings functional groups Rings and Functional Groups 1-8 6 0 550 000
random__tokens Random Tokens 1-8 6 0 550 000
random__substructures Random Substructures 1-8 6 0 550 000

Table 3.3: This table describes the models trained to explore the different masking strategies.

Model rings_functional_groups was trained on a dataset prepared with masking rings and

functional groups, random_tokens with masking random tokens, and random_substructures
with masking randomly connected substructures.

3.5.2 Varying Mask Length

These models were trained using data with random substructures masked, utiliz-
ing the masking strategy described in Section 3.3.3. Four datasets were prepared,
varying the number of atoms included in the random substructures being masked.
The molecules in the four datasets had 1-3, 1-8, 1-15, and 1-25 atoms masked
respectively. The details are shown in Table 3.4.

Model Name Masking Strategy Atoms Masked Masking Frequency n_random Dataset Size
1-3 mask length  Random substructures 1-3 6 0 550 000
1-8 mask length Random substructures 1-15 6 0 550 000

6

0 550 000
0 550 000

1-15_mask_length Random substructures 1-15
1-25 mask length Random substructures 1-25

=

Table 3.4: This table describes the models trained to explore the impact of the number of atoms
masked. Model 1-3_mask_length was trained on a dataset with 1-3 atoms masked, model
1-8_mask_length with 1-8, model 1-15_mask_length with 1-15, and model 1-25_mask_length
with 1-25.

3.5.3 Masking Frequency with Fixed Dataset Size

To examine the effects of varying masking frequencies on model performance, three
datasets were constructed, each differing in the number of times each molecule was
masked. As described in Table 3.5, three models were trained, one for each dataset.
The first model was trained on a dataset where each molecule was masked once; the
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second model on a dataset where each molecule was masked ten times; and the third
model on a dataset where each molecule was masked twenty times.

Model Name Masking Strategy Atoms Masked Masking Frequency n_random Dataset Size

1 mask times Random substructures 1-8 1 0 550 000
10_mask times Random substructures 1-8 10 0 550 000
20_mask_times Random substructures 1-8 20 0 550 000

Table 3.5: This table describes the models trained to assess the impact of varying the number of
times each molecule is masked. All models were trained on datasets of approximately the same
size, but each dataset differed by the frequency of molecule masking: 1_mask_times had one
masking per molecule, 10_mask_times had ten maskings per molecule, and 20_mask_times had
twenty maskings per molecule.

3.5.4 Masking Frequency with Varied Dataset Sizes

An additional experiment was conducted to analyze the effect of the masking fre-
quency. In the previous experiment, described in Section 3.5.3, all models were
trained on datasets of the same size. Here, three models were trained on the same
unique set of molecules, and since the masking frequency was changed, the models
with higher masking frequency had larger datasets.

Model Name  Masking Strategy Atoms Masked Masking Frequency n_random Dataset Size

1_mask times Random substructures 1-8 1 0 50 000
10_mask times Random substructures 1-8 10 0 500 000
20 mask times Random substructures 1-8 20 0 1 000 000

Table 3.6: This table describes the models trained to assess the impact of varying the number of
times each molecule is masked. Each dataset differed by the frequency of molecule masking:
1_mask_times had one masking per molecule, 10_mask_times had ten maskings per molecule,
and 20_mask_times had twenty maskings per molecule. As the masking frequency increases, so
does the size of the datasets.
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3.5.5 Randomization of SMILES with Fixed Dataset Size

Given that a single molecule can be represented by multiple SMILES strings, as
demonstrated in Table 2.1, experiments with randomized SMILES strings were con-
ducted to investigate the potential limitations of using only the canonical SMILES
in representing the chemical space.

Four distinct datasets were created to explore this, each using a different number
of randomized SMILES representations. Four corresponding models were trained
using these datasets. Table 3.7 describes the parameters used in the experiments.
The first dataset used canonical SMILES strings only. The second dataset used one
randomized variant for each SMILES string. The third and fourth datasets included
three and six randomized variants per SMILES string. Each dataset consisted of
approximately 550,000 molecules. The data was masked by selecting random con-
nected substructures in the molecule, as described in Section 3.3.3. Between one
and eight connected atoms were randomly selected for masking in each molecule.

Model Name Masking Strategy Atoms Masked Masking Frequency n_random Dataset Size

0_random Random substructures 1-8 3 0 550 000
1 random Random substructures 1-8 3 1 550 000
3 random Random substructures 1-8 3 3 550 000
6 random Random substructures 1-8 3 6 550 000

Table 3.7: This table describes the models trained to explore the impact of using randomized
SMILES strings. Four models were trained: 0_random used a dataset with canonical SMILES
strings only, 1_random with each SMILES string randomized once, 3_random with each SMILES
string randomized three times, and 6_random with each SMILES string randomized six times.

3.5.6 Randomization of SMILES with Varied Dataset Sizes

Further experiments were conducted to investigate the impact of using randomized
SMILES strings. A similar experimental setup to that described in Section 3.5.5 was
employed to determine whether increasing the training set sizes with randomized
SMILES would affect the results. Four models were trained on the same unique set of
167,000 molecules, although the number of randomized SMILES strings variation in
each model’s training set was increased. The models that used multiple randomized
SMILES strings therefore had a larger dataset.

Model Name Masking strategy Atoms Masked Masking Frequency n_random Dataset Size

0 random Random substructures 1-8 3 0 167 000
1_random Random substructures 1-8 3 1 167 000
3 random Random substructures 1-8 3 3 500 000
6 random Random substructures 1-8 3 6 1 000 000

Table 3.8: This table describes the models trained to explore the impact of using randomized
SMILES strings. Each dataset differed by the number of times each SMILES string was
randomized. O_random used a dataset with canonical SMILES strings only, 1_random with each
SMILES string randomized once, 3_random with each SMILES string randomized three times,
and 6_random with each SMILES string randomized six times. As the number of randomizations
increases to 3 and 6, so does the size of the datasets.
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3.6 Case Studies

To further understand and illustrate the behavior of the different models, a series
of case studies was conducted to test the models’ applicability in realistic scenarios.
The case studies focused on a selected set of molecules with different substructures
masked.

Five relevant drug-like molecules were selected, chosen to represent a diverse range
of structures. Each molecule was masked in multiple ways, targeting substructures
such as rings, functional groups, and other features. A total of 21 cases were studied.
The masks in these molecules were selected to replicate typical situations where a
chemist would likely select to modify or replace parts of a molecule.

The sampling process involved generating 100 samples per input molecule. Each
experiment was evaluated based on several metrics, and every set of generated
molecules was also studied. This process helped ensure that the models generated
not only valid molecules but also relevant and interesting ones.
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Results

In this chapter, the results of the experiments and analyses from the project are
presented. The following subsections provide the results and a discussion of their
various aspects.

4.1 Initial Models

In this section, the outcomes of the initial modeling stages are presented. First, the
results of the exploratory model, trained using a smaller dataset of approximately
5700 masked SMILES strings are presented. This model was trained using source-
target 1, described in Table 3.1. Following this, the results from evaluating the
source-target pair variation models are presented.

The models were sampled using beam search, and three different metrics are pre-
sented for these experiments. The ’Valid’ metric highlights the model’s ability to
generate valid molecules by showing what percentage of the generated SMILES are
valid. The second metric, "Unique’, computes the percentage of unique SMILES
generated over all of the molecules in the test set. The third metric, "Valid and
Unique’, shows how many of the molecules are both valid and unique. This metric
is used to interpret the model’s capability of generating valid unique molecules.

The specifics of the results, including observations, are discussed in the following
subsections.

4.1.1 Exploratory Model

The results from the sampling runs conducted to evaluate the exploratory model
are presented in Table 4.1 and Table 4.2. In Table 4.1, the results from the three
sampling runs using multinomial sampling are shown, and in Table 4.2, the results
from the three sampling runs using beam search are presented.

Table 4.1 shows that the percentage of valid SMILES generated is ranging from
47.8% for n_smiles = 15 to 41.1% for n_smiles = 100 when using multinomial
sampling. The percentage of unique SMILES is highest at n_smiles = 15, at 54.5%.
As n_smiles increases to 50, the uniqueness decreases significantly to 39.6%, and
for n_smiles of 100, it slightly improves to 42.9%.
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n_smiles Valid (%) Unique (%) Valid and Unique (%)

15 47.8 54.5 174
50 479 39.6 10.5
100 41.8 42.9 10.5

Table 4.1: This table presents the results of the three multinomial sampling runs on a test set
of approximately 700 molecules using the exploratory model. It presents three distinct sample
sizes (15, 50, and 100) and evaluates them in terms of the percentage of valid SMILES, the
percentage of unique SMILES, and the percentage of valid unique molecules generated by the
exploratory model.

n_smiles Valid (%) Unique (%) Valid and Unique (%)

15 36.6 99.8 36.5
50 31.2 99.8 31.1
100 28.4 99.8 28.3

Table 4.2: This table presents the results of the three beam search sampling runs on a test set
of approximately 700 molecules using the exploratory model. It presents three distinct sample
sizes (15, 50, and 100) and evaluates them in terms of the percentage of valid SMILES, the
percentage of unique SMILES, and the percentage of valid unique molecules generated by the
exploratory model.

The percentage of SMILES that are both valid and unique is highest at n_smiles=15,
with 17.4%. The results indicate that, when using multinomial sampling, the ex-
ploratory model is more effective at producing valid and unique SMILES strings
when generating fewer SMILES per input molecule.

Table 4.2 shows that the percentage of valid molecules is 36.6% when sampling 15
molecules with beam search, but that the validity decreases when more molecules are
sampled. The percentage of unique molecules generated is 99.8% for all sampling
runs using beam search, which is expected since beam search generally generates
unique molecules.

Comparing beam search and multinomial sampling, there are distinct trade-offs.
Beam search consistently generates a higher percentage of unique molecules across
all n_smiles. However, multinomial sampling shows higher validity percentages,
especially at lower n_smiles.

Generating 28.3 % valid and unique molecules when sampling 100 molecules with
beam search is not an outstanding performance. However, given the limited size
of the dataset and the task’s complexity, this outcome indicates that the model is
effectively learning, thereby showing that the method is viable.

4.1.2 Source-Target Variations

Three sampling runs were performed for each model, differing in how many molecules
were sampled for each input molecule. The percentage of valid SMILES and unique
molecules were compared for the models trained on the different source-target vari-
ations. The results are presented in Tables 4.3 — 4.5.

The results from the sampling experiments suggest that the performance metrics
are relatively similar across all variants. Only variant 2 seemed to perform slightly
worse than the other variants in regards to the validity of the generated molecules.
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Variant Valid (%) Unique (%) Valid and Unique (%)

1

2
3
4

36.6
38.6
28.5
42.1

99.8
94.7
89.4
96.5

36.5
35.0
23.5
39.3

Table 4.3: This table presents the results from sampling 15 molecules per input (n_smiles = 15)
on a test set of approximately 5000 molecules, comparing four source-target variants.

Variant Valid (%) Unique (%) Valid and Unique (%)

1

2
3
4

31.2
31.0
25.5
35.2

99.8
94.7
89.5
96.3

31.1
28.9
21.2
33.3

Table 4.4: This table presents the results from sampling 50 molecules per input (n_smiles = 50)
on a test set of approximately 5000 molecules, comparing four source-target variants.

Variant Valid (%) Unique (%) Valid and Unique (%)

1

2
3
4

28.4
27.9
23.9
31.5

99.8
93.9
89.7
95.2

28.3
26.1
20.1
29.6

Table 4.5: This table presents the results from sampling 100 molecules per input (n_smiles =
100) on a test set of approximately 5000 molecules, comparing four source-target variants.

Variant Training time (minutes)

1

2
3
4

86
22
83
21

Table 4.6: This table presents the training times for the four models trained on different
source-target variants.
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However, a distinct difference could be observed in the training duration for the
four different models as seen in Table 4.6. Training times were significantly shorter
for variants 2 and 4, where the task was to generate the masked sequences and not
reconstruct the entire SMILES string, For this reason, a decision was made to move
forward with variant 4, which showed better performance than variant 2.

4.2 Masking Configurations

In this section, the results from the experiments with different masking configu-
rations are presented. Sampling runs were performed on the different models to
explore how varying mask parameters affected the performance.

To evaluate the results of these experiments additional metrics were added to the
already explained metrics. Average Difference in Heavy Atoms compares the number
of heavy atoms in the generated molecule with the original unmasked molecule. A
positive difference in heavy atoms means that the model has expanded the input
molecule and that the generated molecule has more heavy atoms than the input
molecule. A negative difference in heavy atoms means that the model has shrunk
the input molecule by generating a smaller molecule. This difference is then averaged
over all generated molecules to compute the average difference.

The Average Tanimoto Similarity compares the generated molecule with the input
molecule by calculating the Tanimoto similarity between the two molecules. This
measures how similar the generated molecule is to the original molecule. Again, the
results are averaged over all generated molecules.

For some of the experiments, two additional metrics were calculated to look more
specifically at what was being generated. The metric "Ring — Ring" measures how
often a ring was generated when a ring was in the selected substructure. The metric
'"No Ring — Ring" measures how often a ring was generated when a ring was not
part of the masked substructure.

4.2.1 Masking Approach

In Table 4.7, the results from the sampling runs on the three different models de-
scribed in Section 3.5.1 are shown.

Model Valid and Unique (%) Avg. Diff. in Heavy Atoms Avg. Tanimoto Sim.
rings_ functional _groups 70.1 1.6 0.65
random_ tokens 51.4 -0.2 0.64
random_ substructures 82.5 1.5 0.66

Table 4.7: This table presents the results from sampling 100 molecules per input (n_smiles =
100) on a test set of approximately 5000 molecules, comparing three models trained using various
masking approaches, as described in Section 3.5.1.
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Distribution of Validity and Unigueness Percentages

el ﬁ

om@ﬂ@[

Percent Valid Percent Unique

Figure 4.1: This boxplot shows the distribution of the percentage of valid and percentage of
unique molecules generated by the rings_functional_groups model.

The model rings_functional_groups, trained on a dataset masking rings and
functional groups, generates 70.1% valid and unique molecules. The distribution
of the valid and the unique molecules can be seen in Figure 4.1. The difference in
heavy atoms is 1.6, with an Average Tanimoto similarity of 0.65.

Distribution of Validity and Unigueness Percentages

100 | —

Percent Valid Percent Unique

Figure 4.2: This boxplot shows the distribution of the percentage of valid and percentage of
unique molecules generated by the random_tokens model.

The model random_tokens shows a lower performance, with only 51.4% of the gen-
erated molecules being both valid and unique. In Figure 4.2 the distribution of the
valid and the unique molecules generated can be seen in a boxplot. The boxplot
shows that the low valid and unique percentage of this model is mainly caused by the
model generating fewer valid molecules. Interestingly, this model shows a negative
average difference in heavy atoms (-0.2), indicating that it reduces the size of the
generated molecules compared to the original molecule. The Tanimoto similarity on
the other hand is similar to that of the first model, at 0.64.

The third model, random_substructures, has the highest percentage of valid and
unique molecules (82.5%). The boxplot in Figure 4.3 shows the spread of the valid
and unique molecules generated. The boxplot confirms that the random_substructures
model not only has the highest percentage of valid and unique molecules but also
that the entire distribution of valid molecules is shifted upwards compared to the
other models.
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Figure 4.3: This boxplot shows the distribution of the percentage of valid and percentage of
unique molecules generated by the random_substructures model.

The average difference in the number of heavy atoms is 1.6, which is comparable to
the first model, and the Tanimoto similarity of this model, 0.66, is similar to both of
the other models. In summary, the random_substructures model has the highest
performance, whereas the random_tokens model shows significantly lower results.

4.2.2 Mask Length

In Table 4.8, the results for the experiments with models trained on varying mask
lengths are presented. The experiment setup is described in Section 3.5.2.

Model Valid and Unique Avg. Diff. in Heavy Atoms Avg. Tanimoto Sim. Ring — Ring No Ring — Ring
1-3_mask length  44.8% -0.89 0.66 % 0.8%
1-8_mask length  84.3% 1.62 0.66 1% 12%
1-15_mask_length 88.1% 3.00 0.66 83% 23%
1-25 mask length 87.3% 3.38 0.65 84% 26%

Table 4.8: This table presents the results from sampling 100 molecules per input (n_smiles =
100) on a test set of approximately 5000 molecules, comparing three models trained using various
lengths of masks, as described in Section 3.5.2.

It is clear from the table that the model using the shortest mask length,
1-3_mask_length, generated significantly lower percentages of valid and unique
molecules, compared to the other models. Beam search generally generates a high
rate of unique molecules, so the low number suggests that masking shorter sequences
may not provide enough variability or complexity to generate valid molecules.

The models trained on longer masked sequences performed better in this aspect.
Notably, the model 1-15_mask_length performed best, generating 88.1% valid and
unique molecules. Longer masks seem to encourage the generation of valid and
unique molecules, likely due to introducing more varied and complex features in the
training phase.

The results also indicate a correlation between the average difference in heavy atoms
and mask length. The model trained on the longest masks expands the molecules
the most, with on average 3.38 heavy atoms, while the model trained on the shortest
mask tends to decrease the size of the molecules. The average Tanimoto similarity
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between the source and the generated molecules is nearly identical for all of the four
models, at around 0.65.

The metrics "Ring — Ring” and "No Ring — Ring”, show how the model performs
for ring transformations. As mask length increases, the models tend to maintain or
introduce ring structures more often. For example, the 1-25_mask_length model
shows the highest percentage of transformation from non-ring to ring structures
(26%) and also preserves rings with the highest frequency (84%).

On the other hand, model 1-3_mask_length introduces new rings less often, with
only 0.8% of molecules without rings gaining new ring structures. This isn’t surpris-
ing, as masking only 1-3 atoms will not include the masking of any ring structures.
Models 1-8_mask_length and 1-15_mask_length demonstrate a considerable in-
crease in the percentage of rings generated.

4.2.3 Mask Frequency per Molecule with Fixed Dataset Size

The results of the experiments with models trained on varying mask frequencies per
molecule are presented in Table 4.9. The experiment setup is described in Section
3.5.3.

Model Valid and Unique Avg. Diff. in Heavy Atoms Avg. Tanimoto Sim. Ring — Ring No Ring — Ring Dataset size
1_mask times 82.0% 1.53 0.66 67.6% 11.6% 550 000
10_mask times 82.1% 1.58 0.67 67.9% 10.9% 550 000
20 mask times 82.3% 1.48 0.67 67.7% 11.2% 550 000

Table 4.9: This table presents the results from sampling 100 molecules per input (n_smiles =
100) on a test set of approximately 5000 molecules, comparing three models trained using various
mask frequencies per molecule with a fixed dataset size across all models, as described in Section

3.5.3.

These results indicate a strong similarity across all three models in terms of their
ability to produce valid and unique molecules, as well as in their average Tanimoto
similarity scores. Specifically, the models 1 mask times, 10 mask times, and
20 _mask times all generated a nearly identical percentage of valid and unique
molecules, at around 82%. This similarity suggests that the frequency of masking
per molecule does not significantly influence the overall validity and uniqueness of
the generated molecules.

The average Tanimoto similarity scores are also very similar across the models, being
between 0.66 and 0.67. This implies that increasing the number of times each
molecule is masked does not largely affect the similarity to the reference molecules.
The average difference in heavy atom weight is also similar among the models.

The percentage of generated molecules that maintain ring structures (Ring — Ring)
is consistent across the models, at around 67-68%. The metric measuring if rings
were generated when the masked substructure wasn’t a ring (No Ring — Ring), is
also similar for all models.

In summary, these results imply that the number of times a molecule is masked dur-
ing training does not drastically influence the model’s performance in these metrics.
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4.2.4 Mask Frequency per Molecule with Varied Dataset
Sizes

In Table 4.10, the results of the experiments with models trained on different mask
frequencies per molecule with varied dataset sizes are presented. The experiment
setup is described in Section 3.5.4.

The results show that the 20 _mask times was able to generate the most valid and
unique molecules with 88.7%. The 10 mask times model performs very similar
to the 20 mask times, while the 1 _mask times model performs noticeably worse
with 69.0% valid and unique molecules generated. This indicates that expanding
the dataset by masking the same molecule multiple times could be a useful strat-
egy, however, when the dataset size is large, the mask frequency will not make a
significant difference.

The average Tanimoto similarity and the average difference in heavy atoms are
similar across the three models, the only distinguishable difference being that the
1 _mask times had a slightly smaller average difference in heavy atoms than the
other two models. Interestingly, it can be seen in the ring metrics that the models
that had higher mask frequency were more likely to generate rings. A potential
explanation for this could be that the masking strategy has a bias towards masking
rings, and expanding the dataset could also lead to increasing the bias.

4.2.5 Randomized SMILES with Fixed Dataset Size

Table 4.11 shows the results from sampling runs on the models trained with different
numbers of randomized SMILES strings per molecule. The experiment setup is
described in Section 3.5.5.

The data shows that all models trained with randomized SMILES strings have a
high performance in generating valid and unique molecules, with percentages rang-
ing from 89.7% to 91.8%. The model trained with one randomization has the highest
percentage of valid and unique molecules, at 91.8%. The model with no random-
ization (only canonical SMILES) has a slightly lower performance in this metric, at

89.7%.

Regarding the average difference in heavy atoms, there is a noticeable increase for the
model trained with 6 randomizations. This could suggest that more randomization
leads to greater structural diversity in the generated molecules.

Model Valid and Unique Avg. Diff. in Heavy Atoms Avg. Tanimoto Sim. Ring — Ring No Ring — Ring Dataset size
1_mask times 69.0% 2.49 0.64 61.5% 14.0% 50 000
10_mask_times 88.0% 3.09 0.66 82.7% 21.3% 500 000
20_mask_times 88.7% 3.08 0.66 84.6% 24.5% 1 000 000

Table 4.10: This table presents the results from sampling 100 molecules per input (n_smiles =
100) on a test set of approximately 5000 molecules, comparing three models trained using various
mask frequencies per molecule but with a varied dataset size across the models, as described in
Section 3.5.3.
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Model Valid and Unique Avg. Diff. in Heavy Atoms Avg. Tanimoto Sim. Ring — Ring No Ring — Ring Dataset size
0_randomizations 89.7% 2.25 0.67 83.4% 22.8% 550 000
1_randomization  91.8% 2.39 0.67 79.3% 14.2% 550 000
3_randomizations  90.7% 2.29 0.67 78.2% 14.7% 550 000
6_randomizations 89.8% 3.22 0.67 78.5% 12.7% 550 000

Table 4.11: This table presents the results from experiments sampling 100 molecules per input
(n_smiles = 100) on a test set of approximately 5000 molecules, comparing four models trained
using different numbers of randomized SMILES strings per molecule, as described in Section
3.5.5.

On the other hand, the average Tanimoto similarity Tanimoto similarity for all
models is consistent at 0.67. This suggests that while the structural details of
the molecules vary, the overall similarity between the generated molecule and the
input molecule remains relatively stable. The models maintain a certain level of
resemblance to the reference molecules, regardless of the randomization degree.

The percentage of generated molecules that maintain ring structures (Ring — Ring)
is relatively consistent for all models. However, in those cases where rings weren’t
masked but still generated (No Ring — Ring), a larger variation between the models
is observed. Specifically, the model using only canonical SMILES (0_randomiza-~
tions) has a higher percentage of rings generated in cases where other substructures
were masked (22.8%).

4.2.6 Randomized SMILES with Varied Dataset Sizes

Table 4.12 shows the results from sampling runs on the models trained with different
numbers of randomized SMILES strings using varied dataset sizes.

Model Valid and Unique Avg. Diff. in Heavy Atoms Avg. Tanimoto Sim. Ring — Ring No Ring — Ring Dataset size
0_randomizations 81.4% 2.68 0.66 77.4% 18.6% 167 000
1_randomization  85.9% 2.08 0.67 72.1% 11.0% 167 000

3 randomizations 90.5% 2.33 0.67 78.7% 14.2% 500 000

6_ randomizations 91.7% 2.44 0.67 80.9% 15.6% 1 000 000

Table 4.12: This table presents the results from experiments sampling 100 molecules per input
(n_smiles = 100) on a test set of approximately 5000 molecules, comparing four models trained
using different numbers of randomized SMILES strings per molecule with varied dataset sizes, as

described in Section 3.5.6.

In the results, it can be seen that the percentage of valid and unique molecules
increases when the number of random SMILES strings and dataset size increases.
The model trained on 1,000,000 datapoints using 6 random SMILES strings for each
molecule has the highest valid and unique molecules with 91.7%, while the model
trained on only canonical SMILES has the lowest percentage. The difference in
valid and unique molecules generated is significantly less between the 6 randomiza-
tion model and 3 randomization model than for example the 0 randomization and
1_randomization model. This indicates that randomization might be useful until a
certain point, but using many random SMILES strings will not make a significant
difference.

The results also suggest that randomization does not make a big difference in the av-
erage difference in heavy atoms or the average Tanimoto similarity. The percentage
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of rings generated increases slightly when the dataset increases for the models us-
ing randomized SMILES strings. Notably, the model trained on canonical SMILES
seems to generate more rings than the other models, especially compared to the
1 randomization model which is trained on a dataset of the same size.

4.3 Case Studies

In this section, three examples from the case study are presented. The model used
to generate these molecules was 1-15_mask_length (described in Section 3.5.2), as
it showed good performance.

4.3.1 Case A

In Figure 4.4, one of the molecules in the case study is presented, with the masked
atoms marked in red. The corresponding SMILES string without the mask is shown
at the top of the figure, and the masked SMILES string is displayed at the bottom.
In this case study the selected substructure to replace is a functional group consisting
of 2 nitrogen atoms and a carbon atom.

SMILES: CCN(Cclcc[n+](C)cc1)C(=0)clcc2ecececcc2niCelccec(C(=N)N)c1

/T

Masked SMILES: CCN(Cclcc[n+](C)cc1)C(=0)clec2eccece2niCelecec(<MASK>)cl

Figure 4.4: This figure shows a molecule that was a part of the conducted case study. The
original SMILES string is shown above the image of the molecule. Below the image is the masked
SMILES string, corresponding to the marked part in the molecular structure.

In Figures 4.5-4.7, three molecules generated from the masked SMILES string are
presented. In the generated molecule in Figure 4.5, the model has decorated the
molecule by slightly extending the chain and adding a ring at the end of it. In the
second example seen in Figure 4.6 the masked atoms were replaced by a functional
group centered around a sulfur atom.

The third example shown in Figure 4.7 highlights an example of a slightly larger
replacement generated by the model. This chain-like replacement is nine atoms long.
These three examples of the generated counterfactuals showcase the model’s ability
to generate diverse extensions to a molecule while keeping the original substructure
intact.
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SMILES: CCN(Cclcc[n+](C)cc1)C(=0)clcc2eceee2n1Celccec(0OCc2eccee2)cl

Figure 4.5: This figure shows a molecule generated from the masked SMILES in Figure 4.4.

/"
[0}
SMILES: CCN(Cclcc[n+](C)cc1)C(=0)clcc2cccce2niCelcecc(NS(C) (=0)=0)c1

Figure 4.6: This figure shows a molecule generated from the masked SMILES in Figure 4.4.

SMILES: CCN(Cclcc[n+](C)ec1)C(=0)clcc2ecccee2niCeleccc(0CC(0)CNC(C)C)et

Figure 4.7: This figure shows a molecule generated from the masked SMILES in Figure 4.4.

37



4. Results

4.3.2 Case B

Figure 4.8 shows another molecule from the case study. The masked substructure
is marked in red. In this case, a linker consisting of 3 atoms has been masked. The
figure includes the original SMILES string above and the masked SMILES string
below the molecule.

SMILES: Nclccc(F)ec1C(=0)NCCCCN1CCN(c2nsc3ccecc23)CCl

Olan

Masked SMILES: Nc1ccc(F)cc1C(=0)N<MASK>CN1CCN(c2nsc3cceccc23)CC1

Figure 4.8: This figure shows a molecule that was a part of the conducted case study. The
original SMILES string is shown above the image of the molecule. Below the image is the masked
SMILES string, corresponding to the marked part in the molecular structure.

Three molecules generated from this masked input are presented in Figures 4.9-
4.11. The first example shown in Figure 4.9 highlights the model’s ability to grow
the linker. In the original molecule, the selected linker was 3 atoms long but in the
generated molecule, the model generated a longer linker consisting of 8 atoms. In
the second example, illustrated in Figure 4.10, the model demonstrates its diverse
capabilities by linking the two fragments through the generation of a ring. The final
molecule which was generated for this case can be seen in Figure 4.11. The molecule
in Figure 4.11 is similar to the first example where the model generated a linking
chain, but in this case, the model also decorated the linker.

SMILES: Nclccc(F)ec1C(=0)NCCCCCCCCCNICCN(c2nsc3ccccc23)CCl

Figure 4.9: This figure shows a molecule generated from the masked SMILES in Figure 4.8.

HN NH N N:
: O//%:{\_/ .

SMILES: Nclcee(F)cc1C(=0)Nelecee(Cl)ec1CNICCN(c2nsc3ccccc23)CCl

Figure 4.10: This figure shows a molecule generated from the masked SMILES in Figure 4.8.
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SMILES: Nclcec(F)cc1C(=0)NCC(=0)NCCN1CCN(c2nsc3cccecc23)CCl

Figure 4.11: This figure shows a molecule generated from the masked SMILES in Figure 4.8.

4.3.3 Case C

A third molecule from the case study is displayed in Figure 4.12, with the red
marking showing the masked substructure. The original SMILES string is provided
at the top of the figure, while the masked version is given at the bottom. Three
atoms are masked, and as seen in the figure, the masked substructure results in one
mask token in the SMILES string. This means that the model will generate in one
place. The masking of this substructure breaks a ring, which can be seen as a more
complex case than the two previous examples.

SMILES: COcl1cc(N2CCN(C(=0)Cn3nc(-c4ncc[nH]4)c4ccenc34)CC2)ceclCl

{ o
VARV =
AR

Masked SMILES: COc1cc(N2CCN(C(=0)C<MASK>(-c4ncc[nH]4)c4ccenc34)CC2)ccciCl

Figure 4.12: This figure shows a molecule that was a part of the conducted case study. The
original SMILES string is shown above the image of the molecule. Below the image is the masked
SMILES string, corresponding to the marked part in the molecular structure.

Figures 4.13-4.15 show three molecules generated from this masked SMILES string.
As shown in the figures, all three generated molecules include ring structures. This
is due to the syntax of the SMILES string. As the ring opening is masked but not
the ring closing, a ring must be generated to produce a valid molecule. However, the
model also generates structures branching from the ring as shown in Figures 4.13
and 4.14. The sizes of the generated rings also vary among the molecules.

SMILES: COc1cc(N2CCN(C(=0)CCe3c(C(N)=0)n(-c4ncc[nH]4)c4cecenc34)CC2)ccclCl

Figure 4.13: This figure shows a molecule generated from the masked SMILES in Figure 4.12.
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SMILES: COc1cc(N2CCN(C(=0)Cn3c(-c4ccc(Cl)ccaCl)c(-c4ncc[nH]4)c4ccenc34)CC2)ceclCl

Figure 4.14: This figure shows a molecule generated from the masked SMILES in Figure 4.12.

o/ N -
W
@Q{&J

SMILES: COc1cc(N2CCN(C(=0)Ce3ccc(-c4nce[nH]4)cdceecnc34)CC2)ceclCl

Figure 4.15: This figure shows a molecule generated from the masked SMILES in Figure 4.12.
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Conclusion

This chapter concludes the thesis by discussing and summarizing the key findings
from this project. The following sections discuss various strategies and parameters
used in the experiments. The chapter also brings up the limitations of this study
and potential directions for future work. It ends with a conclusive summary that
links the results back to the research questions.

5.1 Discussion

This section discusses some of the methodological approaches and experimental se-
tups used in the project. It also provides an analysis of the results, focusing on
specific aspects of the experiments such as generation bias, mask length, masking
strategies, mask frequency, and the use of randomized SMILES strings.

5.1.1 Masking Algorithm

The masking algorithm was specifically developed to meet the requirements of this
project but holds potential for use in further research as well. While no experiments
were conducted to systematically investigate the masking algorithm, it is important
to note that its numerous design choices and details can significantly influence the
model’s performance. The algorithm could be modified to either be strict or allow
for a more flexible generation, depending on the desired model behavior when rings,
parts of rings, or branches are masked.

5.1.2 Tanimoto Similarity as Metric

The results showed that the Average Tanimoto Similarity between the generated
molecules and the original molecules was very similar for all models. This similarity
can be explained by the generation being substructure-constrained, meaning that
large portions of the molecule are designed to remain unchanged. Tanimoto simi-
larity evaluates the complete molecule similarity. This means that large molecules
with small masks will always have a larger similarity. Given this aspect, the metric
might not fully capture the diversity or novelty of the generated structures.

Another interesting metric considered was the Tanimoto similarity among the gen-
erated molecules themselves. However, because this similarity measure requires
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pairwise comparisons, the computations were too time-consuming to be feasible.
Even though it was not possible in this case, the metric could have given additional
insights.

5.1.3 Generation Bias

One of the largest problems the developed model is facing is the bias in generating
the replacements. If the original masked part is a non-ring structure, the model is
much more likely to generate a non-ring replacement. The same applies in reverse,
meaning that if a ring is selected only a few structures will be generated that do not
contain a ring at that position. This suggests that the models are learning specific
properties from the SMILES string that make them inclined to generate structures
that are similar to the masked structures. The behavior indicates that the models
are interpreting information encoded in the non-masked parts of the SMILES strings
which reveal if the molecule contains a ring or not.

The observed bias has implications for the use case of the model. If, for example,
the model 1-25_mask_length is used, and a ring is selected to be replaced, there
is a higher likelihood that the replacement structure will also be a ring. This bias
could limit the model’s exploratory capacity, as it is more prone to replicate familiar
structures.

However, this bias also indicates that the models are learning to capture the molec-
ular structure better as the mask length increases. This capability likely makes the
model more able to generate valid molecules. As the mask length increases, the
model appears to improve in generating valid and unique molecules.

Understanding the exact reason for the bias is challenging, as there are likely multiple
factors contributing to the bias in generating rings A possible cause of the bias could
be the ordering of ring information in the SMILES strings. The rings in SMILES
strings are denoted by digits that indicate ring openings and closings. These digits
are indexed starting from 1 in increasing order, and the model will likely learn this
ordering. For example, consider a molecule with two rings indexed as 1 and 2. If the
first ring is masked, the model will likely generate a new ring, since the ring with
index 2 should not exist without a ring with index 1. To determine whether this
sequential ordering contributes to the ring bias, it would be interesting to experiment
by either completely randomizing the indices in the ring information or modifying
the indices to ensure there are no gaps between them.

Managing this bias is important for specializing the models to suit specific goals
and use cases. Depending on whether the goal is to increase reliability in generating
known structures, or to focus on generating novel molecules, one might use differ-
ent masking strategies. Finding a way to make the models unbiased in what they
generate can be of significance for the future of these models.
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5.1.4 Mask Length

The results show that the mask lengths have an impact on how the model performs.
The 1-3_mask_length model performs poorly, most likely because the masks are
too short, and because of that are never able to capture rings or longer chains. This
means that the model does not learn the concept of rings, and thereby performs
poorly on the test set. The models containing longer masks all perform significantly
better.

The results from the average difference in heavy atoms show that the mask length
is important for how the model behaves and what it generates. Masking longer se-
quences leads to the model generating larger molecules. However, this seems to only
hold up to a certain point. The model trained on masks of size 1-15 and the model
trained on masks of size 1-25 has a similar difference in heavy atoms. A potential
cause for this could be that the dataset contains molecules that consist of less than
25 atoms. Therefore, the distribution of the mask lengths in the 1-25_mask _length
model is not entirely uniform but rather shifted slightly towards the lower mask
lengths.

An interesting aspect that has not been analyzed is the selection method for the
randomly connected substructures that are masked in these experiments. The masks
were chosen using a breadth-first search (BFS) approach, as explained in Section
3.3.3. An alternative method could be to select the masks using a depth-first search
(DFS) approach instead. This would allow the atoms to be explored along one path
in the molecule as far as possible before backtracking to explore a new path.

It could be interesting to investigate the impact that the way the masks are selected
has on the generated molecules. Switching from a BFS to a DF'S method for selecting
masks in molecular experiments could significantly alter the structure of the masked
substructures. It seems probable that the BF'S method would mask rings more often
than the DFS method, as BFS examines the molecules level by level, while DFS
prioritizes depth.

The use of breadth-first search (BFS) to mask random components might explain
why the models currently so often tend to generate rings. Since the masks affect
what kind of structures the model generates, it is important to have a wide variety
of structures masked to get a fair model. It would be interesting to explore whether
using DF'S leads to different outcomes and to consider combining DFS with BFS to
potentially achieve a broader variety of masks.

5.1.5 Masking Strategy

Functional groups and rings are likely to be selected for replacement by chemists.
This was the reason for trying to mask functional groups and rings specifically since
that is what the model will need to learn to replace.

However, after trying randomized masking it was observed that randomized masking
performed better than masking functional groups and rings in regards to validity
and uniqueness. Masking random connected substructures leads to the model seeing
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more diverse chemical structures and patterns than if only functional groups and
rings were masked. It gives the model a better understanding of the molecules and
the SMILES syntax which could explain the improved performance.

Masking functional groups specifically will on the other hand lead to the model seeing
more functional groups, which could result in more unique and rare replacements.
It could lead to the model having a better understanding of the different functional
groups. While random masking will give the model a better understanding of the
molecules, many of the masks will not be functional groups, which could lead to the
model never seeing rare functional groups. Further experiments and analysis are
needed to draw a conclusion on what strategy is best for different use cases, but a
good compromise might be to use a mix of both approaches.

5.1.6 Mask Frequency

In the mask frequency experiments where the models were trained on a fixed dataset
size, there was no significant difference in the performance of the models. This
indicates that the mask frequency has no impact on the model performance and
that if there is enough training data there is no gain in masking each molecule
multiple times. In fact, it is probably better for the model to be trained on a larger
set of unique molecules rather than having a higher masking frequency since the
model will see more diverse cases and therefore learn a larger chemical space.

In the results presented in Table 4.10 where the models were trained with a varied
dataset size the difference in performance between the models was larger. There
was a clear difference between the 1__mask times model and the better-performing
10_mask times model. This shows that using a higher masking frequency is a good
option when there is limited data to achieve better performance of the model. But
as seen in Section 4.2.4 when the dataset becomes large the mask frequency will
not make a noticeable difference. In this project the model was trained on drug-like
molecules which have a lot of publicly available data, however, if a model would be
trained on something more restricted, using a higher masking frequency is a useful
solution.

5.1.7 Randomized SMILES

The use of randomized SMILES strings was initially tested to see if the model’s
generation bias would improve since canonical SMILES could be limiting and might
be a cause of the bias. However, the models trained on varying numbers of random-
ized SMILES had the same sort of bias as the model trained on canonical SMILES.
In these experiments, the different randomized version of the same SMILES string
was simply included in the training set from the beginning. Another interesting
experiment would be to provide the model with a different randomized version of
the same SMILES string every epoch to see if this would affect the generation bias.

Models with randomized SMILES strings were also trained without restricting the
dataset size. From the results in 4.2.6 it is clear that randomization is a good strat-
egy to use to expand the dataset. Several models trained on randomized SMILES
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have a valid & unique percentage of over 90%, which is better than what has been
achieved during any other masking configurations. For example, the 6_randomiza-
tions model achieved 91.7% unique & valid molecules generated. The best model
from the other masking configuration experiments achieved 88.1%, though many
performed noticeably worse. This suggests that randomization benefits the models’
performance.

5.2 Future Work

The results were evaluated using several metrics that helped understand the diversity
of the molecules created and how well the models could generate valid molecules.
However, the metrics might not cover every important aspect of potential drug-like
molecules. Other important factors could be how the body absorbs and processes
these molecules, or how easy they are to make. Future studies could look at other
metrics that consider these aspects, as they would make these evaluations more
useful for drug development.

It would also be possible to explore other metrics. For example, to evaluate the
novelty of the generated molecules, it would be possible to look at function groups
generated that were not in the training set.

The thesis also presents multiple ways to augment data, leading to possibilities to
extend the training data. However, due to limitations in the time available for
training, this study could not utilize datasets of larger size. Future research should
consider extending the training duration and using more expansive datasets to en-
hance model performance and generalizability. Also, there is potential to explore
various parameters in greater detail and extend the experiments to combine different
strategies of masking.

Investigating the explainability of the models used is also important, as it could
provide deeper insights into the decision-making processes of these models. These
insights could be used both to understand the models’ performance better and to
help understand how they make predictions.

Lastly, it could be interesting to try different approaches to generate counterfactual
molecules. Working with SMILES strings has proven to be complex. The mapping
from a graph structure (a mol object) to a one-dimensional text representation is an
intricate and difficult process comprising many steps. Handling the text representa-
tion requires advanced string manipulation and consideration of many complicated
cases. One suggestion is therefore to try graph neural networks, as the molecules
can be represented as graphs.
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5.3 Conclusion

In conclusion, this thesis has shown that masked modeling for generating counter-
factual molecular structures through the use of a transformer-based architecture has
merit. However, in its current state, its biased generation hinders its utility. Ac-
cording to the results, specific masking strategies influence the generated molecules’
properties. This demonstrates the importance of mask selection in this application.

This work shows the potential of applying masked learning to molecular generation
and optimization. Generating substructure-constrained molecules by incorporating
human feedback in the molecular design process shows promise in producing more
relevant molecules.

The thesis also discusses some of the difficulties with the method and presents strate-
gies and parameters to explore and optimize further. Expanding on the ideas pre-
sented in this report could encourage more efficient drug discovery processes, con-
tributing to faster developments of pharmaceutical treatments. The insights gained
from this study will hopefully inspire continued innovation and exploration in the
field, driving forward the capabilities of Al in molecular design.
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