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Abstract
This thesis explores the integration of contrastive learning into REINVENT, As-
traZeneca’s in-house generative model for molecular design, with the aim of improv-
ing the model’s understanding of chemical equivalence between different SMILES
representations of the same compound. To this end, a contrastive learning frame-
work was developed, incorporating SMILES-based data augmentation techniques
such as enumeration and subgraphing.

The framework was evaluated on three datasets: a proprietary baseline derived from
ChEMBL35, and the publicly available MOSES and GuacaMol datasets. To assess
the impact of architectural design on performance, multiple model architectures
were investigated, including a newly introduced intermediate architecture.

Results indicate that the intermediate architecture consistently achieves higher va-
lidity across all datasets, but tends to reduce novelty. Furthermore, using multiple
augmentation strategies improved the model’s ability to generate chemically diverse
and novel compounds, as measured by metrics such as novelty and Fréchet ChemNet
Distance (FCD). These findings suggest that contrastive learning can offer measur-
able benefits in de novo molecule generation, although its effectiveness may depend
heavily on architecture and dataset-specific tuning.

Keywords: Artificial Intelligence, AI, Deep Learning, DL, Machine Learning, Com-
puter Science, Computer Engineering, Contrastive learning, Self-supervised learning,
Representation learning, Data augmentation, Embeddings, Latent space, Generative
models, Recurrent neural networks, RNN, Long Short-Term Memory, LSTM, Neural
architecture design, Hyperparameter tuning, Transfer learning, Reinforcement learn-
ing, NT-Xent loss, Negative log-likelihood, Benchmarking, PCA, T-SNE, UMAP,
Drug discovery, De novo molecular generation, In silico screening, Molecular de-
sign, Molecular representations, Molecular fingerprints, SMILES, SMILES enumera-
tion, SMILES randomization, Subgraph sampling, Canonicalization, Chemical space,
Physicochemical properties, Tanimoto similarity, Fréchet ChemNet Distance, FCD,
Synthetic accessibility, SA, Quantitative Estimate of Drug-likeness, QED, Stereoiso-
mers, Stereochemistry, Stereocenters, Tautomerism, Validity, Novelty, Diversity, In-
ternal diversity, IntDiv, ChEMBL35, MOSES benchmark, GuacaMol benchmark,
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Abbreviations & Keywords
AI - Artificial Intelligence

BLAS - Basic Linear Algebra Subprograms

BPTT - Backpropagation Through Time

CL - Contrastive Learning

CNN - Convolutional Neural Network

CPU - Central Processing Unit

FCD - Fréchet ChemNet Distance (metric comparing distributions of molecular
representations)

GPU - Graphics Processing Unit

GuacaMol - Benchmarking suite for de novo molecular generation based on goal-
directed tasks

logP/slogP - Logarithm of the partition coefficient between octanol and water
(slogP = simulated logP)

LSTM - Long Short-Term Memory

MOSES - Molecular Sets (benchmarking platform for generative models of molecules)

MW - Molecular Weight

NLL - Negative Log Likelihood

NLP - Natural Language Processing

NT-Xent - Normalized Temperature-scaled Cross Entropy (loss function used in
contrastive learning)

PCA - Principal Component Analysis

QED - Quantitative Estimate of Drug-likeness

RL - Reinforcement Learning

RNN - Recurrent Neural Network

SA - Synthetic Accessibility

SGD - Stochastic Gradient Descent

SMILES - Simplified Molecular Input Line Entry System

TL - Transfer Learning

T-SNE - T-distributed Stochastic Neighbor Embedding

TPSA - Topological Polar Surface Area

U-MAP - Uniform Manifold Approximation and Projection
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Canonicalization - The process of converting multiple valid SMILES strings of the
same molecule into a unique, standardized form. For example, both C(C)O and
CCO are valid for ethanol, but canonicalization ensures only one is used.

Chemical Space - A vast multidimensional set that encompasses possible chemical
compounds, often visualized in 2D or 3D plots.

Contrastive Learning - A machine learning technique that trains a model to rec-
ognize similar and dissimilar data by comparing augmented views. For exam-
ple, two enumerated SMILES of the same molecule should be close in embed-
ding space.

Data Augmentation - A method of synthetically expanding the dataset by alter-
ing inputs without changing their meaning. In this work, SMILES enumera-
tion or graph-based subgraphing generates new, equivalent molecular views.

De-novo - A Latin term meaning "from the beginning," used in chemistry and
computational biology to describe the generation or synthesis of entities from
scratch rather than modification. In this thesis, de novo molecular gener-
ation refers to the creation of entirely new chemical structures by generative
models such as REINVENT, without relying on predefined templates or sub-
structures. For example, given only the rules of valid SMILES syntax and a
target property, a model might generate a molecule not found in any existing
chemical database.

Embedding - A learned numerical representation of input data in a lower-dimensional
space. In this project, SMILES strings are transformed into embeddings used
for training with contrastive loss.

Fingerprints - A binary vector that encodes structural features of a molecule. Each
bit represents the presence or absence of a particular substructure. For exam-
ple, fingerprints are used to compute Tanimoto similarity between molecules.

Generative Model - A model that learns the underlying distribution of a dataset
to generate new, similar samples. In this thesis, an RNN generates novel
SMILES strings representing chemically valid molecules.

Latent Space - A compressed, continuous vector space where similar inputs are
mapped close together. For instance, contrastive learning embeds different
SMILES of the same molecule nearby in latent space.

Novel molecule - Previously unsynthesized chemical compounds with unique prop-
erties, in our case – a generated molecule not present in dataset.

Physicochemical properties - Quantifiable molecular attributes used to evaluate
compounds, such as molecular weight, logP, hydrogen bond donors/acceptors,
and polar surface area. For example, logP reflects a molecule’s hydrophobicity
and is essential in drug-likeness assessment.

REINVENT - AstraZenecas in-house generative model for de novo molecular de-
sign.
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SMILES - Simplified Molecular Input Line Entry System: A textual representation
of molecular structure. For instance, the SMILES string for ethanol is CCO,
representing a chain of carbon-carbon-oxygen atoms.

Stereocenters - Atoms, typically carbon, bonded to four different groups such that
swapping any two groups yields a new stereoisomer. For instance, the carbon
in lactic acid (CH3-CH(OH)-COOH) is a stereocenter due to its four distinct
substituents.

Stereoisomers - Molecules that share the same molecular formula and connectivity
but differ in the three-dimensional spatial arrangement of their atoms. This
difference can lead to distinct physical and chemical properties even though
the atoms are bonded in the same order. An example of stereoisomerism is
the cis-trans isomerism in 2-butene:

CH3 CH CH CH3 (2-butene)

CH3

CH CH
CH3

CH3

CH CH

CH3

The left structure represents the "cis" form where both methyl (CH3) groups
are on the same side of the double bond, while the right structure represents
the "trans" form where the methyl groups are on opposite sides.

Tanimoto Similarity - A metric for comparing molecular fingerprints, defined as
the size of the intersection divided by the size of the union of two sets. For
example, two molecules with similar substructures will have a Tanimoto score
close to 1.

Tautomerism - A chemical phenomenon where molecules with the same overall
formula can shift certain atoms, such as hydrogen, to different positions within
the molecule while maintaining the main structure. Specifically, acetone can
tautomerize to its enol form, isopropenol:

CH3 C

CH3

O
Acetone

(Keto Form)

CH3 C

CH3

OH
Propen-2-ol
(Enol Form)

xi



xii



Contents

List of Figures xvii

List of Tables xxi

1 Introduction 1
1.1 What’s Already Been Built . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Contrastive Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.3 Thesis Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

2 Theory 5
2.1 SMILES: Simplified Molecular Input Line Entry System . . . . . . . 5

2.1.1 SMILES Notation . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.1.2 Canonicalization . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.1.3 SMILES Fingerprints . . . . . . . . . . . . . . . . . . . . . . . 6

2.2 Recurrent Neural Networks . . . . . . . . . . . . . . . . . . . . . . . . 7
2.3 LSTM: Long Short-Term Memory . . . . . . . . . . . . . . . . . . . . 11

2.3.1 LSTM Cell state . . . . . . . . . . . . . . . . . . . . . . . . . 13
2.3.2 LSTM Hidden State . . . . . . . . . . . . . . . . . . . . . . . 13

2.4 Data Augmentation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.4.1 SMILES Enumeration . . . . . . . . . . . . . . . . . . . . . . 15
2.4.2 Graph Represented Data Augmentation . . . . . . . . . . . . 15

2.4.2.1 Subgraphing . . . . . . . . . . . . . . . . . . . . . . 16
2.4.3 SMILES Randomization . . . . . . . . . . . . . . . . . . . . . 16

2.5 Contrastive Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
2.5.1 Contrastive Learning Framework . . . . . . . . . . . . . . . . 17
2.5.2 Loss Function: NT-Xent . . . . . . . . . . . . . . . . . . . . . 18

2.6 Dimensionality Reduction and Visualization . . . . . . . . . . . . . . 19
2.6.1 T-distributed Stochastic Neighbor Embedding (T-SNE) . . . . 19
2.6.2 Uniform Manifold Approximation and Projection (U-MAP) . . 20
2.6.3 Principal Component Analysis (PCA) . . . . . . . . . . . . . . 20

2.7 Evaluation Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
2.7.1 Molecular Properties And Metric Computations . . . . . . . . 22

2.7.1.1 Tanimoto Similarity . . . . . . . . . . . . . . . . . . 22
2.7.1.2 logP . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
2.7.1.3 Molecular Stereo-centers & -isomers . . . . . . . . . 23

xiii



Contents

3 Methods 25
3.1 Datasets & Pre-processing . . . . . . . . . . . . . . . . . . . . . . . . 25
3.2 Contrastive Learning in LSTM networks . . . . . . . . . . . . . . . . 25
3.3 Model Architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

3.3.1 Architecture: PCA . . . . . . . . . . . . . . . . . . . . . . . . 27
3.3.2 Architecture: Intermediate . . . . . . . . . . . . . . . . . . . . 28
3.3.3 Architecture: Existing . . . . . . . . . . . . . . . . . . . . . . 28
3.3.4 Architecture: Intermediate-extended . . . . . . . . . . . . . . 28
3.3.5 Architecture: Intermediate-isolated . . . . . . . . . . . . . . . 31

3.4 Data Augmentation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
3.4.1 Implementation: SMILES Randomization . . . . . . . . . . . 32
3.4.2 Implementation: SMILES Subgraphing . . . . . . . . . . . . . 32

3.5 Benchmarking . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
3.5.1 Self-implemented Benchmarking Suite . . . . . . . . . . . . . 33
3.5.2 MOSES Benchmarking Suite . . . . . . . . . . . . . . . . . . . 33
3.5.3 GuacaMol Benchmarking Suite . . . . . . . . . . . . . . . . . 34

3.6 Loss Functions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
3.6.1 Negative Log Likelihood Loss . . . . . . . . . . . . . . . . . . 34
3.6.2 Implementation of NT-Xent loss . . . . . . . . . . . . . . . . . 34

3.6.2.1 Initial Loop-based Implementation. . . . . . . . . . . 35
3.6.2.2 Optimized Matrix Multiplication Implementation . . 35
3.6.2.3 Complexity Consideration . . . . . . . . . . . . . . . 36

3.6.3 Combining Loss Functions . . . . . . . . . . . . . . . . . . . . 36
3.7 Hyperparameter Tuning . . . . . . . . . . . . . . . . . . . . . . . . . 36
3.8 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

3.8.1 Experiment: REINVENT & CL framework . . . . . . . . . . . 37
3.8.1.1 Sampling & Scoring . . . . . . . . . . . . . . . . . . 38

3.8.2 Experiment: Augmentation Techniques . . . . . . . . . . . . . 38

4 Results 41
4.1 Results From Architectural Tuning . . . . . . . . . . . . . . . . . . . 41

4.1.1 Results: Existing Architecture . . . . . . . . . . . . . . . . . . 41
4.1.2 Results: Intermediate Architecture . . . . . . . . . . . . . . . 42
4.1.3 Results: Intermediate-extended Architecture . . . . . . . . . . 42
4.1.4 Results: Intermediate-isolated Architecture . . . . . . . . . . . 43

4.2 Contrastive Learning Framework Benchmarks . . . . . . . . . . . . . 43
4.2.1 Baseline Dataset . . . . . . . . . . . . . . . . . . . . . . . . . 43
4.2.2 MOSES dataset . . . . . . . . . . . . . . . . . . . . . . . . . . 44
4.2.3 GuacaMol dataset . . . . . . . . . . . . . . . . . . . . . . . . 44

4.3 Results on Augmentations . . . . . . . . . . . . . . . . . . . . . . . . 44

5 Discussion 47
5.1 Architectural Tuning Evaluation . . . . . . . . . . . . . . . . . . . . . 47
5.2 Evaluation of Model Trainings . . . . . . . . . . . . . . . . . . . . . . 47

5.2.1 Baseline Dataset Evaluation . . . . . . . . . . . . . . . . . . . 48
5.2.2 MOSES dataset evaluation . . . . . . . . . . . . . . . . . . . . 48
5.2.3 GuacaMol Dataset Evaluation . . . . . . . . . . . . . . . . . . 49

xiv



Contents

5.3 Augmentation Experiment Evaluation . . . . . . . . . . . . . . . . . . 49
5.4 General Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49
5.5 Assessment Reliability . . . . . . . . . . . . . . . . . . . . . . . . . . 50
5.6 Unpredicted Behavior & Other Discoveries . . . . . . . . . . . . . . . 50
5.7 Future work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

6 Conclusion 53

Bibliography 55

A Physicochemical properties from generated SMILES strings I
A.1 Physicochemical Properties: Baseline dataset . . . . . . . . . . . . . . I
A.2 Physicochemical Properties: MOSES dataset . . . . . . . . . . . . . . V
A.3 Physicochemical Properties: GuacaMol dataset . . . . . . . . . . . . IX
A.4 Physicochemical Properties: Baseline dataset with several augmenta-

tions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . XIV

xv



Contents

xvi



List of Figures

2.1 Cyclohexene molecule and several valid SMILES encodings. Cyclo-
hexene consists of a closed ring of carbon atoms, denoted by C1, with
a double bond marked by =. . . . . . . . . . . . . . . . . . . . . . . . 6

2.2 Illustration of the RNN cell. At each time step, input vector xt and
previous hidden state ht−1 are used to calculate the next hidden state.
Applying the weight Who to ht yields the output logits ot that derives
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1
Introduction

Generative AI has emerged as a transformative tool in both the discovery and de-
sign of novel molecules, offering sophisticated capabilities to navigate vast chemical
spaces. The term "novel molecules" here refers to previously unsynthesized chem-
ical compounds with unique properties, while "vast chemical spaces" describes the
immense variety of possible chemical compounds that traditional approaches often
find difficult to fully explore. REINVENT is AstraZeneca’s cutting-edge tool for the
design of new molecules, working at an atomic level. By harnessing advanced tech-
niques like reinforcement learning and transfer learning, alongside specialized scoring
functions, REINVENT is capable of guiding the creation of compounds tailored to
achieve desired chemical and biological characteristics[1], [2]. Using Simplified Molec-
ular Input Line Entry Specification (SMILES) strings as molecular representations,
REINVENT takes advantage of Long-Short Term Memory networks (LSTM), a type
of Recurrent Neural Network (RNN) to train models on large datasets of SMILES.
These models are later able to generate chemically valid and diverse compounds as
interpretable SMILES strings [3].

A chemical compound can be represented by several valid SMILES strings, which
poses a challenge for REINVENT’s generative tasks. Since the training process
does not include instruction on chemical equivalence, the generated chemical space
often contains many redundant compounds. The seminal work by Qian, Shi, and
Zhang [4] demonstrates that explicitly teaching equivalence correlates with enhanced
novelty in the generated sets. In light of this, developing learning strategies that
improve a model’s understanding of equivalence is highly desirable. Although the
approach in Qian, Shi, and Zhang [4] employed a transformer-based architecture,
this thesis investigates whether incorporating equivalence teaching can also benefit
models based on LSTMs.

1.1 What’s Already Been Built
REINVENT employs a RNN architecture utilizing Long Short-Term Memory (LSTM)
cells to capture dependencies within SMILES sequences in distinct time steps. Train-
ing is conducted on extensive SMILES datasets using teacher-forcing–a method
wherein, during training, the actual target token from the dataset is fed into the next
time step instead of the model’s own prediction [5]. During training, a probability of
generating a specific token at each time step is drawn. By minimizing the negative
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log likelihood of such a joint probability, model weights are updated such that the
model understands the SMILES structure and syntax. After training, given a token,
a probability distribution is derived and a subsequent token is chosen randomly from
this distribution. This task can be framed as a sequence-to-sequence generation prob-
lem, where a model is trained on sequence-based data-namely, SMILES strings-and
generates corresponding SMILES sequences as output. The training process unfolds
over multiple phases: the initial step produces a base model, followed by stages
that apply transfer learning (TL) and reinforcement learning (RL) to fine-tune the
model toward drug-specific attributes. It is during the transfer learning phase that
the teacher-forcing method is applied, and this thesis aims to enhance this aspect
of the training. Currently, no strategy within this framework explicitly enforces the
recognition of chemical equivalence among different SMILES representations, which
is what this thesis intends to implement into the sequence generational task.

1.2 Contrastive Learning
Contrastive learning has gained substantial attention in recent years as a powerful
technique for representation learning, especially in the domains of computer vision
and natural language processing (NLP). This approach trains models to recognize
similarities and differences between data points, effectively capturing the underlying
structure of the data [6].

One of the seminal works in this domain is SimCLR, proposed by Chen, Kornblith,
Norouzi, et al. [6]. SimCLR employs a simple yet effective framework that leverages
large batch sizes and extensive data augmentation to enhance the quality of learned
representations. The model contrasts positive pairs of augmented data with negative
pairs in the batch, using the NT-Xent loss to maximize agreement over differing
views (See 2.5.2).

Another noteworthy model is MoCo, introduced by He, Fan, Wu, et al. [7]. MoCo
addresses the challenge of large batch size requirements in contrastive learning by
employing a momentum-updated encoder. This mechanism facilitates a dynamic
dictionary for negative sampling over many iterations, thereby achieving stable and
effective unsupervised learning performance that rivals supervised approaches on
various benchmarks.

In addition, BYOL (Bootstrap Your Own Latent), proposed by Grill, Strub, Altché,
et al. [8], marks a significant departure from prior contrastive methods by eliminating
the need for negative pairs altogether. BYOL uses a momentum encoder to create
two distinct yet simultaneously optimized network branches, thereby bootstrapping
the learning of powerful representations through self-supervised signal alone.

These advances in contrastive learning illustrate the potential to vastly improve
model robustness and efficiency in feature learning, providing high-quality repre-
sentations that benefit downstream tasks such as classification, detection, and seg-
mentation. Moreover, the adaptability of contrastive learning to other domains
highlights its versatility and potential to reduce dependence on expensive labeled
datasets, thereby paving the way for more widespread application in various fields.
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1.3 Thesis Contributions
With the baseline established and the contrastive learning framework briefly in-
troduced in the previous section, this thesis investigates whether AstraZeneca’s
in-house SMILES string generative model can achieve enhanced performance in
terms of chemical novelty, validity, and diversity by integrating a contrastive learn-
ing approach-with various data augmentation methods-into the current TL stage of
the REINVENT software, based on a Long-Short Term Memory network. Chemical
novelty gauges how innovative the generated molecules are compared to existing
compounds, validity ensures that these molecules adhere to chemical rules and are
syntactically correct, and diversity assesses the range of distinct chemical structures
produced. For a detailed discussion on each of these metrics, please refer to Section
2.7. The research questions that will be investigated and answered by the work of
this thesis are:

• RQ1: Does a model trained to minimize the negative log likelihood of SMILES
strings and trained to maximize agreement between positive SMILES repre-
sentations on a LSTM neural network prove superior to models trained only
to minimize the negative log likelihood on LSTM neural networks for SMILES
string generation in the REINVENT platform, in generating SMILES sets
with greater novelty, diversity and validity?

• RQ2: Does training to maximize agreement between SMILES representations
for the SMILES generation task benefit from using more than one method
of SMILES augmentation during training, in generating SMILES sets with
greater novelty, diversity and validity?
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2
Theory

2.1 SMILES: Simplified Molecular Input Line En-
try System

The Simplified Molecular Input Line Entry System (SMILES) was originally intro-
duced by D. Weininger[9], and has since been continuously developed. SMILES is
a system for encoding molecular graph-based structures into line notation, and an
instance of such an encoding is referred to as a SMILES string.

The encoding process for generating a SMILES string can be visualized as a depth-
first graph traversal, given some starting node. From the starting node, atoms and
substructures are processed and encoded, token by token.

2.1.1 SMILES Notation
Encoding an entire molecule into a SMILES string follows a strict set of chemical
rules for notation, hence this section introduces the most fundamental rules for
SMILES. An atom is encoded as its own elemental abbreviation, i.e., an oxygen
atom encodes into O. Hydrogen with the abbreviation H is usually omitted, unless it is
needed for correctness in chemical meaning: These specific cases will not be covered
in this thesis. Chemical bonds are represented by one of ., -, =, #, $, :. Here,
- represent a single bond between some atom or structure and are usually omitted,
meaning both C-C-O and CCO are valid, equivalent, encodings. Ring formations
are encoded arbitrarily by encoding some node in the ring with a numerical label,
marking the start and end of the ring with a numerical label, i.e. a ring of six C
atoms would be encoded into C1CCCCC1. Substructures such as branch formations
are required to be encoded with parenthesis, (), and the connective bond for the
branch within them [9]. In figure 2.1 we give an example of what an encoding for
the molecule cyclohexene would look like.

2.1.2 Canonicalization
Although SMILES notation enables several valid encodings of the same molecular
structure as a result of flexibility in the atom ordering and branching choices, this
variability can lead to inconsistencies when chemical compounds are compared to
each other. To ensure consistency and coherency, canonicalization can be used
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C1=CCCCC1
C1CC=CCC1
C1CCC=CC1
C=1CCCCC1
C1C=CCCC1

C
C

C

C
C

C

Figure 2.1: Cyclohexene molecule and several valid SMILES encodings. Cyclohexene
consists of a closed ring of carbon atoms, denoted by C1, with a double bond marked
by =.

to convert valid SMILES strings of the same chemical compound into a unique,
standardized form known as the canonical SMILES. In the continued work of [10], the
concept of standardized representations for SMILES and the algorithms to generate
them are explained in more detail.

In this study, the datasets were composed of canonicalized SMILES and, in other
words: no duplicate data is present in any of the datasets. This approach ensured
that the machine learning models were trained on unique and coherent representa-
tions of molecules.

2.1.3 SMILES Fingerprints
The fingerprint of a molecule, or fingerprinting, is a representation separate from
SMILES and a binary representation (bit string) of a molecule. The use case of
fingerprints stems from the need to compute similarities between molecules. In the
textbook by J. Bajorath [11], each set bit in a vector represents the presence of a
specific molecular feature in the compound. Details and listings of these features
are omitted in this section.

Assuming a molecule A and molecular features xk in the range x1..n, the binary-
valued vector Va is computed as

Va = (va(x1), va(x2), ... , va(xn−1), va(xn))

where

va(xk) =

1 feature is present
b feature is not present

The length of binary vectors can vary, but are generally n >> 100. Throughout this
study, molecular fingerprints are 2048 in length.
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2.2 Recurrent Neural Networks
As presented by F. Li, J. Johnson and S. Yeung in their lecture at Stanford[12],
Recurrent Neural Networks (RNN) are able to solve several upstream and down-
stream tasks where input data can be interpreted as sequences or where sequential
data are desired as output. A first example is the use of convolutional neural net-
works (CNN) for the upstream extraction of visual features from an image, which
are then passed to an RNN to generate a descriptive sentence in a downstream im-
age captioning task, achieved by O. Vinyals et al.[13]. Another example is the work
of I. Sutskever et al.[14], where they used an RNN for the upstream encoding of
sentences word by word in some language, then decoded by a second RNN for down-
stream sentence generation in another target language (machine translation). This
section introduces the technical- & theoretical description of the RNN and since this
work aims to achieve the task of generating SMILES strings, we focus on the task
of sequence-to-sequence generation. Throughout this section, terminology and the
theory of RNNs are based on the work of I. Goodfellow[15].

RNNs process input sequentially. Given some input vector at some time step and
the hidden state, the RNN computes some prediction vector about the next token
in the sequence. The key step that is performed to capture temporal information is
recurrence, more commonly known as the hidden state h, which at each time step
influences future predictions. In later time steps of the RNN, h will contain com-
posed information about all previous time steps. The term hidden stems primarily
from the fact that this is not a direct input, but rather a value from a previous time
step.

We define a sequence x where xt denotes the embedding vector of the sequence at
some time step t, the hidden state at time step t is denoted by ht (recurrence), and
the output values of the RNN block denoted by ot, the RNN encapsulates the weight
matrices of trainable parameters:

Wxh ∈ Rx×h, Whh ∈ Rh×h, Who ∈ Rh×o

Where Wxh, Whh and Who correspond to the input, hidden, and output matrices,
where x is the length of the input sequence, h is the number of hidden units, and o
is the output length (note that the length of the input and that of the output are
equal). These weights are also shared at every time step t.

The output ot of the RNN cell is a raw, unnormalized logarithmic probability vector
for a specific time step, containing scores for each possible class or token. Then, a
vector of token output probabilities, ŷ, can be obtained by applying a softmax acti-
vation function to the output o. The elements of the vector represent the predicted
probability distribution for all possible output tokens. This can then be used with
a loss function to compare the predicted probability to the ground truth token to
train the RNN to increase the predicted probability.

With these definitions, a forward propagation (passing of data through the network)
can be defined. The forward propagation calculates the next hidden state and the
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output logits. Here, tanh is the hyperbolic activation function that compresses any
output into the range [-1, 1]. The equations are then as follows:

at = Whhht−1 + Wxhxt,

ht = tanh(at),

ot = Whoht

ŷt = softmax(ot)

In the figures 2.2, 2.3, 2.4 we give a brief visualization of the inner workings of the
RNN and an example of what processing a SMILES sequence could look like.

With data being sent through a network in incremental time steps, the actual up-
date of network parameters (or weights) Wxh, Whh and Who remains. After forward
propagating "left-to-right" through the network, the network’s learnable parameters
have to be updated. By introducing some loss function L, the previously mentioned
vector ŷ and the ground truth token vector y, a "right-to-left" parameter update can
be defined.

The loss L is calculated at each time step by comparing y to ŷ, and depending
on the loss function measures the distance from how far apart the prediction ŷ
is from y. However, to minimize the loss and essentially improve future network
predictions, the loss gradients L are required to adjust the values of the current
parameters. Several details on how the gradients of L is computed are omitted; see
[15] for further reading. These gradients are computed with respect to all trainable
parameters of the network. Given a learning rate η and loss gradients, the update
of the parameters is as follows:

8



2. Theory

δL

δWxh

, Wxh ← Wxh − η
δL

δWxh

δL

δWhh

, Whh ← Whh − η
δL

δWhh

δL

δWho

, Who ← Who − η
δL

δWho

The process just mentioned is referred to as BPTT (back propagation through time)
and is the final step in the learning process. This particular instance of update
is called stochastic gradient descent (SGD), and by minimizing the loss over each
update, the RNN "learns" to make successively better predictions.

Figure 2.2: Illustration of the RNN cell. At each time step, input vector xt and
previous hidden state ht−1 are used to calculate the next hidden state. Applying the
weight Who to ht yields the output logits ot that derives the probability distribution
ŷt
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Figure 2.3: Illustration of the RNN unit, and its unfolded representation. At each
time step t, the next hidden state is computed and recurred back into the unit to
be used with the next iteration input vector.

Figure 2.4: Visualized example of forwarding a compound (formamide) in SMILES
format through an RNN. In the cases of RNN, the input tokens are encoded as
vectors (usually by embedding vectors or one-hot encodings) and passed sequentially
to the RNN cell. The output logits are passed through a softmax function to obtain
probability vectors of the vocabulary of tokens.

The Vanilla (standard) RNN suffer from one key issue with processing temporal
sequences: gradients that accumulate to values either close to zero or numbers
of great magnitude. This phenomenon is referred to as vanishing and exploding
gradients. In accordance with the paper by I. Goodfellow[15], RNNs apply the same
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function several times (once per time step). For simplicity, assuming the recurrence
step without the activation function tanh, the recurrence relation

ht = W ⊤ht−1

is applied t times, meaning the final hidden state can also be expressed as ht =
(W t)⊤h0. Essentially, this can be interpreted as the number of times that a weight
W is pressed by itself many times. Depending on the scalar values of W , the final
weights Wt will, depending on their magnitude, explode or vanish.

2.3 LSTM: Long Short-Term Memory
The critical issue of vanishing and exploding gradients when processing sequential
data can lead to either unstable learning if the gradients become too large or pro-
duces uncertainty for in which direction the parameters should be updated if gradi-
ents are close to zero. This poses a challenge to maintain long-term dependencies. In
this section, it is described how LSTM blocks manage the balance between retaining
long-term information and incorporating new input.

The notation for computations carried out by the LSTM follows from the vanilla
(standard) LSTM block architecture described in the paper by K. Greff[16], except
for the hidden state (see Section 2.3.2) notation which we use ht, and the notation of
gradients of loss function which is referred to as δL

δ∗ . In coherence with the practical
implementation of this study, peephole connections are not described. Assuming the
input vector xt to an LSTM block at some time step t, the amount of LSTM blocks
N , and M be the total number of inputs, the LSTM layer holds weight matrices for
recurrence, input and bias:

Wz, Wi, Wf , Wo ∈ RN×M , Rz, Ri, Rf , Ro ∈ RN×N , bz, bi, bf , bo ∈ RN

Where z, i, f and o denote the input of the block, the input gate, the forget gate,
and the output gate. W , R and b are then the corresponding weights for the input,
recurrence, and bias. Activation functions are used for each gate and input. The
sigmoid function σ(x) = 1/1 + e−x truncates the input in range [0,1], while the
hyperbolic tangent function, g(x), truncates the input in range [-1, 1]. With these
definitions, a forward pass of sequences can then be expressed with the following
equations:

z̃t = Wzxt + Rzht−1 + bz, zt = g(z̃t) (Block input) (2.1)

f̃t = Wfxt + Rfht−1 + bf , ft = σ(f̃t) (Forget gate) (2.2)

ĩt = Wixt + Riht−1 + bi, it = σ(̃it) (Input gate) (2.3)
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õt = Woxt + Roht−1 + bo ot = σ(õt) (Output gate activation) (2.4)

ct = zt ⊙ it + ct−1 ⊙ ft (Cell state update) (2.5)

ht = h(ct)⊙ ot (Hidden state output) (2.6)

Then, the hidden output state ht is recur in the LSTM blocks for the next input xt+1
and the actual output of the LSTM. Similarly to the RNN in the previous section, the
LSTM undergoes BPTT on all sets of learnable parameters. To obtain the gradient
of some loss function L with respect to the weight matrices, the gradients with
respect to the gates, the cell state, and the hidden state. If the recurrent network
contains multiple LSTM layers, the gradients of the above layers have to be passed
down to the current: ∆t thus is a vector of those gradients. The matrix R needs to
be transposed to match matrix multiplication during BPTT, and is therefore now
denoted as R⊤:

δL

δht

= ∆t + RT
z δzt+1 + RT

i δit+1 + RT
f δft+1 + RT

o δot+1

δL

δot

= δht ⊙ tanh(ct)⊙ σ′(õt)

δL

δct

= δht ⊙ ot ⊙ tanh′(ct) + δct+1 ⊙ ft+1

δL

δft

= δct ⊙ ct−1 ⊙ σ′(f̃t)

δL

δit

= δct ⊙ zt ⊙ σ′(̃it)

δL

δzt

= δct ⊙ it ⊙ g′(z̃t)

Each delta is then applied to each respective weight matrix to calculate their gradi-
ents. ⟨x, y⟩ denotes the outer multiplication of vectors x and y, whose dimensions
correspond to that of the corresponding matrix W , R and the bias vector b. Symbol
∗ represents the vector of any of the gates and cell input:

∂L

∂W∗
=

T∑
t=0

δ ∗t ·x⊤
t

δW∗ =
T∑

t=0
⟨δ∗t, xt⟩
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δR∗ =
T∑

t=0
⟨δ∗t+1, ht⟩

δb∗ =
T∑

t=0
δ∗t

2.3.1 LSTM Cell state

To capture dependencies and contextual information, the LSTM incorporates two
major states to keep track of old and new information. The cell state [16] of the
LSTM provides memory of the long-term context in the sequence. In equation 2.5,
the forget gate f(t) and the input gate it are calculated by adding the previous
hidden state yt−1 and the current input xt with their respective gates. These gates
respectively control the impact of the new candidate cell state zt and the old cell
state ct−1

2.3.2 LSTM Hidden State

The hidden state, ht, is the final output of the LSTM block at some time step t and
is assigned, contrary to the cell state, to capture short-term sequence dependencies
[16]. From equation 2.6, the hidden state is controlled by the output gate ot and
the hyperbolic tangent of ct. With these controls, ht captures parts of long-term
memory while maintaining balance with the immediate memory of the current input
xt.
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Figure 2.5: Illustration of the LSTM cell, weights omitted from the graphics. Each
blue bounding box inside the LSTM cell represent the respective gates. The previous
hidden state ht−1 is recurred into the LSTM forget, input and output gate. The
previous cell state (long-term memory) ct−1 recurs back to itself, where it will be
considered to be kept depending on the next input xt

2.4 Data Augmentation

Data augmentation in machine learning refers to the process of creating new training
examples by applying transformations to existing data.[17] These transformations
generate modified versions that preserve the original label or meaning but introduce
variability, enhancing the model’s ability to generalize to unseen data. Augmentation
is particularly beneficial in scenarios with limited data, as it effectively increases the
diversity of the training set without the need for additional data collection.

Figure 2.6 illustrates the concept of data augmentation using an image of a par-
rot. The original image is transformed into six different versions through various
augmentation techniques. These augmentations generate diverse training examples
from a single image, enabling the model to learn invariant features and improving
its robustness to variations in input data.

Although this study is based on molecular data represented in the SMILES notation
rather than images, the principle of data augmentation remains the same. We apply
augmentation techniques suitable for chemical data to enhance the diversity of our
dataset.
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Figure 2.6: Example of Image Augmentations: The original image of a parrot (far
left) and six augmented versions applying different transformations: Horizontal Flip,
Crop, Median Blur, Contrast Adjustment, Hue/Saturation/Value Shift, and Gamma
Correction.

2.4.1 SMILES Enumeration
As mentioned in Section 2.1.1, SMILES is a textual representation of chemical com-
pounds. Each compound has a canonical SMILES string, but many alternative,
valid SMILES can be generated due to differences in atom ordering or tautomeric
forms. For example, the ethanol molecule can be represented by multiple SMILES
strings that encode the same atomic connectivity[18]:

SMILES: CCO, OCC, C(C)O

In graphical form, these molecules look like this:

C

OH

C OH

C

C C

C

OH

Although these depictions appear distinct, they all describe the same molecule:
ethanol. Although this variability is generally discouraged when constructing datasets
for supervised tasks, it aligns well with the principles of contrastive learning. Specif-
ically, enumerating alternative SMILES for a given molecule provides a natural way
to generate positive pairs for contrastive augmentation.

2.4.2 Graph Represented Data Augmentation
The molecules graphical representation introduces methods to alter its original struc-
ture. Y. You et al.[19] propose various methods of augmentation for graphically rep-
resented data. However, if the effects on chemical properties are taken into account
when removing and reorganizing atoms and substructures in molecules are taken
into account, some methods are found to be more applicable than others. Y. You
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et al. found that graph node dropping and subgraphing is beneficial in most data
fields, whereas edge perturbation, the procedure of randomly adding, removing or
reconnecting chemical bonds starting from the complete molecular graph, could fail
to preserve biochemical data.

2.4.2.1 Subgraphing

In appendix A of Y. You et al. [19] work, subgraphing is described as follows:
Assume a molecule with nodes and bonds. We denote the graph representation
of the molecule by G = (V, E) where V and E denote vertices (atoms) and edges
(bonds). The construction of a subgraph of the said graph G is done by a random
walk of some length ratio k of the total node size of G.

A starting node is arbitrarily chosen from G. Iteratively, one arbitrarily chooses
another node that is adjacent to the starting node. When completed, a subgraph
with a set of nodes of size k|V | has been constructed.

2.4.3 SMILES Randomization
The randomization augmentation method follows from SMILES enumeration, and
picking one of the enumerated SMILES strings as a positive representation.

2.5 Contrastive Learning
Contrastive learning is a representation learning technique that trains models to rec-
ognize similarities and differences among data points. This approach has proven ef-
fective in various domains-including computer vision and natural language processing-
to enhance model understanding and robustness [6]. For instance, contrastive learn-
ing has been successfully deployed in image retrieval, enabling models to differentiate
between visually similar objects [20].

At its core, contrastive learning is built on the principle of pulling similar data points
(e.g., different augmented views of the same input) closer together in the representa-
tion space, while pushing dissimilar data points further apart. Figure 2.7 illustrates
this core concept: positive pairs (augmented versions of the same data point) are
drawn together, whereas negative pairs (different data points) are pushed apart.
Although the figure is shown in a two-dimensional space for clarity, the actual rep-
resentations lie in a high-dimensional space where each dimension captures unique
features. See Section 2.6 for a deeper discussion on visualizing high-dimensional
data.

This section is organized as follows. First, we introduce the overall contrastive
learning framework- including a discussion on various similarity measures and an
explanation of how augmented images are passed through the network (see Figure
2.8). Then, we describe the NT-Xent loss function in detail, including the associated
mathematical formulation and gradient dynamics.
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2.5.1 Contrastive Learning Framework
A typical contrastive learning framework consists of a neural network that processes
input samples to generate embeddings. For each training data point, two distinct
augmentations are generated and passed through a shared encoder network to yield
two embeddings. The augmentations are generated using various augmentation
techniques stated in Section 2.4. These embeddings are then compared using a
similarity measure to optimize a contrastive loss function. Figure 2.8 visualizes how
augmented images are passed through a network to generate embeddings that will
be compared later.

Several similarity measures are commonly used, including:

• Cosine Similarity: Measures the cosine of the angle between two vectors,
effectively capturing their orientation regardless of magnitude. When embed-
dings are L2-normalized (i.e., ∥z∥ = 1), the dot product directly equals the
cosine similarity.[6]

• Euclidean Distance: Computes the straight-line distance between two points
in space, emphasizing the absolute differences in feature values.[21]

• Dot Product Similarity: Evaluates the inner product of two embeddings,
capturing both magnitude and directional alignment.[15]

In practice, the choice of similarity measure can significantly affect the behavior of
the loss function and the quality of the learned representations. For example, cosine
similarity tends to be effective in high-dimensional spaces where the direction of the
embeddings encodes more informative content than their magnitude.[6]

The similarity measure is designed to maximize the agreement between augmented
data points of the same input. Maximizing this agreement is accomplished by engi-
neering a loss function that explicitly encourages high similarity scores (approaching
the upper bound, e.g., 1 for cosine similarity) for positive pairs while simultaneously
driving the similarity scores of negative pairs toward lower values (or even negative,
in some cases)[6].

For instance, when employing cosine similarity between two normalized embeddings
zi and zj, the similarity is computed as:

s(zi, zj) = zi · zj

∥zi∥∥zj∥
.

Assuming normalization, this simplifies to:

s(zi, zj) = zi · zj.

A popular formulation used in contrastive learning is the NT-Xent loss. Suppose we
have a batch of N original samples, each of which is augmented twice (yielding 2N
samples). For a positive pair (zi, zj), the loss is defined as[6]:

Li,j = − log exp (s(zi, zj)/τ)∑2N
k=1 1[k ̸=i] exp (s(zi, zk)/τ)

(2.7)

17



2. Theory

where:

• τ is the temperature hyperparameter that controls the sharpness of the result-
ing probability distribution.

• 1[k ̸=i] is an indicator function that excludes comparison of the anchor with
itself.

This framework results in embeddings in which different augmentations of the same
input are clustered closely, while embeddings from different inputs are well separated.
The underlying gradient dynamics ensure that, for positive pairs, the similarity
s(zi, zj) is increased toward its maximum, while for negative pairs, the similarity
is correspondingly reduced. Such a structured embedding space captures invariant
semantic features and benefits downstream tasks such as classification, clustering,
and retrieval[6].

Figure 2.7: Illustration of contrastive learning: Similar images are pulled together,
and dissimilar images are pushed apart.

2.5.2 Loss Function: NT-Xent
To effectively learn representations, contrastive learning frequently employs the Nor-
malized Temperature-Scaled Cross Entropy (NT-Xent) Loss, see equation 2.7. The
total loss is then calculated as[6]:

L = 1
N

N∑
i=1

ℓi

where (from equation 2.7):

• zi and zj are the embeddings of a positive pair (i.e., different augmented views
of the same input).

• The denominator sums all samples k in the batch (excluding the anchor itself),
effectively normalizing the positive similarity against all negative similarities.

• N is the number of anchors (or positive pairs) in the batch, and the final loss
is an average over these pairs.
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Figure 2.8: Contrastive learning framework: Augmented images are passed through
a neural network to generate embeddings for comparison. Image adapted from
Thomas St-Hilaire’s blog post Simple Self-Supervised Learning[22]

In summary, the NT-Xent loss function drives the model to maximize the cosine
similarity between positive pairs (pushing the similarity score close to 1) while nor-
malizing these scores across negative pairs to enforce a clear margin of separation.
This mechanism yields a highly structured and discriminative embedding space, lay-
ing a solid foundation for downstream applications.[6]

2.6 Dimensionality Reduction and Visualization
Getting an idea of how learned representations are structured is a crucial step in
evaluating the contrastive learning. Since embeddings exist in a high-dimensional
space, interpretation is difficult without dimension reduction[6].

In this section, three widely used methods: T-SNE, U-MAP, and PCA are ex-
plored. Each method provides a unique perspective on the underlying structure
of the learned embeddings, or chemical space, if you will. This helps assess whether
similar molecules are mapped closely together.

While T-SNE and U-MAP are effective in capturing non-linear relationships and
preserving local structure, they are primarily designed for visualization rather than
data compression. In contrast, PCA applies a linear transformation that highlights
variance in the data and can also be used for dimensionality reduction, making it
suitable for down-sampling embeddings before further processing.[23], [24]

2.6.1 T-distributed Stochastic Neighbor Embedding (T-SNE)
T-SNE is a non-linear dimensionality reduction technique that is effective at reveal-
ing local structure in high-dimensional data. As detailed by Wattenberg et al. in a
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seminal paper [25], T-SNE works by converting pairwise similarities in the original
space into conditional probabilities, then modeling these in a low-dimensional space
using a Student’s t-distribution to mitigate the crowding problem. Importantly, the
technique is designed to preserve local neighborhood relationships: clusters that
appear in a t-SNE plot reliably indicate groups of data points that are similar in
high-dimensional space. However, the method does not reliably represent global dis-
tances or the relative sizes of clusters, and can sometimes exaggerate the separation
between clusters.

From a T-SNE visualization, one can clearly see the formation of distinct clusters
or centroids, if you will, that suggest local groupings in the chemical space. These
centroids can be interpreted as groups of molecules with similar representations,
though caution should be taken not to overinterpret the distances between clusters.
The Distill article [25] provides a thorough discussion of both the capabilities and
limitations of t-SNE, emphasizing that while it is an excellent tool for visualizing
local structure, its depiction of global structure should be viewed with care.

2.6.2 Uniform Manifold Approximation and Projection (U-
MAP)

UMAP is a non-linear dimensionality reduction technique designed to preserve both
local and global structures within high-dimensional data. Introduced by McInnes
et al. [26], UMAP constructs a high-dimensional graph representation of the data
and optimizes a low-dimensional embedding using a fuzzy topological framework.
Unlike T-SNE, which focuses primarily on local relationships, UMAP is better at
maintaining some aspects of global structure while still effectively clustering similar
points.

UMAP is computationally more efficient than T-SNE and scales well to large datasets.
In the context of chemical space visualization, UMAP helps reveal structural simi-
larities among molecular embeddings while providing a clearer representation of the
overall dataset structure. However, like all dimensionality reduction techniques, the
choice of hyperparameters can significantly impact the resulting visualization, and
interpretations should be made cautiously.

2.6.3 Principal Component Analysis (PCA)
PCA is a linear dimensionality reduction technique that transforms high-dimensional
data into a lower-dimensional space while preserving the directions of maximum
variance. Originally introduced by Pearson [24] and later expanded by Hotelling
[23], PCA computes an orthogonal basis of principal components by performing an
eigenvalue decomposition of the data covariance matrix or applying Singular Value
Decomposition (SVD).

Unlike T-SNE and UMAP, which focus on non-linear transformations for visualiza-
tion, PCA provides a deterministic, interpretable projection that maintains global
structure. One key advantage of PCA is its ability to serve as a down-sampling tech-
nique, reducing the dimensionality of embeddings before further processing while
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retaining as much variance as possible. This makes PCA particularly useful for pre-
processing molecular representations before contrastive learning or clustering analy-
ses.

However, PCA assumes linear relationships in the data and may not effectively
capture complex, nonlinear structures that T-SNE and UMAP can reveal. Despite
this limitation, it remains a powerful tool for both exploratory analysis and feature
reduction in high-dimensional datasets.

2.7 Evaluation Metrics
De-novo generational models for SMILES strings can be assessed by inspecting sev-
eral metric scores, and the following metrics have been previously used to assess
de-novo generation performance in CONSMI[4], GuacaMol[27] and MOSES[28].

A core metric for assessing whether the model has learned the syntax and structure
of the SMILES system, the validity metric assesses the fraction of valid SMILES
strings given the total sampled output set [4]. This value ranges between 0 and 1,
where a score close to 1 indicates that the model recognizes the structure of SMILES
well. The computation is straight forward:

V alidity = amount of valid SMILES

amount of generated SMILES

Another important metric to consider for evaluating the generative performance is
uniqueness [4]. Uniqueness considers a sampled set from the model and counts the
total number of samples and the total amount of unique samples. That is, sampled
SMILES strings might be enumerations of the canonical SMILES of some molecule.
A denoted unique SMILES string is also valid. This metric ranges between 0 and 1.

Uniqueness = amount unique SMILES

amount of valid SMILES

Novelty [4] describes the fraction of sampled SMILES strings that are not present
in the training set and is represented in the range of 0 and 1. A value close to 1
suggests that the model has a higher capacity for generalization and exploration.
However, if this metric is closer to 0, it would suggest overfitting the training data.
Denote the amount of unique sampled SMILES as G and the training set of SMILES
as T , then:

Novelty = G \ T

G

Internal diversity (IntDivp) [4] is a metric that calculates the diversity of generated
structures and essentially measures how well the model generates nonsimilar struc-
tures. This metric is use case specific for SMILES, and relies on measuring the mean
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power, p, of tanimoto similarity (see section 2.7.1.1) between pairs of molecular fin-
gerprints. If G is the generated set and T (s1, s2) is the tanimoto similarity between
a pair of SMILES represented as molecular fingerprints s1 and s2, then,

IntDivp = 1− p

√√√√ 1
|S|2

∑
s1, s2∈S

T (s1, s2)p

Fréchet ChemNet Distance (FCD) proposed by Preuer et al. [29] is a well-suited met-
ric for comparisons of generative de-novo molecule models. The metric is centralized
around their proposed ChemNet neural network, an LSTM based RNN trained to
predict biological activity in approximately 6000 assays: experimental procedures
to assess the amount and/or quality of some target entity. The assays are com-
mon in the well established datasets PubChem [30], ZINC [31], and ChEMBL [32].
Calculating FCD between a generated SMILES set and real-world molecules, FCD
essentially captures diversity, as well as the chemical and biological significance of
sampled SMILES strings, where a score close to 0 signifies great structural molecular
similarity. According to the study, a set size of 5000 samples is sufficient to estimate
the means and covariances.

The activations of the penultimate layer of ChemNet are used to obtain a numerical
representation of the SMILES molecules. Assuming a sampled dataset from a gen-
erative model and a dataset of real-world molecules, their distribution, mean, and
covariance are denoted p(.), (m, C) and pw(.), (mw, Cw) respectively and Tr denotes
the trace of a matrix.

The notation and equation for calculating the FCD is analogous to the one presented
in [29].

d2((m, C), (mw, Cw)) = ||m−mw||22 + Tr(C + Cw − 2(CCw)1/2)

2.7.1 Molecular Properties And Metric Computations
In this section we give a brief introduction to additional compound property metrics,
as well as molecular structure properties for completeness.

2.7.1.1 Tanimoto Similarity

There are several measures to score how similar two compounds are to each other.
In the textbook by J. Bajorath [11], the tanimoto similarity measure is discussed.
Tanimoto similarity depends on fingerprinting molecules (see 2.1.3). Treating a
fingerprint of a molecule as a set of present features encoded as a binary vector,
the tanimoto similarity computes the intersection and difference to derive a value of
symmetric similarity between the molecules. Assuming the fingerprint A and B of
two molecules,

|A ∩B| = a = amount of features common to A and B
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|A−B| = b = amount of features in A but not in B

|B − A| = c = amount of features in B but not in A

and finally the tanimoto similarity is computed as,

Stan(A, B) = |A ∩B|
|A ∪B|

= |A ∩B|
|A−B| + |B − A| + |A ∩B|

= a

a + b + c

and resides in the range of 0 ≤ Stan(A, B) ≤ 1.

2.7.1.2 logP

logP, or the coefficient of octanol / water partition, is a measure of how a molecule
distributes itself over a hydrophobic and hydrophilic phase and is explained in the
work of Bhal[33]. The metric is widely used in pharmaceutical fields to understand
the behavior of drug compounds and is considered to select possible drug candidates.
Depending on the intended drug behavior and the use case, different ranges of logP
value are sought. Throughout this work, the term logP is interchangeable with xlogP,
which in itself is an algorithm to compute the logP value of a compound proposed
by Wang[34].

2.7.1.3 Molecular Stereo-centers & -isomers

Stereo-isomers are compounds where "the atoms have the same connectivity but are
arranged differently" [[35], 2012, p. 306]. This difference in spatial arrangement is
due to the presence of stereo-centers, atoms at which the interchange of two groups
results in different stereo-isomers.
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3.1 Datasets & Pre-processing
Three datasets were used in the evaluation of the contrastive learning framework.
GuacaMol [27], ChEMBL35 and MOSES. The framework for loading datasets was
already in place, requiring nothing more than the presence of the datasets on the
local machine that runs the contrastive learning training.

A baseline dataset was derived from ChEMBL35 with a filter to obtain drug-like
molecules. The filter excludes samples containing atoms B and P and a molecule
weight no more than 1200 Daltons. Isotope molecules are included, while molecules
with stereo centers are completely removed. What remains is a dataset that contains
2.2M samples. The train, validation and test set split is similar to that of MOSES,
with 90% allocated for training, and 5% for validation and testing, respectively.

BenevolentAI [27] proposes a framework for generative de-novo models, aiming to
serve as a fair benchmarking platform with a common dataset, GuacaMol. Gua-
caMol is a subset of the ChEMBL dataset, which contains 1.59M SMILES samples
(1.27M train, 0.079M validation, 0.238M test). The benchmark asserts performance
for the novelty, validity, and diversity metrics, among others.

Another similar benchmarking tool and dataset is MOSES[28]. MOSES contains
roughly 1.94M samples, split into 1.6M, 176K, 176K for training, test, and test
scaffold sets, respectively. The set is derived from the ZINC [36] data set, containing
molecules with a weight between 250 to 350 Daltons. with a XlogP less than or equal
to 3.5. The MOSES set is further filtered to exclude molecules with charged atoms
and no other atoms other than C, N, S, O, F, Cl, BR and H. Much like GuacaMol,
the benchmark tool assesses validity, novelty, and uniqueness but excludes diversity.
See Section ?? for the full description and usage of the benchmarking suites in this
thesis.

3.2 Contrastive Learning in LSTM networks
In the setting of LSTM architectures, contrastive learning introduces a framework
that enriches the model’s representational capacity by training it to distinguish be-
tween different augmented views of the same input. This is particularly impactful in
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Figure 3.1: Illustration of the REINVENT architecture extended with a contrastive
learning branch. Augmented SMILES inputs are encoded via an LSTM network,
and the final hidden state ht is used for computing the NT-Xent contrastive loss.

molecular generative tasks, where SMILES strings can represent the same compound
through multiple syntactic permutations.

To enable meaningful comparisons between samples during contrastive learning, the
choice of representation extracted from the recurrent network is critical. The LSTMs
final hidden state ht, detailed in Section 2.3.2, captures a compressed summary of
the input sequence and its temporal dependencies. This state serves as the anchor
point in embedding space for computing similarity across augmented instances.

The process begins by applying augmentations such as SMILES randomization and
subgraph sampling (Figure 3.1) to produce distinct yet chemically equivalent inputs.
These are then passed through the tokenization and embedding layers, followed by
an LSTM encoder. Crucially, the contrastive loss (NT-Xent loss as introduced in
Section 2.5.2) is computed on the final hidden state ht, which acts as a learned
embedding of the molecule.

3.3 Model Architecture

The existing model consists of an embedding layer, an LSTM-based RNN encoder,
and a linear layer. This corresponds to the architecture shown in Figure 3.2. It
processes input through these layers and computes the NLL loss.[3]
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Figure 3.2: Original model architecture. The red arrows indicate the output vector
flow. Green blocks denote computations.

Intuitively, the loss of NT-Xent may be applied to the output of the last linear
layer; however, a more effective approach is to apply it to the final hidden state of
the LSTM. The last hidden state serves as a condensed representation of the input
sequence, capturing both local and long-range dependencies learned throughout the
stacked LSTM layers[37][6].

However, the last hidden state exists in a high-dimensional space (see Section 2.6),
making it inherently noisy and challenging to extract meaningful information. To
mitigate this, we propose four modifications to enhance the model’s ability to learn
better representations in the following subsections.

3.3.1 Architecture: PCA

Instead of adding a layer to the neural network, PCA (more about PCA can be
read in Section 2.6.3) could be used to downproject the last hidden state before
computing the loss of NT-Xent. This approach leverages PCA’s ability to retain
the most important variance in the data while reducing dimensionality. The key
advantage of PCA in this context is that its computations are deterministic, unlike
nonlinear alternatives such as T-SNE, which are stochastic and do not generalize to
new data. Since PCA does not introduce any learnable parameters to the network
in comparison to a fully connected layer, no backpropagation takes place through
this medium and is instead directly computed at the recent LSTM layer with the
dimensionality-reduced final hidden state output.
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Figure 3.3: Model incorporating PCA for down-sampling before NT-Xent loss com-
putation. The red arrows indicate the output features of the LSTM, while the blue
arrows represent the last hidden state output of the LSTM. Green blocks denote
computations outside of the network.

3.3.2 Architecture: Intermediate
In this approach, a linear layer is added after the LSTM to project the final hidden
state into a lower-dimensional space before applying the contrastive loss. This serves
as a flexible and easily learnable downprojection mechanism. By passing the final
hidden state through this additional layer, the model is encouraged to encode both
syntactic structure and similarity.

3.3.3 Architecture: Existing
Instead of adding a new linear layer, this approach repurposes the existing linear
layer to perform down-projection before computing contrastive loss, while still main-
taining its original role in processing the final output for NLL loss. This modification
simplifies the architecture while effectively incorporating contrastive learning.

3.3.4 Architecture: Intermediate-extended
In this model architecture, we experimented with introducing an additional linear
layer alongside the existing one to compute contrastive loss. As in the intermediate
architecture, the final hidden state from the RNN is passed through both the new
and existing linear layers, in hopes of letting the model learn richer representations
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Figure 3.4: Model using an intermediate layer for down-sampling before NT-Xent
loss computation. The red arrows indicate the output vector flow, while the blue
arrows represent the last hidden state flow. Green blocks denote computations
outside of the network.

before the loss is computed.
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Figure 3.5: Model using the same linear layer for down-sampling before computing
both NT-Xent and NLL loss. The red arrows indicate the output vector flow, and the
blue arrows represent the last hidden state flow. Green blocks denote computations
outside of the network.

Figure 3.6: Model architecture combining a separate linear layer with the existing
linear layer for contrastive loss computation. The red arrows indicate the output
vector flow for NLL loss, the blue arrows represent the last hidden state flow for
contrastive loss, and green blocks denotes at after which layer in the network losses
are calculated.
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3.3.5 Architecture: Intermediate-isolated
In this architecture, an additional linear layer was introduced outside of the existing
pipeline. This design leverages the downprojection capabilities of a linear layer while
ensuring that the performance of the established generative task remains unaffected.

Figure 3.7: Model architecture using two linear layers for different causes. The red
arrows indicate the output vector flow for NLL loss, the blue arrows represent the
last hidden state flow for contrastive loss, and green blocks denotes at after which
layer in the network losses are calculated.

3.4 Data Augmentation
This section describes the implementation of SMILES data augmentation methods.
It introduces the required libraries, algorithms, and example implementations.

The RDKit library[38] is used throughout all augmentations. RDKit supports con-
versions from SMILES strings to molecular objects, which is crucial to maintain
chemical validity. RDKit also supports the capability to extract bonds from a set of
atoms that can then be used to create a new molecule object. With this functional
support, creating a molecule from the subgraphing algorithm is possible.

Since the model is created and trained in separate steps, a saved model after creation
contains a set buffer of tokens recognized from the training set. This poses an issue
when augmenting SMILES strings, since using RDKit may produce unseen tokens,
which at the training stage are not compatible with the software deeming them
invalid. The fraction of invalid augments was considered small enough to simply use
the original sample during learning instead.
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3.4.1 Implementation: SMILES Randomization

The SMILES randomization implementation of the project is based on reordering the
atoms of the molecule. A SMILES string is converted to a molecule object, and the
number of molecules (excluding hydrogen) is counted. The algorithm creates a list
shuffled_order of indices ranging from 0 to num_atoms - 1. The list is then used
with the RDKit function RenumberAtoms(molecule, newOrder=shuffled_order).
Below is an example snippet of the implementation:

1 smile = "COC"
2 molecule = toMolecule (smile) # conversion to RDKit Mol object
3

4 shuffled order = shuffle ( range ( numAtoms ( molecule )))
5 random molecule = renumberAtoms (molecule , shuffled order)
6

7 random smiles = toSmile ( random molecule ) # conversion to SMILES

3.4.2 Implementation: SMILES Subgraphing

The core algorithm for creating a subgraph of a SMILES string is a random walk. To
ensure preserving molecular validity, RDKit was used for molecular manipulation:
conversions between SMILES and construction of the subgraph from random chosen
bonds from the original sample. An example implementation can be seen in the
pseudocode below:

1 smile = "COC"
2 molecule = toMolecule (smile) # conversion to RDKit Mol object
3 k = 0.5 # Fraction of total number of atoms to "walk"
4

5 num atoms = numAtoms ( molecule )
6 walk length = min. of (num atoms , num atoms * k)
7

8 current atom = random atom in molecule # index of start atom
9 visited atoms = { current }

10

11 iterate over range ( walk_length ):
12 adjacent atoms = adjacent ( current )
13 if no adjacent atoms:
14 exit iteration
15 current = arbitrary atom in adjacent atoms
16 add current to visited atoms
17

18 # Get bonds between randomly " walked " atoms
19 visited bonds = getBonds (molecule , visited atoms)
20

21 # Construct NEW molecule object from bonds
22 subgraph = pathToSubMolecule (molecule , visited bonds)
23

24 smile subgraph = toSmile ( subgraph )
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3.5 Benchmarking
To validate the effectiveness of our contrastive learning framework, the performance
of the models was benchmarked using the evaluation metrics outlined in section 2.7
across the datasets described in section 3.1. The primary objective is to assess
whether the contrastive approach improves the quality of generated output relative
to the baseline methods.

The best-performing model architecture and training configuration identified in the
smaller dataset will be used for comprehensive benchmarking on the datasets from
section 3.1. By comparing the performance of this model with that of the original
REINVENT baseline (trained under identical conditions), we can rigorously evaluate
the success of our implementation of contrastive learning.

Once our implementation has shown success relative to the baseline, we will extend
our analysis by comparing our model with other state-of-the-art approaches, such
as CONSMI. This additional comparison will further contextualize the performance
gains achieved by our contrastive learning framework.

3.5.1 Self-implemented Benchmarking Suite
The REINVENT software integrates with TensorBoard from TensorFlow for en-
hanced data visualization and analysis. Following completion of a sampling phase,
the data is gathered and used to compute various evaluation metrics. These metrics
are uploaded as events, which are then processed and displayed by TensorBoard
for local browser access and analysis. Initially, REINVENT lacked built-in support
for calculating novelty, FCD, internal diversity, and uniqueness, and further showed
inconsistencies in validity. Although the software supported the calculation of the
metric to some extent, a separate script was created to compute these given metrics.

3.5.2 MOSES Benchmarking Suite
The MOSES benchmarking suite supports a wider variety of metrics. Apart from the
metrics presented in section 2.7, MOSES computes Similarity to Nearest Neighbor
(SNN), Fragment similarity, and Scaffold similarity. However, this thesis will only
discuss and draw conclusions in regard to the already introduced metrics, and the
extra results are left to the reader to interpret. The benchmark suite also contains
metric computation for a hold-out test scaffold test and, for the same reason as
above, results for this set will be disregarded as well.

To use the suite, a clone of the MOSES repository and an installation of RDKit[38] is
required. Additional dependencies were installed through the repository setup script
python setup.py install. Given a list of SMILES, all metrics can be obtained
using the following script:

1 from moses. metrics import get_all_metrics
2

3 smiles_list = ["CCO", "COC"] # typically read from a generated .csv
4
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5 metrics = get_all_metrics (gen= smiles_list , k = [len( smiles_list )])

where smiles_list is a list of generated SMILES strings and k is a list with the
amounts of SMILES to be used to compute uniqueness, which was set to the size
of the generated set. For a complete MOSES description of the benchmarking suite,
see [39].

3.5.3 GuacaMol Benchmarking Suite
The GuacaMol benchmarking suite supports computing validity, uniqueness, nov-
elty, and FCD, but does not include internal diversity. The tool requires installation
of the GuacaMol, FCD, and RDKit [38] libraries. However, during the benchmark-
ing phase, it was noticed that the suite was poorly maintained due to deprecated
dependencies and source code. It was therefore decided to instead benchmark mod-
els trained on the GuacaMol dataset on the self-implemented benchmarking suite.
The suite also required sampling from trained models during runtime, which did not
integrate well with existing REINVENT software.

3.6 Loss Functions
Our model is trained using two complementary loss functions: NLL loss and con-
trastive loss of NT-Xent. The NLL loss was originally used in the REINVENT
framework to optimize the generation of SMILES sequences by maximizing the log-
probability of correct tokens[3]. The loss of NT-Xent is integrated, ensuring that
similar molecules remain close to each other in the chemical space. Detailed explana-
tions of both loss functions and their implementations are provided in the following
sections.

3.6.1 Negative Log Likelihood Loss
In the original REINVENT implementation, the Negative Log Likelihood (NLL) loss
was used as the primary loss function for training. This loss function, implemented
from torch, computes the negative logarithmic probability of the correct class given
the model output. According to the PyTorch documentation [40], for an input tensor
x of size (N, C), where N is the batch size and C is the number of classes, and a
target tensor y of size N with class indices 0 ≤ yi < C, the unreduced loss ℓ for
each sample i is defined as:

ℓi = −wyi
· xi,yi

,

where xi,yi
is the log-probability of the correct class yi for the i-th sample, and wyi

is an optional weight for class yi.

3.6.2 Implementation of NT-Xent loss
As described in Section 2.5, contrastive loss is used to learn an embedding space
where different augmentations of the same data point are drawn closer together
(positive pairs), while embeddings of different data points are pushed apart (negative
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pairs). In our work on molecular representation learning using SMILES strings, we
employ the NT-Xent loss to ensure that different augmentations of the same molecule
yield similar latent representations.

3.6.2.1 Initial Loop-based Implementation.

Initially, our implementation computed the NT-Xent loss by elementally comparing
each pair of augmented sequences using two nested for loops. For a batch of N
sequences, where each sequence produces two augmented samples, we obtain 2N em-
beddings {zi}2N

i=1. The loss for each embedding is calculated as described in equation
2.7, with a slight variation of the numerator here described as exp(sim(zi, zi+)/τ).

where sim(·, ·) denotes cosine similarity and i+ indicates the index of the positive
pair for i. Since every pair is computed explicitly, this approach has a complexity
of O((2N)2 · d), with d being the embedding dimension.

3.6.2.2 Optimized Matrix Multiplication Implementation

To overcome the inefficiency of nested loops, we reformulated the computation using
matrix multiplication. By concatenating the embeddings from both augmentations,
z1 and z2, into the matrix

Z =
[
z1
z2

]
∈ R2N×d,

and normalizing each row to obtain Ẑ, we compute the complete pairwise cosine
similarity matrix in one operation:

S = Ẑ Ẑ⊤

τ
.

This matrix S is of size 2N × 2N and contains cosine similarity scores for every
pair of embeddings, including comparisons between original data samples, between
augmentations, and between a data sample and its augmentation. Note that the
diagonal entries of S represent the self-similarity scores (which are trivially equal to
1, or 1/τ after scaling) and would skew the loss computation if not addressed. To
remove their influence, we mask these diagonal elements by setting them to −∞,
ensuring that

exp(−∞) = 0.

For the NT-Xent loss, although the numerator uses only the similarity score from the
positive pair (i.e., for each sample, the augmented pair is located at index i+, where
for the first N embeddings i+ = i + N , and for the last N embeddings i+ = i−N),
the denominator requires summing over all non-self similarity scores. Therefore, the
loss for each embedding i is calculated as:

ℓi = − log exp (Si,i+)∑2N
j=1 exp (Sij)

,
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and the overall loss is the average over all 2N embeddings:

L = 1
2N

2N∑
i=1

ℓi.

3.6.2.3 Complexity Consideration

Although both loop-based and matrix multiplication implementations have a theo-
retical complexity of O((2N)2 · d), the optimized approach benefits from highly op-
timized BLAS (Basic Linear Algebra Subprograms) routines and GPU parallelism.
This results in significantly faster execution, especially for large N .

In summary, by reformulating the computation of the NT-Xent loss using matrix
multiplication and carefully masking out the self-similarities, we obtain an efficient
implementation that scales well with the batch size while preserving the theoretical
underpinnings of contrastive learning.

3.6.3 Combining Loss Functions
When testing our new implementation of the NT-Xent loss function, we quickly
realized that while the model was learning useful representations for the contrastive
learning component, it simultaneously lost its ability to generate chemically valid
syntax, that is, the NLL loss increased significantly. This observation led us to
combine the loss functions.

To balance the objectives of contrastive learning and maintaining chemical syntax,
we adjusted the loss function by dampening the impact of NLL loss while amplifying
contrastive loss. Specifically, we reduced the NLL loss by a factor of 10 and increased
the contrastive loss by a factor of 10. The modified loss function becomes

L = 1
10
· LNLL + 10 · LContrastive (3.1)

3.7 Hyperparameter Tuning
The original network includes batch size, sequence embedding layer size, LSTM
layer size, and number of LSTM blocks as non-trainable parameters. Introducing
the contrastive learning framework and another fully connected layer further adds
intermediate (hidden) fully connected layer size and temperature as parameters
applicable for fine-tuning.

The hyperparameter tuning framework Optuna [41] was integrated, and to intain a
balanced trade-off between the computational time required for the tuning process
and the absence of knowledge of the impact of the parameters on the final perfor-
mance, the framework was set to conduct a random search in the parameter value
space listed in table ??. Given our four proposed LSTM network architectures and
three learning approaches (NLL, CL, NLL−CL), 12 hyperparameter tuning runs
were performed. The framework was set up to optimize for minimization of the
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mean sample loss. The validation set of our 2.2M ChEMBL35 based set was used
for tuning, where we selected 22.0K samples from the total of 110.0K samples. Each
run of tuning was set for 50 trials of different parameter configurations with 100
epochs each. By carrying out a vast variety of trials, we find not only suitable hy-
perparameters, but also which architecture excels in our endeavor. This evaluation
decides which architecture and hyperparameters will be used for benchmarking.

In order to reduce the heavy computations of finding the best hyperparameters,
the batch size will be selected by manually checking how the mean loss varies with
different batch sizes. The batch sizes that will be tested are 128, 256 and 512.

Parameter Value
temperature (τ) 0.05 0.1 0.5 1.0 1.5
embedding size 32 64 128 256 512

LSTM size 64 128 256 512
No. LSTM blocks 2 3 4
intermediate size 128

Table 3.1: Hyperparameters and respective values for tuning

3.8 Experimental Setup
This section introduces the experimental setups that were performed in this thesis.
The section introduces settings and the environments for model training and model
comparison through benchmarking metrics; crucial for obtain results and eventually
conclusions to answer the thesis’ research questions.

3.8.1 Experiment: REINVENT & CL framework
To establish a fair evaluation between the original implementation of a REINVENT
software-based model and a model based on a contrastive learning framework, the
models were trained under the same circumstances to ensure that we can be certain
that external factors are not impacting the results of the experiments. For example, a
CL model trained with an additional fully connected layer compared with a baseline
REINVENT model without such a layer produces a level of uncertainty. One cannot
be sure that the contrastive framework or the fully connected layer gave rise to
superior or inferior results. To ensure certainty of the impact that the framework has
on the results, models would be trained and compared under the same architecture,
with the exception of additional hidden layers that were disconnected from the NLL
head.

From hyperparameter tuning, it was decided that the architecture that achieved
the lowest sample loss for both training strategies was the intermediate architecture
(see Section 5.1 for additional information). The models would be trained with the
same choice of parameters. Given that NLL loss during training could converge at
different rates, it was decided to sample models at the specific epochs where their
NLL loss, in other words, training progress, was matching. and For each dataset
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mentioned in Section 3.1, a respective model would be trained. The tables below list
the said parameters, but exclude the final layer output size since this value depends
on the datasets.

Table 3.2: Model configuration: Training and network parameters

Network parameters
Embedding layer size 256
LSTM Layers 4
LSTM Layer Size 512
Hidden Size 512
Hidden proj. Size 256

Training parameters
Batch Size 128
Batch Shuffling None
Learning Rate (η) 0.0001
Number of Epochs 20
Optimizer Adam
Dropout Rate 0.0

3.8.1.1 Sampling & Scoring

The models were evaluated from their generated sample set. Since certain evaluation
metrics such as FCD propose a minimum of 30 000 samples, the choice was made
to sample that amount of SMILES strings. The software of REINVENT supports
both multinomial and beam search sampling. However, due to the computational
requirements of beam search, the multinomial strategy was chosen. The following
list presents all parameters involved in the sampling phase.

Table 3.3: Model configuration: Sampling parameters

Network Parameters
Sampled set size 30 000
Sampling strategy Multinomial

3.8.2 Experiment: Augmentation Techniques
This section introduces the experimental setup for the evaluation of the augmenta-
tion techniques. Several settings are similar to the main experiment in section 3.8.1,
however, this experiment was only conducted on the baseline dataset.

The experiment was set up to compare a model trained solely on randomization
augmentations and a model that utilized subgraph augmentations on top of random-
ization augmentations, respectively, referred to as MNLL−CL(R) and MNLL−CL(R,S).
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Randomization augmentation is a technique that stems from the variability that
the SMILES syntax introduces, while the subgraph technique treats the SMILES
string as a graph and extracts a small portion of the original. By choosing two
augmentation techniques that consider different aspects of the SMILES representa-
tion, the experiment aims to assess how the use of multiple augmentation strategies
influences model performance. Due to time constraints, a model trained solely on
the subgraphing technique was not tested.

Table 3.4: Model configuration: Training and network parameters

Network parameters
Embedding layer size 256
LSTM Layers 4
LSTM Layer Size 512
Hidden Layer Size 512

Training parameters
Batch Size 128
Batch Shuffling None
Learning Rate (η) 0.0001
Number of Epochs 20
Optimizer Adam
Dropout Rate 0.0
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Results

This section covers the results from the thesis’ proposed experiments to cover the re-
search questions. The notation for a baseline REINVENT model is denoted as MNLL.
Models trained solely under the contrastive framework are denoted as MCL (augment),
and models trained over the REINVENT framework in combination with contrastive
learning are denoted as MNLL−CL (augment), where augment refers to the augmenta-
tion method and can be R (randomization) or S (subgraphing).

4.1 Results From Architectural Tuning

This section covers the results of several tuning trials for the proposed architectures.
First, trials were carried out to find the optimal parameters of the network. This
was then followed by separate trials in which the parameters of temperature, τ , and
batch size parameters were isolated.

4.1.1 Results: Existing Architecture

Table 4.1: Network Architecture and Training Parameters

MCL (R) MNLL MNLL−CL (R)

Architecture Parameters
Num Layers 2 4 2
Layer Size 64 256 256
Intermediate Layer Size - - -
Embedding Layer Size 512 512 512
Sample Loss (Arch) 2.84 36.68 7.5

Training Parameters
Batch Size - 64 128
Temperature - - 0.05
Sample Loss (Train) - 36.68 6.99
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4.1.2 Results: Intermediate Architecture

Table 4.2: Network Architecture and Training Parameters

MCL (R) MNLL MNLL−CL (R)

Architecture Parameters
Num Layers 2 4 2
Layer Size 256 256 256
Intermediate Layer Size 128 512 512
Embedding Layer Size 512 512 512
Sample Loss (Arch) 2.06 23.29 3.93

Training Parameters
Batch Size 512 128 128
Temperature 1.0 NA 1.0
Sample Loss (Train) 4.43 29.85 3.87

4.1.3 Results: Intermediate-extended Architecture

Table 4.3: Architecture and Training Metrics for Baseline Dataset

MCL (R) MNLL MNLL−CL (R)

Architecture Parameters
Num Layers 2 4 2
Layer Size 256 256 256
Intermediate Layer Size 128 512 512
Embedding Layer Size 512 512 256
Sample Loss (Arch) 3.14 23.29 6.28

Training Parameters
Batch Size - - 128
Temperature - - 0.05
Sample Loss (Train) - - 7.44
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4.1.4 Results: Intermediate-isolated Architecture

Table 4.4: Architecture and Training Metrics for Baseline Dataset

MCL MNLL MNLL−CL

Architecture Parameters
Num Layers 2 4 2
Layer Size 128 256 256
Intermediate Layer Size 128 512 256
Embedding Layer Size 512 256 512
Sample Loss (Arch) 2.04 35.80 4.85

Training Parameters
Batch Size - - 128
Temperature - - 0.1
Sample Loss (Train) - - 4.84

4.2 Contrastive Learning Framework Benchmarks

In this section we will report the results of our model training and report each
respective metric. Below we have set up tables to show how we would like to report
the metrics. Apart from the tables, we will have graphs of the model’s respective loss,
and t-SNE, U-MAP and PCA plots to visualize the spread of the high-dimensional
data.

4.2.1 Baseline Dataset

Table 4.5: Metrics for baseline dataset across different architectures

Existing Architecture Intermediate Architecture
Metric MNLL MNLL−CL (R) MNLL MNLL−CL (R)

Validity 0.884 0.887 0.945 0.935
Novelty 0.985 0.982 0.956 0.962
Uniqueness 0.999 0.999 0.999 0.999
IntDiv1 0.999 0.999 0.999 0.999
IntDiv2 0.999 0.999 0.999 0.999
FCD 0.524 0.571 0.334 0.349
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4.2.2 MOSES dataset

Table 4.6: MOSES Benchmark Metrics

Existing architecture Intermediate architecture
Metric MNLL MNLL−CL (R) MNLL MNLL−CL (R)

Validity 0.913 0.909 0.954 0.971
Uniqueness@1k 1.0 1.0 1.0 1.0
Uniqueness@10k 0.998 0.999 0.996 0.993
Novelty 0.970 0.962 0.937 0.936
Filters Passed 0.977 0.985 0.986 0.993
Frag (test) 0.993 0.992 0.988 0.984
Frag (testSF) 0.991 0.990 0.986 0.985
Scaff (test) 0.790 0.773 0.742 0.559
Scaff (testSF) 0.130 0.169 0.108 0.116
SNN (test) 0.530 0.542 0.560 0.570
SNN (testSF) 0.506 0.519 0.530 0.116
IntDiv1 0.857 0.850 0.858 0.848
IntDiv2 0.851 0.844 0.851 0.842
FCD (test) 1.127 1.261 1.342 1.532
FCD (testSF) 1.712 1.789 1.860 1.866

4.2.3 GuacaMol dataset

Table 4.7: Metrics for GuacaMol

Existing Architecture Intermediate Architecture
Metric MNLL MNLL−CL (R) MNLL MNLL−CL (R)

Validity 0.840 0.839 0.922 0.917
Novelty 0.987 0.989 0.965 0.969
Uniqueness 0.999 0.999 0.999 0.999
IntDiv1 0.999 0.999 0.999 0.999
IntDiv2 0.999 0.999 0.999 0.999
FCD 0.797 0.759 0.370 0.330

4.3 Results on Augmentations
(Here we will report results on the contrastive learning framework and report what/which
method(s) of augmentations showed superiority regarding metrics. We will have
graphs here as well of the loss and the t-SNE. Below we an example of how we
would report this)
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Table 4.8: Metrics for baseline dataset: augmentation experiment

Metric MNLL MNLL−CL (R) MNLL−CL (R,S)

Validity 0.945 0.935 0.918
Novelty 0.956 0.962 0.973
Uniqueness 0.999 0.999 0.999
IntDiv1 0.999 0.999 0.999
IntDiv2 0.999 0.999 0.999
FCD 0.334 0.349 0.311
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Discussion

5.1 Architectural Tuning Evaluation
After performing hyperparameter tuning, we found that the intermediate architec-
ture yielded the best results. It outperformed the others in terms of sample loss,
which we consider to be a suitable metric for the task at hand. However, the models
were trained on a relatively small dataset, which differs significantly from the full
dataset they will be trained on in the future. This limited data led to high variabil-
ity in the results, making it challenging to conclusively determine which model or
hyperparameter configuration is truly optimal. However, due to time constraints,
this approach was the most practical given our current resources.

We are aware that models with alternative hyperparameter settings-beyond what
our tuning identified-may perform better. This means that our tuning process is not
exhaustive or definitive, but it still provides a valid and useful indication of what
configurations are promising. It is also worth noting that we primarily evaluated
models based on sample loss, but we could have used validation loss instead, which
would also have been a valid approach.

We opted for a random search strategy due to time constraints. Conducting a full
grid search across all hyperparameters would have required approximately 900 trials,
which could take up to a year to complete without parallelization. Although grid
search offers exhaustive coverage, it becomes computationally impractical with a
large number of parameters. Fortunately, with support from AstraZeneca, we had
access to sufficient computational resources to run 50 random search trials over a
few days, allowing us to explore the hyperparameter space efficiently within our time
plan.

Based on our findings that the intermediate architecture was the best performing,
we used it as one of the foundations for all subsequent experiments.

5.2 Evaluation of Model Trainings
For each dataset, we trained models using both the original (i.e., existing) archi-
tecture and the intermediate architecture derived through hyperparameter tuning.
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For each architecture, two variants were trained: one using only the NLL loss and
another combining the NLL with the CL loss. This experimental design allowed us
to assess the impact of architectural modifications on model performance and iso-
late the effect of incorporating contrastive learning. Interestingly, the results varied
notably across datasets-some showed clear improvements with the tuned architec-
ture or CL integration, while others exhibited performance degradation. These un-
expected variations highlight potential dataset-specific interactions between model
configuration and learning objectives, which we analyze in detail in the following
section.

5.2.1 Baseline Dataset Evaluation
The results in the baseline dataset, as shown in Table ??, demonstrate promising
generative capabilities in both architectures. Although both models achieved consis-
tently high scores on uniqueness and internal diversity (IntDiv1 and IntDiv2), slight
differences in other metrics were observed depending on the architecture and loss
configuration.

In the existing architecture, the model trained with the contrastive learning frame-
work (MNLL−CL) achieved a marginally higher validity score (0.887 vs. 0.884) com-
pared to the model only with NLL (MNLL). However, it showed a slight drop in
novelty (0.982 vs. 0.985). Interestingly, the FCD (Fréchet ChemNet Distance) score
improved with CL (0.571 vs. 0.524), suggesting enhanced chemical relevance or
distributional similarity to the training data.

With the intermediate architecture, the contrastive learning model again showed
slightly higher novelty (0.962 vs. 0.956), while validity decreased by approximately
1% (0.935 vs. 0.945). As with the existing architecture, FCD improved modestly
when using CL (0.349 vs. 0.334). Uniqueness and diversity metrics remained satu-
rated across all configurations.

These findings suggest that, while the incorporation of contrastive learning yields
marginal trade-offs across some metrics, it may offer benefits in distributional align-
ment, as indicated by FCD. However, the effects appear to be architecture-dependent,
underlining the importance of tuning the model structure and training objectives in
tandem.

5.2.2 MOSES dataset evaluation
In the analysis of the results of the MOSES dataset, the metrics indicate promis-
ing generative capabilities across different architectures, with particular highlights
observed in the use of the intermediate architecture. Both the existing and inter-
mediate architectures maintained high scores in terms of uniqueness and internal
diversity, demonstrating their proficiency in generating a wide range of distinct
molecular entities. In particular, the intermediate architecture that uses the con-
trastive learning framework (MNLL−CL) achieved an especially high validity score of
0.971, surpassing the configuration with only NLL, which recorded a score of 0.954.
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This underscores the superiority of contrastive learning in preserving the chemical
validity of structures within this architecture.

Despite this improvement in validity, the novelty of the molecules dropped slightly,
with the NLL-CL configuration achieving a score of 0.936 compared to 0.937 in
the NLL-only model. This highlights the potential trade-off between generating
chemically valid structures and exploring novel chemical spaces. Interestingly, the
FCD score was worse in both existing and intermediate architectures when the
contrastive learning framework was used, suggesting that the generated molecules
were less aligned with the distribution of the training data, thus rendering them
potentially more irrelevant or dissimilar chemically.

5.2.3 GuacaMol Dataset Evaluation
Unlike the other datasets, the contrastive framework models showed consistently
better results compared to the REINVENT framework models under the GuacaMol
dataset. The slightly superior novelty and FCD scores across both architectures
show some promise of greater generational capabilities. However, the validity was
shown to be somewhat lower by 0. 05%, suggesting that contrastive learned models
almost captured the SMILES syntax, as well as REINVENT trained models.

5.3 Augmentation Experiment Evaluation
The experiment, which used a combination of randomization and subgraph tech-
niques for data augmentations, produced somewhat more interesting results. Al-
though the model based on this combination achieved lower validity compared to
the REINVENT and contrastive model with randomization augmenting, it did prove
to be superior by almost 1,7% in novelty, and an FCD score of 0.311 compared to
the REINVENT model’s score of 0.334.

This discovery could hint that constructing more positive and negative pairs of
SMILES samples for each batch is beneficial to the model’s capabilities to produce
samples that are distinguishable from the original training sets. These findings could
also suggest that not only does the number of positive and negative pairs positively
impact performance, but when other classes of varied samples are introduced, the
performance of novelty increases as well.

5.4 General Evaluation
Examining the results in all datasets, as presented in Table 4.5, Table 4.6, and
Table 4.7, there is no conclusive evidence to suggest that the contrastive learning
framework consistently outperforms the baseline in any specific metric. Performance
varies notably between datasets, raising the question of whether dataset-specific
hyperparameter tuning could have yielded different outcomes.

However, what is consistently observable is the superior validity performance of the
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intermediate architecture across all datasets and configurations. This gain in validity
appears to come at the cost of reduced novelty. Furthermore, the results suggest that
the use of multiple augmentation techniques can enhance the overall capacity of the
model to generate new compounds and achieve a lower FCD, indicating improved
distributional alignment with the reference set.

5.5 Assessment Reliability
A major discussion point is the analysis of the model metrics. For each dataset, archi-
tecture, and training strategy, only one iteration of sampling and scoring was carried
out. Obtaining results and drawing conclusions on this topic could potentially in-
troduce a degree of uncertainty. Instead, several sampling and metric calculations
should be performed to obtain average scores and standard deviations to gain more
certainty in the results.

5.6 Unpredicted Behavior & Other Discoveries
A key parameter crucial to analyze during training is the gradient. The loss gradi-
ents of the negative log likelihood followed a pattern in which the gradients did not
explode nor vanish. However, the gradients of the loss of NT-Xent were incredibly
close to zero, even during the very first iterations of forward propagation and BPTT
during all trainings. Although after several iterations this behavior seemed to dis-
appear, they were smaller in magnitude in comparison to the gradient of the NLL
loss. It is important to be critical when gradients are redundant as it means that the
learnable parameters of the network are not affected and updated in a meaningful
way. The contrastive framework utilizes weighting of the NLL and NT-Xent losses
to maintain a balance of influence from the objective of both functions. However,
the parameter update will not be influenced by the NT-Xent loss if those respective
gradients are (close to) zero. It is emphasized that this issue is important to investi-
gate further to better understand if this is expected behavior in contrastive learned
LSTM networks for de-novo molecular generation.

Further unpredicted behavior of the augmented SMILES strings was also found.
After passing through the LSTM block of the network during forward propagation,
the final hidden states of each respective pair of augments were extremely similar.
Due to the complex computations performed by the LSTM, it is difficult to tell what
the cause of such behavior is. If further work based on the implementation in this
thesis is to be carried out, it is strongly suggested that this behaviour is properly
investigated.

5.7 Future work
It is worth noting that the contrastive framework is not limited to the implementa-
tion of this thesis. Using the final hidden state from the LSTM layers can in many
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ways be argued for is suitable when later applying the loss function, since it captures
the entire SMILES sequence.

Other similar approaches that were considered but not tested due to time constraints
were to use the hidden state at every time step t (output) of the final LSTM layer for
contrastive learning. The output, in a similar sense to the final hidden state, contains
information about the entire sequence and could therefore be a valid candidate in
the use case of contrastive learning. It can be argued for that data representations
throughout the network that contain some meaningful information about an input
SMILES sequence is usable for maximizing the agreement, and by this principle it
would also be feasible to use the output SMILES embeddings after the embedding
layer.

A general approach that was not considered during the project was training in stages
(pre-training). In this work, model training was performed in a single stage of for-
ward propagation and BPTT under several epochs. A key issue that was faced
during the training was that the NLL loss and the NT-Xent loss strongly affected
each other. It could therefore be suitable to utilize contrastive learning as a form
of pre-training for NLL loss to be applied in later steps. Pre-training approaches
have shown to be proficient in settings with transformer architectures for de-novo
molecule generational tasks. In practice, the pre-training could be applied to the
entire network, or separate layers. However, each respective learning strategy min-
imizes loss in different aspects. It could therefore be suitable to pre-train specific
layers, freeze them (learnable parameters are fixed and cannot be changed), and
perform a final step of training. For example, pre-training and freezing embeddings
under contrastive learning could perhaps maintain knowledge in the network of sim-
ilar and dissimilar, and then finetune for the downstream task of de-novo molecular
generation.

The findings of the experiment in which two methods of augmentation were used
need to be further investigated. Although the results from the experiment hint that
a combination of augmentations is superior to simply using a single method of aug-
mentation for novelty, it cannot be concluded whether subgraphing or randomization
on their own are better than the other. In addition to this, several other methods,
such as edge perturbation, node drop, and attribute masking, should be tested to
get a better grasp of the limitations of contrastive learning in this setting. Although
testing a large number of combinations requires a large amount of computing power,
exploring the limits for molecular de-novo generative models should remain a high
priority.
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This thesis leveraged AstraZeneca’s current LSTM neural network to incorporate
representation learning in the form of contrastive learning. This required building
algorithms to draw augmentations of SMILES data to obtain positive, low contrast
pairs. In accordance to this, the core algorithm to compute the NT-Xent loss that
strives to pull together positive pairs and repel negative pairs was created. In ad-
dition to this, the network was modified by creating a custom forward propagation
function to process SMILES augmentations to obtain their final hidden states, and
further reduced the dimension (and noise) of said state by adding a second fully
connected layer to the network. To assess the performance of the models, bench-
marks were carried out through a self-implemented benchmarking suite for validity,
uniqueness, novelty, internal diversity and FCD were implemented. The MOSES
benchmarking suite was also used in accordance with that dataset of SMILES. This
methodology was conducted to answer the following research questions:

• RQ1: Does a model trained to minimize the negative log likelihood of SMILES
strings and trained to maximize agreement between positive SMILES repre-
sentations on a LSTM neural network prove superior to models trained only
to minimize the negative log likelihood on LSTM neural networks for SMILES
string generation in the REINVENT platform, in generating SMILES with
greater novelty, diversity and validity?

• RQ2: Does training to maximize agreement between SMILES representations
for the SMILES generation task benefit from using more than one method of
SMILES augmentation by using different, and more positive pairs of SMILES
representation during training, in regards to novelty, diversity and validity?

It can therefore by the work of this thesis be concluded that:

• RQ1: Incorporating contrastive learning into the current REINVENT LSTM
neural network did not prove to be superior nor inferior in terms of novelty,
diversity and validity in comparison to the REINVENT trained models. Due
to high scores on uniqueness, it cannot be properly deduced if contrastive
learning has produced fewer enumerations of SMILES.

• RQ2: Using a combination of randomization and subgraphing gives hints
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that using more than one augmentation technique can prove superior to using
a single augmentation method, and could prove superior to core LSTM neural
networks for the de-novo molecular generation task, but does not explicitly
reveal their stand-alone superiority.

The purpose of this thesis was to address if representation learning through con-
trastive learning is applicable on LSTM neural networks with the downstream task
of de-novo molecular generation, and to further understand its capabilities and lim-
itations in this setting. We believe that this thesis has contributed with hints that
contrastive learning is applicable in LSTM neural networks to build stronger, and
more generalized foundation models in terms of novelty and drug-likeliness. Due to
scores on uniqueness being either very similar between learning strategies or close
to 100% across experiments, it cannot be determined if contrastive learning has de-
creased the amount of SMILES enumerations in the generated sets. This work has
laid ground for future appliances of contrastive learning in the endeavour of finding
future drug candidates in LSTM neural networks.

Given the reliability of the conducted experiments, it is crucial that future work
consider broadening the testing space, with other suggested methods of training,
and possibly other methods of augmentations. On top of this, it is recommended
that models based on the projects implementation are thoroughly assessed its further
use case in narrowed drug space searches before industry deployments.
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