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Abstract
In recent years, language modeling architectures have become increasingly promi-
nent in the field of generative chemistry, offering new approaches for the de novo
design and optimization of small molecules. This thesis presents a comparative
study of two emerging architectures: the decoder-only Transformer and the Mamba
architecture, and a conventional Recurrent Neural Network with LSTM cells. The
investigation explores how choices in training data, including a targeted medicinal
dataset (ChEMBL) and a chemically broad dataset (PubChem), as well as data
augmentation via randomized SMILES representations, influence generative capac-
ity and chemical space coverage. In addition to this, task-specific optimization of
models through reinforcement learning is studied, and the models are compared with
respect to their ability to generate diverse molecules with desired properties.

Through pretraining experiments, it is shown that while the Mamba and RNN ar-
chitectures reach their optimum performance significantly faster, the decoder-only
Transformer achieves the highest validity and uniqueness in molecular generation.
Training on PubChem, as opposed to ChEMBL, generally enhances validity and
uniqueness but tends to reduce novelty, indicating a trade-off between chemical
space saturation and innovation. As for data augmentation through randomization
of SMILES, this helped all models refrain from memorizing the dataset, resulting in
higher novelty across architectures and datasets.

Reinforcement learning experiments further reveal that all three architectures are
capable of optimizing toward specific molecular properties, with the decoder-only
Transformer and Mamba each exhibiting distinct strengths depending on the opti-
mization task. Regarding the pretraining condition’s effect on reinforcement learn-
ing, ChEMBL-trained models outperformed those trained with PubChem on mul-
tiple tasks, and all architectures, but especially Mamba, benefitted from being pre-
trained with randomized SMILES. Notably, even reduced-parameter models, such
as a downsized decoder-only Transformer variant, perform competitively relative to
larger architectures.

Keywords: Deep learning, chemistry, drug design, mamba, ssm, state space, trans-
former, LSTM.
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1
Introduction

Developing a new drug is a complex task that conventionally relies on human exper-
tise and iterative experimentation [1]. The process begins with a medicinal chemist
or biologist identifying a biological target for a disease, such as a protein or gene.
Once the target is chosen, experienced chemists employ their deep understanding of
molecular structures and interactions to design and synthesize candidate molecules.
This is not simply a matter of following textbook rules or rigid algorithms; rather, it
requires both creativity and accumulated scientific knowledge. Once successfully syn-
thesized, molecules are refined through multiple rounds of testing and optimization
to enhance potency as well as safety. Despite advances in our understanding of biol-
ogy and chemistry, this conventional, human-driven approach to drug design faces
significant limitations. The process is not only slow and labor-intensive, but it also
struggles to efficiently explore the immense number of possible drug-like molecules,
which is estimated to be as large as 1023 to 1060 compounds [2]. While it can
be worthwhile to recreate and incrementally modify known drugs, medical progress
depends on the ability to design and synthesize novel molecules that can address un-
met clinical needs. Despite the astronomical number of potential drug-like molecules,
pinpointing one structure that perfectly balances novelty, efficacy, and safety is an
immense challenge, akin to finding a needle in a haystack. Hence, balancing the
many competing objectives in drug development, such as safety, absorption, and
metabolism of a drug, often exceeds what can be systematically addressed by man-
ual methods alone [3]. This is where data science and artificial intelligence (AI) offer
transformative potential, reshaping the landscape of small-molecule drug discovery
and development by complementing human expertise with advanced computational
approaches.

The integration of AI technologies into the drug development pipeline offers the pos-
sibility of navigating vast chemical spaces, optimizing multi-objective criteria, and
reducing the traditionally high costs and lengthy timelines associated with bringing
new therapies to market [4]. Importantly, these data-driven approaches can am-
plify, rather than replace, human expertise by extracting actionable knowledge from
increasingly complex and high-dimensional biological and chemical data.

Generative AI techniques for molecule design have been explored for years, with
researchers employing diverse architectures such as recurrent neural networks, gen-
erative adversarial networks, and graph-based models to create novel chemical struc-
tures [5, 6, 7]. Building on this foundation, recent advances in large language models

1



1. Introduction

(LLMs) and sequence-based deep learning architectures have inspired the develop-
ment of chemical language modeling. Originally developed for natural language
processing, these models have demonstrated remarkable effectiveness in represent-
ing, generating, and optimizing small molecules using textual representations [8, 9,
10]. By leveraging the flexibility and scalability of transformers and other autore-
gressive models, researchers can perform de novo design, generating novel chemical
structures with tunable properties and rapidly exploring chemical space in a data-
driven manner [11, 12]. While these models offer the ability to learn and represent
vast chemical distributions, it is important to recognize that the underlying training
data fundamentally defines the chemical space accessible to any language model.
The breadth and diversity of this data set, as well as any biases it may encode, play
a central role in shaping the generative capacity and practical utility of language
model architectures for de novo molecular design.

A development in this area is the integration of reinforcement learning (RL) frame-
works into molecular generation workflows [13, 14]. RL allows for the iterative
optimization of generated molecules towards user-defined objectives, such as how
well a molecule attaches to a biological target or how easy it is to produce. This is
done by treating molecule generation as a goal-directed process, where a generative
model learns to generate molecules for a specific task. This use of language model
architectures together with RL enables the direct steering of molecular exploration,
balancing the dual needs of novelty and optimality in candidate design.

In this work, a selection of emerging architectures for language modeling is investi-
gated, focusing on how language modeling can be exploited to generate chemically
valid and diverse molecules. By studying the contents and structure of the generated
molecules, the architectures’ ability to capture and encode the chemical space is also
investigated. As a model’s accessible chemical space is defined by its training data,
this work compares two datasets: a smaller, curated set focused on drug discovery
and medicinal chemistry, and a larger, more diverse set that includes substances
beyond pharmacology and drug development. Further, the integration of reinforce-
ment learning strategies to optimize models for specific drug discovery tasks, such
as maximizing target activity and similarity to a query compound, is investigated.
This study aims to provide a systematic evaluation of emerging language model-
ing architectures for molecular generation and their integration with reinforcement
learning, with the goal of informing future development of AI-driven methods in
early-stage drug discovery.

1.1 Background
Drug discovery is an interdisciplinary field that integrates knowledge from biology,
chemistry, and computational sciences to design molecules that precisely interact
with specific biological targets. Cheminformatics, positioned at the intersection of
chemistry and computational science, offers computational tools to analyze, repre-
sent, and predict properties of molecules, accelerating the identification and opti-
mization of candidates.
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Drugs are made up of molecules, each formed by atoms arranged in precise patterns.
The way these atoms are bonded together and the resulting three-dimensional struc-
ture of the molecule play a key role in determining how the drug interacts with its
intended biological target [15]. Designing an effective drug requires meeting a range
of specific criteria, and de novo molecular design focuses on creating entirely new
chemical compounds that fulfill these requirements.

A cornerstone of modern cheminformatics and compound design is the existence
of large, publicly accessible molecular databases. Among the most widely used
are ChEMBL [16], which curates bioactive molecules with drug-like properties such
as molecular weight and the presence of functional groups commonly seen in mar-
keted drugs. For example, ChEMBL includes compounds with desirable absorption
and stability profiles. Another key resource is PubChem [17], an extensive open
chemistry database housing information on millions of compounds, their structures,
properties, and biological activities. These resources support data-driven molecular
design by offering diverse chemical structures and associated bioactivity data.

Another central aspect of cheminformatics and de novo design is the concept of
molecular representation [18]. While it is common to see molecules represented as
graphs, with nodes and edges corresponding to atoms and bonds, textual representa-
tions such as SMILES [19] are prevalent within cheminformatics. The details of how
the SMILES representation encodes molecular structure is described in the theory
Section 2.1. Because the SMILES representation depends on the order in which
atoms are traversed in the molecular graph, a single molecule can be described by
multiple, equally valid SMILES strings; generating these alternative forms by ran-
domly varying the starting atom and the way that the molecular graph is traversed,
known as randomized SMILES, is a useful strategy for data augmentation.

These string representations facilitate the application of sequence-based generative
models, which generate molecules character-by-character as valid SMILES strings.
Early work in this area utilized recurrent neural networks (RNNs) [20], a deep learn-
ing architecture with recurrent units that enables them to remember information
from prior inputs. This allows them to capture dependencies across time, mak-
ing them well-suited for modeling the sequential nature of SMILES strings. More
recently, transformers [21, 22] have replaced RNNs for many tasks, and are used
as the core architecture behind many LLMs today. Transformers make use of a
self-attention mechanism to capture the relationship between different parts of a
sequence. A newer deep learning architecture called Mamba [23] has started gain-
ing interest because it uses a different method to efficiently handle and learn from
sequences, making it especially fast during inference.

The REINVENT4 framework [14], developed at AstraZeneca, is a library of molecu-
lar design tools that aims to aid researchers in their design of small molecules. REIN-
VENT4 utilizes an RNN architecture that has been pretrained on a large dataset
of molecules represented as SMILES strings. This pretrained model, referred to as
the prior, captures the underlying distribution of the SMILES in the training data,
serving as the initial generator in the de novo molecule design process. To guide
the design of molecules towards desired properties, REINVENT4 integrates RL for
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goal-directed optimization. Within this RL framework, the user is able to define a
scoring function, also known as an oracle, which quantitatively evaluates candidate
molecules. The scoring function can encompass a wide spectrum of properties, such
as predicted activity or physicochemical characteristics.

1.2 Objective and Research Questions
The primary objective of this study is to evaluate the capabilities and limitations of
emerging language modeling architectures for the de novo generation and optimiza-
tion of small molecules for drug discovery. By investigating how different language
model architectures and the training data influence the diversity, validity, and chem-
ical relevance of generated compounds, this work aims to provide insights that can
inform the further development of AI-driven molecular design methods. In partic-
ular, this thesis seeks to explore the practical impact of training data selection on
various architectures, as well as the architectures’ susceptibility to reinforcement
learning optimization. For this purpose, three different architectures will be studied:
(1) The RNN, (2) The decoder-only Transformer, and (3) The Mamba architecture.

To address the overarching objective, the following specific research questions are
posed:

• How do the RNN, the decoder-only Transformer, and the Mamba architecture
perform in generating chemically diverse and valid small molecules?

• How does the choice of training data, comparing a curated medicinal focused
set (ChEMBL) with a larger, chemically broader dataset (PubChem), affect
the chemical space that can be generated and explored by these models? In
addition to the two different datasets, the effect of augmenting the training
data through randomized SMILES is studied.

• How do the different architectures respond to reinforcement learning for molec-
ular optimization, in terms of generating diverse molecules with desired prop-
erties?

1.3 Limitations
The primary limitations of this thesis, due to constraints in time and prior knowl-
edge, are the restricted set of architectures investigated. There exists a plethora
of sequence-based architectures and variations thereof, many of which were beyond
the scope of this study to explore. As a result, the conclusions drawn here may
not generalize to architectures or approaches not included in the evaluation. Ad-
ditionally, this work relies on specific training datasets, which inherently limit the
chemical space accessible to the models and may introduce biases related to dataset
composition and curation.

Further, the hyperparameter tuning has been limited, and hence the models em-
ployed in this thesis do not represent the optimal configuration of each respective
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architecture. As a result, their comparative performance could be influenced by
suboptimal parameter choices rather than intrinsic differences in architectural de-
sign. Optimal finetuning of each architecture separately could potentially lead to
increased downstream task performance, but differ in impact between architectures.

Moreover, the evaluation of model performance and generated molecules has been
carried out using in silico metrics such as chemical validity, diversity, and predicted
activity. While being informative, these assessments may not fully capture real-
world factors such as synthetic accessibility, biological efficacy, or safety. Experi-
mental validation of the generated molecules was not performed, and thus the true
applicability of these results to practical drug discovery remains uncertain.

All architectures, as well as training and RL regimes, were implemented as a part
of the REINVENT4 framework. While this ensures consistency across experiments,
it also means that findings are closely tied to the specific features and constraints
of REINVENT4s implementation. Any unexamined limitations of the framework
itself may therefore influence the observed performance and outcomes.

Lastly, the interpretability of the models and the rationale behind their choices
have not been systematically explored in this work. As such, understanding of
the decision-making process remains limited, which may pose challenges for model
transparency and trustworthiness.
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Theory

To use language model architectures for the generation of molecules, a textual repre-
sentation of molecules is utilized, namely SMILES (Simplified Molecular Input Line
Entry Specification) [19], which encodes molecular structures into strings. Using
this textual representation, various language model architectures (such as RNNs
[20], Transformers [21], or Mamba [23]) can be trained to generate molecules that
reflect the data on which they have been trained. Once trained on a large set of
SMILES, models can be focused on generating molecules with desired properties.
This is done through reinforcement learning, through which a model is trained to
maximize a score defined by the user. The process employ enhanced sampling,
meaning that all molecules generated during reinforcement learning are collected.
The theoretical details of this procedure will be described in the following sections,
setting the stage for how these components come together in the methodology to
answer the research questions of this thesis.

2.1 Simplified Molecular-Input Line-Entry System
(SMILES)

SMILES (Simplified Molecular Input Line Entry System) is a notation method that
represents chemical structures using short ASCII strings. It is widely used for the
input and storage of molecular information in computer-assisted chemistry as it
allows for the compact representation of complex structures. In the SMILES syntax,
atoms are represented by their atomic symbol, such as C for carbon and O for
oxygen. Hydrogen atoms and most single bonds are usually implicit; hydrogens are
inferred from each atom’s standard valence, and single bonds are omitted from the
notation, whereas there are special notations for double, triple and aromatic bonds.
The SMILES syntax also includes syntax to describe properties such as aromaticity
and stereochemistry.

As an example, Aspirin C9H8O4, can be represented by the SMILES string:

CC(= O)Oc1ccccc1C(= O)O.

The SMILES string is constructed by traversing the molecular graph, making the
SMILES path-dependent as the SMILES string is generated based on the order in
which atoms are traversed through the molecular structure. Hence, for one com-
pound, there exist many different SMILES representations as illustrated in Figure
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2.1. To be able to identify if two SMILES strings represent the same compound,
the strings can be canonicalized, i.e., converted into a unique, standardized form.
However, this also means that a dataset can be augmented through randomization
of a compound, where the first atom is chosen randomly and the molecular graph is
traversed starting from this atom.

START

END

CC(=O)Oc1ccccc1C(=O)O

(a) Canonical path over the Aspirin
molecule and corresponding SMILES
string.

(b) Random path over the Aspirin
molecule and corresponding SMILES
string.

Figure 2.1: The Aspirin molecule, its canonicalized and randomized representations
with starting nodes indicated by “START” in blue, and the path traversed to produce
the SMILES string indicated by blue arrows. For the canonicalized representation,
the starting node is chosen through a deterministic atom ranking algorithm, whereas
for the randomized representation, the starting node is chosen at random.

2.1.1 Molecular Scaffolds

The molecular scaffold refers to the core structure of a molecule and characterizes
its overall shape and connectivity. One such molecular scaffold is the Bemis-Murcko
scaffold [24] (which we will refer to simply as Murcko scaffold). It is derived by
removing side chain atoms, creating a reduced molecular graph. The scaffold can
then be genericized into a generic scaffold, which is created by first identifying the
Murcko scaffold of a molecule, and then genericizing it, meaning that all atoms in
the scaffold are replaced with carbon atoms, and all bonds are converted to single
bonds (other kinds of scaffolds exist and can also be genericized). The result is
called a generic Bemis-Murcko scaffold, which further abstracts the molecule by
focusing only on the topological framework. In Figure 2.2, the Murcko scaffold and
the generic scaffold of a modified Aspirin molecule can be seen. The scaffolds make
it possible to characterize groups of molecules based on their structure, providing a
measure of variation in a larger group of molecules.
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Figure 2.2: The Aspirin molecule with one of the carbon toms in the aromatic ring
replaced by nitrogen, its Murcko scaffold, and its generic scaffold. The Murcko
scaffold is derived by removing the two side chains of the Aspirin molecule, leaving
only a hexagonal, aromatic ring. The generic scaffold is derived by replacing all
atoms with Carbon atoms and all bonds with single bonds.

2.1.2 InChI and InChI Keys
Apart from the canonicalized SMILES format, a compound can also be identified
using the International Chemical Identifier (InChI), which is a textual identifier for
chemical substances. InChI representations are unique for every compound, meaning
that non-canonicalized molecules and canonicalized molecules have the same InChI
representation. Every InChI describes a compound in terms of layers of information,
separated by “/”. This InChI can be hashed to create a so called InChI key with a
fixed character length of 27.

As an example, the Aspirin Molecule C9H8O4, is identified in InChI format as

1S/C9H8O4/c1−6(10)13−8−5−3−2−4−7(8)9(11)12/h2−5H, 1H3, (H, 11, 12),

with the corresponding InChI key

BSY NRY MUTXBXSQ − UHFFFAOY SA − N.

The use of InChI keys enables efficient and safe comparison between two molecules.

2.2 Tokenization and Embedding
To create a representation of the SMILES string that the generative model can
learn, the SMILES strings are tokenized as illustrated by Figure 2.3. This is done
by creating a vocabulary in which each distinct sequence of characters corresponding
to a chemical component in SMILES is mapped to a unique integer. For example,
the carbon atom, represented by C in the SMILES syntax, may be assigned the token
23. In addition to tokens corresponding to the SMILES syntax, the vocabulary also
holds a token to indicate the beginning of a new sequence, the beginning-of-sequence
token (BOS), and a token to indicate when a sequence is finished, end-of-sequence
token (EOS).
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CC(=O)Oc1ccccc1C(=O)O [1,23,23,...,2]
Tokenization

Figure 2.3: Tokenization of the Aspirin SMILES string. The SMILES string is
tokenized, i.e., each character is mapped to an integer value using the vocabulary. In
this vocabulary, the BOS token is represented by 1, and the EOS token is represented
by 2.

After tokenization, an embedding layer maps these token representations of SMILES
into continuous vectors. The weights in the embedding layer are learned features
and make the model better understand the relationships and semantics between
different tokens. This is a crucial part of how language models work. All models in
this thesis operate on embedded tokens and not the tokens themselves.

2.3 Model Architectures
Deep learning architectures serve as the structural blueprints for how models process
and learn from data. At its core, the architecture consists of multiple layers of
connected neurons, and the unique ways to organize and connect these defines the
various architectures from each other. In the context of chemical language modeling,
with SMILES strings being encoded into sequences of tokens, the task requires
models capable of processing sequential data. Throughout this section, we aim
to explain the three different architectures that were considered in this thesis: (1)
The Long Short-Term Memory (LSTM) Recurrent Neural Network (RNN) [25], (2)
the Transformer architecture and its derivative: the decoder-only Transformer [21],
and finally (3) State Space models in the Mamba architecture [23].

2.3.1 Recurrent Neural Networks
The Recurrent Neural Network (RNN) is a fundamental deep learning network ar-
chitecture designed to process ordered sequential data such as time series, text, or
speech [20]. By feeding an RNN sequential data as input, the network can learn to
predict, classify, or generate the succeeding data point. To describe the order of the
sequence, we refer to time steps, however, these time steps do not necessarily have
to be in time but can be, for example, the order of characters in a string.

The RNN is made up of three types of layers: an input layer x, hidden layer(s) h,
and an output layer o. Apart from connections from the input layer to the hid-
den layer(s), and hidden layer(s) to the output layer, the recurrent neural network
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contains feedback connections from a hidden layer to the hidden layer itself. For
visualization purposes, we can unfold the RNN, as seen in Figure 2.4. When un-
folded, the sequential nature of the RNN is clearer as the input from time step t − 1,
xt−1, is used to calculate the hidden layer output ht−1, which is used to calculate
the output ot of the succeeding hidden layer ht. In more detail, the output ot is
computed through

at =b1 + Wht−1 + Uxt

ht =σ(at)
ot =b2 + Vht

(2.1)

where b1 and b2 are biases, and U, V, and W are weight matrices for the connec-
tions between the different layers. σ denotes the activation function, often set to a
sigmoid function or ReLU. These weights are the primary learnable parameters of
the network and are updated during training, usually via backpropagation through
time. An RNN will use the entire sequence of data to predict, classify, or generate
the output. In financial time series, an RNN can be used to predict tomorrow’s stock
price based on a previous time period. For text, an RNN can be used to generate
the next word or character based on an input start sequence. One limitation of
RNNs is that during training, for long input sequences, the influence of earlier data
entries can become vanishingly small due to repeated transformations as information
is propagated through many time steps. This is due to backpropogation using gradi-
ents to update the weights, and that these gradients can become vanishingly small
in the computation of the gradient over many time steps; a problem known as the
vanishing gradient problem. This makes it challenging for RNNs to retain long-range
dependencies, since information from early in the sequence is compressed and can
be “forgotten” by the time the last output is computed. This was partially solved
by a subclass of RNN called Long Short-Term Memory (LSTM).
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Figure 2.4: Schematic illustration of a Recurrent Neural Network (RNN) architec-
ture. U, V, and W are the weight matrices that map the input x to the hidden
layer h, the hidden layer h to the output layer o, and the hidden layer to the hidden
layer itself, respectively. The left side depicts a single RNN unit, which processes an
input at time step t, xt, and produces a hidden state ht by combining the current
input with the previous hidden state ht−1. The right side shows the corresponding
unfolded RNN across multiple time steps. Each RNN unit shares parameters and
passes its hidden state to the subsequent time step.

2.3.1.1 Long Short-Term Memory

One popular offspring of RNN is the Long Short-Term Memory (LSTM) [25]. This
development of the RNN tackles the vanishing gradient problem. In other words,
LSTMs are better at making the network “remember” information from longer se-
quences, or “periods of time”. In the LSTM the hidden neurons of the RNN are
replaced by computation units, so-called cells, that are designed to reduce the van-
ishing gradient problem.

The core of an LSTM cell is the cell state, which can be thought of as a memory
line carrying information across many steps in a sequence, from cell state Ct−1 to
the next cell state Ct as visualized by the top most horizontal line in Figure 2.5.
At each step, the LSTM decides how much information to add, remove, or keep in
this memory. LSTMs use gates to control what happens to the information at each
step. Each gate is made up of a neural network layer that uses a sigmoid activation
function. This allows the gate to act like a filter or switch, letting some information
pass through while blocking or discarding other information.
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Figure 2.5: A schematic illustration of an LSTM cell. Within each cell, information
flow is controlled by gates (forget, input, and output gates) marked with a σ followed
by a multiplication ⊗. Into the cell goes (1) the input at the current time step xt,
(2) the hidden state from the previous time step ht−1, and (3) the cell state from the
previous time step Ct−1. From these, the hidden state ht and the cell state Ct are
computed and updated. Element-wise multiplication ⊗ and addition ⊕ operations
combine and updates states within the cell.

There are three main gates in every LSTM cell: the forget gate, the input gate,
and the output gate. The forget gate decides what information from the previous
cell state should be thrown away. The input gate determines what new information
should be added to the cell state. The output gate decides what part of the updated
cell state should be sent as the LSTM’s output for the current time step. At each
step as a sequence flows through the LSTM, these gates work together to update
the cell state. The LSTM network consists of a chain of cells, one for each data
point in the sequence.

LSTMs were developed to address the vanishing gradient problem, allowing the net-
work to retain and propagate information over longer sequences. In classic RNN
and LSTM architectures, each input token is processed sequentially and the hid-
den state representation has a fixed size, independent of the input sequence length.
However, this inherently sequential processing limits parallelization during training
and inference. Transformer architectures overcome this limitation by processing all
tokens in parallel using a self-attention mechanisms.

2.3.2 Transformers
As of 2025, many large language models (LLMs), including DeepMind’s Gemini [26],
Meta’s LLaMA [27], and OpenAI’s GPT model series [28, 29, 30, 31] build on the
work introduced by Vaswani et al. [21]. Their proposed transformer architecture
significantly advanced the performance of deep learning models on natural language
processing tasks such as translation, summarization, and text generation, as seen in
tools like OpenAI’s ChatGPT.
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The transformer relies on two key innovations: the attention mechanism and the
encoder-decoder architecture. These developments emerged as solutions to core
limitations in earlier sequential models such as RNNs and LSTMs, which struggled
with long-range dependencies and parallelization.

2.3.2.1 Attention

The attention mechanism is based on the notion of selectively allowing models to
become more influenced by the salient details and dynamically ignore less important
information throughout the sequence. The mechanism was introduced by Bahdanau,
Cho, and Bengio [32] in 2014 as a method to tackle the issue of using a fixed-length
input and hidden state as demanded by RNNs. As RNNs compress all prior input
information into a fixed-length hidden state, which causes information bottlenecks,
especially for longer sequences. With the attention mechanism, however, each token
is allowed to directly access all previous tokens in the sequence, without having to
compress information. This removes the bottleneck of compressing all information
into a fixed-length vector, making it easier to handle longer or more complex se-
quences. The attention mechanism was developed further by Vaswani et al., who
introduced scaled dot-product attention and transformers [21] as an alternative to
previous sequential network models.

The scaled dot-product attention (simply attention from hereon) maps the input
sequence vector to three separate linear projections forming the key, query, and
value vectors. Then, attention scores are generated using the key and query vectors
of dimensions d. The attention scores are generated using the dot products of the
query with all keys, divided by

√
d, and passed through the softmax function. This

is done all at once for one sequence, as the full set of queries, keys, and values
is packed into matrices Q, K, and V. This is what makes training transformers
parallelizable. The attention score is calculated as

Attention(Q, K, V) = softmax
(

QKT

√
d

)
V, (2.2)

where softmax normalizes the input into a probability distribution through

softmax(z)i = exp (zi) /
∑

j

exp (zj) .

Following the attention mechanism, multi-head attention was introduced. Rather
than relying on a single set of attention calculations, the queries, keys, and values
are projected in h subspaces called “heads”. While one of these computations is
done on one head, Multi-Head attention performs the attention computation across
multiple heads, h, in parallel as illustrated in Figure 2.6. Each head can learn
different aspects of the data, as it allows the model to focus on different parts of the
input sequence simultaneously.

Formally, for each of the h heads, the input matrices Q, K, and V are linearly
projected using parameter matrices WQ

i , WK
i , and WV

i (where i denotes the specific
head), each with specific dimensions to split the internal representation across the
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heads. Each head independently computes its attention output following Equation
2.2, but with these transformed projections. The individual attention outputs from
all heads are then concatenated and projected once more with a parameter matrix
WO to form the final output of the multi-head attention block. This process is
described by:

MultiHead(Q, K, V) = Concat(head1, . . . , headh)WO (2.3)

where each head is computed as

headi = Attention(QWQ
i , KWK

i , VWV
i ). (2.4)

Figure 2.6: A visualization of multi-head attention [21]. ”Attention Is All You Need
- Multi-headed Attention“ is licensed under CC BY-SA 4.0. Credit: Vaswani et al.
[21], via Wikimedia Commons. The input consists of value V, key K, and query Q
matrices, each first passed through separate linear transformations. Multiple sets
of these matrices are fed in parallel into independent attention heads h, in which
the scaled dot-product attention is computed. The output of the attention heads is
concatenated and passed through a linear layer to produce the output.

Attention enables the model to establish direct relationships between each token
embedding and all other token embeddings, regardless of their distance. When
attention is applied within the same sequence, relating each token embedding to all
others in that sequence, it is referred to as self-attention. In contrast, when attention
is applied between two different sequences, relating elements from one sequence to
elements of another, it is referred to as cross-attention. An extension of the self-
attention is the so-called masked self-attention, which is used in the decoder layers
of the transformer architecture. The masked self-attention is designed to ensure that
token embeddings earlier in the sequence can not influence those succeeding them
during training. This is done by masking the succeeding token embeddings before
computing the attention scores.
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2.3.2.2 Transformer Architectures

Vaswani et al. also introduced the transformer architecture, building on the devel-
opment of attention. A visualization of the full transformer architecture can be seen
in Figure 2.7. The architecture consists of two main components: the encoder and
the decoder to the left and right of Figure 2.7, respectively.

Figure 2.7: Schematic illustration of the Transformer architecture [21]. ”Attention
Is All You Need - Encoder-decoder Architecture“ is licensed under CC BY-SA 4.0.
Credit: Vaswani et al. [21], via Wikimedia Commons. The architecture consists of
an encoder (left) and a decoder (right), each composed of a stack of identical layers.
The encoder processes the input sequence into contextualized embeddings through
layers of multi-head self-attention and position-wise feed-forward networks. The
decoder, also constructed from stacked layers, receives these embeddings along with
the autoregressively generated outputs, utilizing masked multi-head self-attention
and cross-attention mechanisms to produce the output representations. These are
then used to generate a sequence of output probabilities over the vocabulary.
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The encoder comprises a stack of N identical layers, each consisting of two sub-
layers: a multi-head self-attention mechanism and a position-wise fully connected
feed-forward network. After each sub-layer, the input to that sub-layer is added to
the output of the sub-layer through a residual connection.

The decoder stack, also composed of N layers, similarly consists of attention and
feed-forward sublayers with residual connections. Different from the encoder layers,
each layer has two different attention layers: the cross-attention layer, which attends
to the output of the encoder, and the masked self-attention layer, in which a mask
is applied to prevent tokens from attending to subsequent tokens during training.

Between each of the sublayers in both the encoder and decoder layers, normalization
is applied. In the original Transformer architecture, the normalization is applied
after each sublayer, commonly referred to as post-LN (LN for layer normalization).
It has, however, been demonstrated that this way of normalization can make the
training unstable [33]. By instead applying the normalization before each sublayer,
so-called pre-LN, this can be improved.

While the original Transformer architecture uses both an encoder and a decoder,
many modern models exclude the encoder component. For models where the task
is to predict or generate the next token or generate sequences, such an encoder is
often unnecessary. These decoder-only architectures have become the foundation of
today’s most prominent language models, focusing on autoregressive generation by
predicting the next token in a sequence based only on an input sequence.

A decoder-only transformer model (decoder henceforth) comprises several trans-
former decoder layers with an identical structure that are stacked in sequence. In
each of these blocks, the primary components are as described: the masked, multi-
head attention and a feed-forward transformation with residual connections and
layer normalization. The cross-attention mechanism for attending to the encoder’s
output is not needed in the decoder.

2.3.2.3 Positional Encoding

Unlike RNNs, Transformers do not rely on recurrence or sequential processing during
training. Instead, they operate on the entire sequence simultaneously, enabling
efficient parallel computation. On the other hand, this also means that there is
no inherent sequence awareness in the architecture itself, which calls for the use of
positional encoding to inject information about the position of tokens. This is what
gives transformers the notion of long- and short-range context. This can be done
using absolute positional encodings, which are added to the input embeddings, as
seen in Figure 2.7. In the first version of the transformer architecture, sinusoidal
signals with different frequencies were used as positional encoding by the addition
of

PositionalEncoding(m, 2i) = sin
(

m

100002i/d

)
(2.5)

PositionalEncoding(m, 2i + 1) = cos
(

m

100002i/d

)
, (2.6)

17



2. Theory

to the token embeddings where m is the position of a token in the sequence, i is the
dimension index, and d is the model dimension (output dimension of the embedding
layer).

There are many other ways to inject this information, through learnable (optimized
during training) and relative encodings (encodes the distance between tokens rather
than their absolute positions). One way of positional encoding that uses absolute
positions to construct relative positional encoding is Rotary Positional Encoding
(RoPE), first proposed by Su et al. [34]. Instead of adding positional encodings
to the embeddings, RoPE encodes positional information by rotating each pair of
dimensions of the embedding using a sinusoidal function parameterized by the token
position. This is done inside the self-attention mechanism by multiplying the query
and key vectors by a rotation matrix, where the rotation angle depends on the
token’s position in the sequence. The rotation matrix takes the form of

R =



cos mθ1 − sin mθ1 0 0 ... 0 0
sin mθ1 cos mθ1 0 0 ... 0 0

0 0 cos mθ2 − sin mθ2 ... 0 0
0 0 sin mθ2 cos mθ2 ... 0 0
... ... ... ... ... ... ...
0 0 0 0 ... cos mθd/2 − sin mθd/2
0 0 0 0 ... sin mθd/2 cos mθd/2


, (2.7)

where m is the position of a token and the angles θi are defined by

Θ =
{
θi = 10000−2(i−1)/d, i ∈ [1, 2, ..., d/2]

}
. (2.8)

The rotations are designed such that relative distances between tokens are preserved
in the inner product (dot-product attention). This has been shown to make models
generalize better to longer sequences than seen during training [34].

2.3.3 Mamba
The most common architecture for LLMs as of 2025 is built on the transformer
architecture as stated in Section 2.3.2, but new ideas that might compete in efficacy
or implementability are constantly being developed. At its core, the transformer
architecture’s self-attention mechanism and its ability to extract salient information
within a finite context window are the underlying causes for its performance. It
allows it to model complex data such as text or SMILES. However, the limited
size of the context window in combination with autoregressive generation brings
fundamental drawbacks: an inability to model anything outside of the finite window,
and quadratic scaling of self-attention with respect to the sequence length. In the
transformer architecture, self-attention computes interactions between all pairs of
tokens, requiring O(L2) time and memory for a sequence of length L. This behavior
is not prevalent in RNNs though, where the generation of the next token is only
dependent on the previous hidden state and current input, as explained in Section
2.3.1. RNNs therefore scale linearly with the sequence length and can, in principle,
process arbitrarily long sequences, though in practice their ability to retain and
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utilize distant context is limited. Transformers face similar limitations if asked to
extrapolate to contexts longer than those encountered during training.

In an attempt to merge the long-range dependency and parallelization of the trans-
former and the linear scaling and long context handling of the RNN, the selective
state space sequence models (S6 or Mamba) architecture was proposed by Gu and
Dao [23], built upon previous work by Gu et al. [35, 36] and Gu, Goel, and Ré [37] on
structured state space sequence models. In the following subsections, the theory un-
derlying the Mamba architecture will be explained, beginning with an introduction
to state space models, progressing to structured and selective state space models,
and culminating in a description of the Mamba block itself which is the essential
part of the Mamba architecture.

2.3.3.1 Structured State Space Models S4

At time t, a state space model (SSM) maps an input sequence x(t) to a latent
state representation h(t) and derives a predicted output sequence y(t). Given a
continous input sequence x(t), the general state-space representation of a system
can be described through

h′(t) = Ah(t) + Bx(t) (2.9)
y(t) = Ch(t) + Dx(t), (2.10)

where h′(t) is the time derivative, i.e. change, of the hidden state h(t) and A, B, C
and D are learnable parameters. The system is visualized in Figure 2.8.

B h C yx

A

D

Figure 2.8: Schematic illustration of a State Space Model (SSM) architecture and
Equations 2.9 and 2.10. The input and output signal is represented by x and y,
respectively. Matrices A, B, C, and D are learned parameters in the SSM.

For tokenized SMILES strings, both the input and output sequences are discrete,
requiring discretization of the continuous equations above. Any discretization can be
used in principle, but the zero-order hold rule (ZOH) is commonly used for textual
data. This method builds upon the idea that a discrete signal can be transformed
into a continuous signal by holding each discrete value constant over a given step size
∆. Analogously, the same step size ∆ can be used to translate a continuous signal to
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discrete values. Other discretization methods, such as the bilinear transform, have
also been applied [36]. A visualization of ZOH is shown in Figure 2.9. In practice,
∆ is often treated as a learnable parameter.

y(t)

t

y(t)

t

ΔΔ

ZOH

Figure 2.9: A visualization of the zero-order hold rule (ZOH), which transforms a
continuous signal y(t) into a discrete signal.

The ZOH rule can be applied to the continuous matrices A and B to create discrete
representations A and B through

A = exp(∆A) (2.11)
B = (∆A)−1(exp(∆A) − I) · ∆B, (2.12)

where I is the identity matrix. Using the discrete parameters of the model, A and
B, the discrete output yt can be computed as

ht = Aht−1 + Bxt (2.13)
yt = Cht. (2.14)

Here, D is excluded as it acts as a skip connection outside the SSM block.

The discrete recurrent form above is natural for step-wise (autoregressive) inference,
as one token can be predicted at a time with constant computation requirements
per step. But, during training, all inputs and target tokens are accessible at once,
making parallelization desirable. To facilitate this, the same system can also be
represented in a convolutional form, where the output at each step is a convolution
of the input sequence with a kernel. In linear, time-invariant systems, the recurrent
and convolutional forms are equivalent; the recurrent form is ideal for inference
and sequential generation, while the convolutional form enables fast, parallelized
training on long sequences. The convolutional kernel K is computed from the learned
matrices and step size via A and B, as

K =
(
CB, CAB, ..., CAkB

)
, (2.15)

where k is the sequence length, the output can be calculated as

y = x ∗ K, (2.16)
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where ∗ denotes the 1D discrete convolution operator, such that the output at each
position is a weighted sum of input values over the kernel window. In Equations
2.13 and 2.14, A influences the impact from the state of the previous timestep,
while B and C influence the impact from the current input value as well as the
state of the current timestep respectively. The relation is very similar to that of an
RNN as visualized in Figure 2.10. The recurrent nature of the SSM enables linear
computational scalability and computationally supports the handling of sequences of
arbitrary (infinite) length, as explained for RNNs in Section 2.3.1. The equivalence
of the recurrent and convolutional views allows the SSM to be trained in parallel as
a convolution, and run autoregressively and efficiently in inference as a recurrence.

yt

ht

xt

Unfold

yt-1

ht-1

xt-1

yt

ht

xt

yt+1

ht+1

xt+1

B

A

C

A A A A

C C C

B B B

Figure 2.10: A visualization of the recurrent nature of the SSM. As the SSM is
unfolded, the similarities with RNNs become clear. The matrix A influences the
impact from the state of the previous timestep, while B and C influence the impact
from the current input value as well as the state of the current timestep respectively.
The calculations follow those of Equations 2.13 and 2.14.

The A matrix captures how information from the previous state, ht−1, should be used
to produce the new state, ht. This is a central aspect of sequence modeling, and to
ensure a well-behaved matrix A, high-order polynomial projection operators (HiPPO)
are utilized in the S4 model [35]. Inspired by Fourier transforms to decompose a
signal, HiPPO utilizes Legendre Polynomials to build A in a way that it compresses
all the input signals seen so far into a vector of Legendre polynomial coefficients. In
this HiPPO representation of A, its elements An,k take the form

Ank =


(2n + 1)1/2 (2k + 1)1/2 n > k (below the diagonal),
n + 1 n = k (the diagonal),
0 n < k (above the diagonal).

(2.17)

The HiPPO representation is used as an initialization for matrix A. This HiPPO-
based structure enhances the model’s ability to emphasize recent inputs more than
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older ones and allows S4 to both retain information over very long sequences and
be computed dynamically and efficiently during both training and inference.

While RNNs and transformers are each other’s opposites when it comes to com-
pressing the previous inputs (RNNs compress all history to the hidden state and the
transformer operates on the full uncompressed sequence history), SSMs compress
the input history using the HiPPO matrix to a partial degree. Combining state space
models, the recurrent and convolutional techniques, and HiPPO, Gu et al. [36] and
Gu, Goel, and Ré [37] created structured state space sequence models (S4), which is
the main foundation for Mamba, alongside continued architectural innovations.

2.3.3.2 Selective SSM and Mamba

The structed SSM has a large context window, scales linearly in compute, and uses
efficient memory handling via recurrent and convolutional representations and usage,
plus HiPPO. It does however lack the ability to prioritize certain information over
others because it is linearly time invariant, with the parameters A, B and C fixed
for all sequence elements. Having shared matrices over all input tokens hinders the
possibility of content-awareness for structured SSMs. In transformers, using atten-
tion as explained in 2.3.2.2 and 2.3.2.1, the models utilize the entire input sequence
to compute the next token. This enhances content awareness but is computationally
costly, while for S4, the compression using the HiPPO matrix initialization in 2.17 is
computationally efficient but lacks content awareness. In Mamba, the compression
of the input is instead selective, meaning it attempts to create content awareness by
selectively incorporating input-dependent information.

The term selective in Mamba refers to the model’s ability to adaptively determine,
at each step, which information to prioritize, retain, or discard. This is achieved by
dynamically generating the step size ∆ and matrices B and C as linear functions
of the current input, i.e., through learned linear projections or neural networks
rather than using the same set of parameters for all incoming tokens. This dynamic
parameterization enables the SSM to emulate content-awareness, allowing it to focus
computation on the most relevant parts of the input, similar to the content-based
selection provided by attention in transformers.

With the parameters being input-dependent, content awareness is enabled, but it
also forces the parameters to be computed for each input, hindering linear scalability.
This makes the convolution by kernel K impossible, as it assumes time invariant
parameters. To divert this quadratic complexity over the input length, Gu and Dao
[23] uses parallel associative scan and an effective hardware-aware algorithm that,
combined, enables linear-time scaling through parallel computing even though B
and C are dynamically generated from the input at each timestep. The parallel
associative scan operates by leveraging the associativity of the SSM update, i.e.,
it does not matter in which order intermediate states are combined, so that the
dynamic recurrence can be computed efficiently for all positions in the sequence
in one pass. This maintains the linear-time scaling even as per-token parameters
change. The details on the parallel associative scan operation and the hardware-
aware algorithm can be found in the original Mamba paper by Gu and Dao [23].
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In the Mamba architecture, selective SSMs are used as partial blocks of a larger
Mamba block, as the one seen in Figure 2.11. Inside the Mamba block, two projec-
tions are created through two separate linear layers. The first projection is passed
through a convolution, followed by the SiLU activation function. The output of
the SiLU activation is then passed through a dynamic SSM kernel which operates
according to Equation 2.16. The kernel itself is constructed as in Equation 2.15,
with the learnable parameters A and B obtained by the ZOH rule, as described in
Equations 2.13 through 2.14. The second projection also passes through a SiLU acti-
vation, before being multiplied by the output of the SSM kernel, which is projected
down to the dimension of the input embedding through a linear layer.

Input

Linear layer

Linear layerσ SSMConv. layer

σ

Linear layer Output

Figure 2.11: A visualization of the Mamba block. The input undergoes two separate
linear projections; one branch passes through a convolutional layer, a nonlinear
activation σ, and a selective SSM before a final linear transformation, while the
other passes through a linear layer and activation σ. The two branches are gated
by element-wise multiplication ⊗, followed by addition of a skip connection, and a
final linear transformation generates the output of the block.

The full Mamba architecture consists of multiple stacked Mamba blocks, each one
encapsulated by a residual connection and RMS norm. The final Mamba block is
followed by an RMS normalization layer, a linear layer mapping the signal from
the embedding dimension to the size of the vocabulary. Finally, the output passes
through a softmax function to produce output probabilities over the vocabulary.

2.4 Learning the Data to Generate Molecules
In training generative models for the generation of SMILES sequences, the choice
of loss function determines how the model parameters are updated to approximate
the training data distribution. Given an input sequence of length l − 1, taking the
softmax function on the “raw” output of the model (logits) generates a probabil-
ity distribution over the vocabulary, indicating what the l:th token of the sequence
should be. Hence, to learn the underlying distribution of the training data corre-
sponds to maximizing the likelihood that the token assigned the largest probability
by the model is in fact the next token of that sequence. We can describe the prob-
ability of a sequence T of length l as the joint likelihood P(T |θ) conditional on the
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parameters of the model, θ, given by

P (T |θ) =
l∏

i=1
P (ti|ti−1, ti−2, ..., t1; θ) , (2.18)

where ti denotes the i:th token of sequence T .

Motivated by this, the negative log-likelihood (NLL) is used as an objective to train
generative models. For each sequence of tokens T , the NLL is defined as

NLL (T |θ) = −
l∑

i=1
log P (ti|ti−1, ti−2, ..., t1; θ) . (2.19)

During training, sequences are fed to the model, which for each position in that
sequence produces a vector of logits representing unnormalized probabilities for each
possible next token in the vocabulary. Through normalization and logarithmization
of the logits, the model’s predicted log-likelihood is quantified. The loss is then
computed by comparing these predicted probabilities to the actual next tokens seen
in the training data.

When training models in practice, it is common to group the sequences into batches.
These batches are processed by the model simultaneously. The loss is then computed
as the mean over the NLLs for the sequences in the batch, and the parameters of the
model are updated using an optimization algorithm, once per batch. Over successive
steps, the parameters of the models are updated to minimize the loss and find an
approximation of the underlying distribution of the training data. For this thesis,
Adaptive Moment Estimation (also called the Adam optimizer) [38] has been used
to optimize the models.

A trained model will output logits that can be turned into a probability distribution
over the vocabulary using the softmax function, given an input sequence of tokens.
To use this to generate new sequences, from scratch, the model is initially fed a sin-
gle beginning-of-sequence token (BOS), for which the probability distribution over
the next token is output by the model. If simply choosing the next token as the one
with the highest probability, so called greedy sampling, the same sequence of tokens
would be generated over and over again. To address this, there exist multiple dif-
ferent sampling strategies, for example, multinomial sampling. Rather than always
selecting the most probable token, the next token is sampled stochastically with
a probability proportional to the output probabilities of the model. Once a token
has been chosen, it is concatenated with the BOS token and fed into the model to
produce new output probabilities. This process is repeated until an end-of-sequence
token (EOS) is sampled, and the generation stops.

2.5 Reinforcement Learning for Task Optimiza-
tion

The goal of pretraining the generative model is for the model to learn the chemical
space (the probability distribution of possible token sequences) over which it has
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been trained, making it capable of generating a variety of molecules representative
of that specific distribution of compounds. In order to optimize the generative
model to generate molecules with specific properties, such as activity towards a
certain target or similarity with some other compound, reinforcement learning can
be applied.

In reinforcement learning, an agent (typically a pre-trained neural network) chooses
actions that maximize some reward signal given a state of a dynamical environment
[39]. The set of possible states can be denoted as S, and the set of possible actions
in a state s ∈ S as A(s). When choosing an action a ∈ A(s), the agent receives a
reward R and the agent’s sole objective is to maximize the total reward over the
course of the training. What actions the agent chooses at a given time and state s
is defined by its policy π.

For the case of SMILES generation, the problem can be modeled as a Markov De-
cision Process (MDP), meaning that the next state and reward depend only on the
current state and action, not on the history of prior states or actions. An action a
corresponds to adding one token to the SMILES representation of a molecule, and
the current state s is defined as the sequence of performed actions up until now,
i.e, the sequence of tokens itself [40, 41]. Hence, the transitional probabilities of the
MDP represent the probability of choosing a token a given a sequence s of tokens. If
the immediate reward of choosing action a at state s is denoted as rt(a|s), the long
term return can be denoted as G(at, St = ∑T

t rt), that is, the cumulative reward up
to some end point T . For the generation of SMILES, this endpoint T corresponds
to when an EOS token is generated. The purpose of reinforcement learning is now
for the agent to learn a policy π which maximizes the expected return E[G].

Depending on the problem formulation, learning the policy π can look different. π
defines the probability of choosing each possible action at a given state. In SMILES
generation, it specifies the likelihood of selecting each token given the current se-
quence, guiding the agent’s decisions to maximize the expected total reward. The
optimal policy is stochastic and not deterministic, as the goal is not to generate
the same compound over and over again but rather to generate a diverse set of
compounds that all share some desired property. Therefore, the policy π should be
a probability distribution over the possible actions at given a state st that maxi-
mizes the total reward. Meanwhile, the agent should also remember what has been
learned during pre-training. For this purpose, a prior is defined, which is the pre-
trained generative model [40], and the likelihood that this prior generates a SMILES
is defined through a sequence of actions A = a1, a2, ..., aT as the product of the action
probabilities

P (A)prior =
T∏

t=1
πprior(at|st). (2.20)

The agent is then initialized as a copy of the prior, with the same probability dis-
tribution. To rate whether a sequence is desirable, let S(A) ∈ [−1, 1] be a scoring
function that returns a higher score for more desirable sequences, and a lower score
for less desirable sequences (for examples of how this scoring function can be defined,
see Section 3.4.1). To maximize the expected score for generated sequences, while
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remembering what the prior has learned about the SMILES syntax and the chemical
space of the training data, an augmented likelihood log P (A)U is defined as

log P (A)U = log P (A)prior + σS(A), (2.21)

where σ is a scalar coefficient that scales the score S(A) [42]. The loss G(A) is then
defined as

G(A) = [log P (A)U − log P (A)agent]2, (2.22)

where P (A)agent is the likelihood that the agent generates a SMILES through the
sequence of actions A. Hence, the goal is for the agent to learn a policy that
minimizes this loss, which is done through Adam.

26



3
Methods

With the aim of comparing the performance of the decoder and Mamba architec-
ture with that of an RNN, the three different architectures were implemented using
Python. These were all trained on two different datasets separately, one extracted
from ChEMBL and one extracted from PubChem, with the aim of answering how
different training datasets affect the performance of the models. The trained models
were then optimized for a set of specific tasks using reinforcement learning, to study
to what extent they are able to optimize for new tasks.

This chapter systematically details the methodology, starting with the preparation
of training data, including its sources, pre-processing techniques, and dataset con-
struction. It then presents the implementation of model architectures. Pretraining
and reinforcement learning procedures are outlined, including scoring functions and
configuration. The final section addresses specifically how the models will be evalu-
ated to address the research questions.

3.1 The Training Data

To train the various models, two different sources of data were used and compared,
namely: ChEMBL and PubChem. The raw chemical data from both of these sources
consists of chemical structure data format (SDF) files from which SMILES can be
extracted. The extracted SMILES are then processed through a pre-processing
pipeline, removing SMILES that do not fulfill a set of criteria. The SMILES that
remain after filtering are then split into training and validation sets. The entire
data flow, from source to model input, is visualised in Figure 3.1. In the following
sections, we aim to describe the different sources used, as well as the filtering pipeline
and the preparation of data for training.
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SDF Database SDF to SMILES Filtering pipeline SMILES split To model training

Generate Inchi keys

Figure 3.1: Flow of data from source to model. SMILES data is downloaded from
respective database in SDF format, converted into text format or SMILES. The
SMILES are filtered and then split into training and validation sets. For each of
these, InChI keys are generated, and the SMILES are prepared for input to the
models.

3.1.1 Data Sources

To investigate how different training data affects models’ performance, SMILES data
from two different sources were used to train the models: ChEMBL and PubChem.
Both of these are public molecular databases containing a large number of bioac-
tive molecules with drug-like properties. ChEMBL is developed and maintained
by EMBL-EBI [16], one of six sites of the intergovernmental research organization
European Molecular Biology Laboratory (EMBL). For these experiments, ChEMBL
35 was used, retrieved 2025-05-09.

PubChem is an open database from the National Institutes of Health [17], meaning
that users can upload data for others to use. Pubchem was retrieved 2025-05-08.

The two datasets were downloaded in Structural Data File (SDF) format and then
converted into unique SMILES strings. Duplicates were removed based on InChI
keys. This conversion led to the two data sets consisting of 2.474.483 SMILES for
ChEMBL and 118.638.746 SMILES for PubChem.

3.1.2 Pre-processing

The datasets were filtered according to the criteria listed in Table 3.1. This is
done using a pre-processing pipeline in the Reinvent framework, which makes use of
RDKit (version 2023.9.5) for filtering. In addition to the filtering, compounds are
normalized to a standardized form. The standardization is aided by transformation,
which maps certain substructures to standardized structures. These transformations
are listed in Appendix A. The filtering also includes a control function to remove
duplicate SMILES.
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Table 3.1: Criteria for filtering out SMILES.

Attribute Threshold Description
Allowed elements S, F, O, Cl, C, I,

Br, N, B, and P.
SMILES that contain elements other
than these are filtered out. These el-
ements make up the organic subset
in the original definition of SMILES
and are supported without brackets in
SMILES [19]. Other elements can be
harmful for the human body, such as
mercury [43].

Number of heavy
atoms

2 to 90 Number of allowed heavy atoms, where
a heavy atom is any atom that is not
Hydrogen (H). The most common num-
ber of heavy atoms found in drugs are
23.5 [44]. Here, a large margin was used
in order not to limit the chemical space.

Maximum molecular
weight

1200 Daltons All SMILES with a molecular weight
above this threshold are excluded.
Molecules weighing less than 900 Dal-
tons are considered small, and small
molecules make up 90% of pharmaceu-
tical drugs [45]. Here, some margin is
accounted for to not limit the chemical
space.

Min. number of car-
bon atoms

2 All SMILES containing fewer than two
carbon atoms are excluded; as carbon
forms the backbone of organic chem-
istry.

Max. number of rings 12 All SMILES with more than this num-
ber of rings are removed. The vast ma-
jority of drugs contain rings [46]. Here,
filtering with a high margin ensures
that the chemical space is not limited.

Maximum ring size 7 Compounds containing rings with more
than this number of atoms are filtered
out. Sets of rings commonly seen in
molecules have rings with less than 7
atoms [46].

Furthermore, the SMILES from the datasets are also transformed or retained by
(1) retaining stereochemical information, (2) retaining isotope information, (3) neu-
tralizing if possible, i.e., removing formal charges such as the charge in Na+, (4)
not kekulized, meaning aromatic rings remain in their generic notation and are not
forced into explicit single/double bond patterns (for example, benzene is denoted
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as c1ccccc1 rather than its kekulized form C1=CC=CC=C1), and (5) not random-
ized, so only the canonical form of each molecule is present in the dataset. By not
kekulizing SMILES, aromatic rings remain in their generic notation, and by not
randomizing, only one, canonical form per molecule is present in the dataset. After
filtering, the SMILES are split into training and validation sets on a 90/10 split,
and InChI keys are generated for the respective sets, enabling comparison between
the generated and training SMILES. InChI keys are used for comparing generated
molecules, since different SMILES can describe the same molecule as described in
2.1.

For some of the experiments, the SMILES of the datasets are randomized before
training. This is done for each SMILES in the training and validation set, by
randomly shuffling the order in which atoms and bonds are encoded, while still
representing the same chemical structure.

Before being passed to the models for training, the training and validation sets
are tokenized using a vocabulary. The vocabularies are generated together with
the models, and are specific to the training sets. BOS, EOS, and padding tokens
are added to the vocabulary (1, 2, and 0, respectively), and the vocabularies are
extended with unused tokens to give them both a final vocabulary size of 128.

During training, the data is fed to the model in batches. This requires all sequences
within batches to be of the same length. Therefore, sequences are padded with
padding tokens to make them equally long as the longest sequence in the batch. In
addition to this, a binary padding mask is generated for each batch to tell what
tokens are padding tokens. This mask is passed to the model together with each
batch of sequences.

3.2 Implementation of Architectures
In the following subsections, the implemented architectures are described in detail.
All architectures are implemented as a part of the Reinvent4 [47] framework, utilizing
internal methods for tokenization and vocabulary creation. The decoder transformer
architecture is implemented from scratch using PyTorch [48], while the RNN and
Mamba architectures utilizes existing architectures.

For the baseline comparison between the RNN, the decoder, and Mamba, the ar-
chitectures were implemented with the dimensions described in Tables 3.2, 3.3,
and 3.4 in each architecure’s subsection. By choosing these dimensions, the models
have a comparable number of trainable parameters (RNN: 5.9M, decoder: 6.4M,
and Mamba: 6.2M), which aligns with those used in similar experiments [49, 40].

3.2.1 LSTM RNN
The recurrent neural network was implemented using the existing RNN architec-
ture in the Reinvent framework. This implementation builds upon the PyTorch
RNNBase, which is a base class for RNN modules. For all experiments, the RNN ar-
chitecture was implemented with the LSTM cell type, a layer size of 512, and a total
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of 3 hidden LSTM layers. In Figure 3.2, a visualization of the implemented archi-
tecture can be seen, along with the dimensions of each layer. All model parameters
are also listed in Table 3.2.

Input Embeddings
(1, 512)

LSTM layer 1

LSTM layer 2

LSTM layer 3

Linear layer
(512, V)

LSTM
cell

LSTM
cell

LSTM
cell...

x 512

Figure 3.2: Schematic illustration of the LSTM RNN used for the experiments. Se-
quences of tokens are fed to the input embedding layer, which maps each token to
the hidden dimension of the model, 512. The embeddings are then passed through
the three LSTM layers, each with a dimension of 512 (i.e., containing 512 LSTM
cells). The output of the final LSTM layer is mapped back to the size of the vocab-
ulary, V, producing logits (unnormalized scores) for each token in the vocabulary.

RNN

Parameter Value
Number of layers 3
Layer size 512
Dropout 0.0
Vocabulary size 128
Number of trainable parameters 5.9 M

Table 3.2: Architecture parameters of the RNN. The architectural layout and the
parameter values amount to a total number of trainable parameters of 5.9M.
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3.2.2 Decoder

The decoder was implemented using PyTorch version 2.2.1, and a visualization of
the entire architecture can be seen in Figure 3.3. The architecture consists of an
initial embedding layer, which maps the tokens to the dimension of the architecture,
the model dimension d. This model dimension is maintained throughout the entire
architecture, up until the final output layer, in which sequences are mapped back
to the size of the vocabulary. The initial embedding layer is followed by a stack
of decoder layers. The decoder layers employ pre-layer normalization (pre-LN),
resulting in the order of action within each decoder layer seen in Figure 3.3.

Layer norm
(d,)

Layer norm
(d,)

Feedforward

Nx

Input embeddings
(1, d)

Inputs

Multi-head attention

Linear layer
(d, V)

Output probabilities

Linear layer
(d, 1024)

Linear layer
(1024, d)

Linear projection 
(d, 3d)

Rotary embedding

Q

V

K

K Q

1/√d

Mask

ReLU function

Softmax function

Elementwise addition

Matrix multiplication

Figure 3.3: Schematic illustration of the implemented decoder architecture, detailing
the workings of the multi-head attention and the feed-forward layers. Sequences of
tokens are fed through an input embedding layer, which maps every token to the
model dimension, d. The sequences are then processed through N decoder layers,
marked by the gray area. Within each decoder layer, the sequences go through
(1) layer normalization, (2) multi-head attention, (3) a second layer normalization
layer, and (4) a feed-forward layer. In the detailed visualization of the multi-head
attention (lower right), K, Q, and V refer to the Key, Query, and Value matrices.
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Positional encodings are implemented as rotary positional embeddings, using the
rotary-embedding-torch library with version 0.8.6 [50]. These are applied within
each multi-head attention layer, rotating query and key matrices right before the
scaled dot product attention. During training, masking is used within each scaled
dot product attention computation. The applied mask is a combination of two
different masks that serve two distinct purposes:

• Padding mask: This mask is passed to the model together with the batched
training data and tells what tokens are padding tokens. Hence, this mask has
the same shape as the input batch, i.e. (batch_size, longest_sequence_length)
where longest_sequence_length refers to the length of the longest sequence
of the batch. As the model should not learn to generate padding tokens, the
mask is used to prevent the model from attending to these padding tokens.
This mask is also used to tell what tokens should be used to compute the loss.

• Causal mask: This mask is generated once for each batch and is used to
prevent tokens from attending to those succeeding them within a sequence.
For each sequence, the causal mask is an upper triangular matrix, with shape
(sequence_length, sequence_length) where the elements of the lower triangle
are set to zero, and the others are minus infinity. The causal mask for the
entire batch consists of stacked such triangular matrices, padded with minus
infinity to the right and at the bottom, giving the entire causal mask a shape
of (batch_size, longest_sequence_length, longest_sequence_length).

These two masks are combined to form an attention mask, which is added to the
scaled dot product before being processed by the softmax function. The elements
of the attention mask are set to 0 where the attention should be applied, and minus
infinity at the positions that should be ignored by the attention mechanism.

Each multi-head attention sublayer is followed by a residual connection and normal-
ization layer. The output of the normalization layer is fed through a dense feed-
forward layer, consisting of an input layer that maps the input to the feed-forward
dimension as seen in the upper right part of Figure 3.3. The ReLU activation is
applied, and the input is mapped back to the model dimension in a second linear
layer. The decoder layer is finalized by a second residual connection, summing the
output from the feed-forward layer with the unnormalized output of the previous
residual connection.

The last decoder layer is followed by a final output layer. The output layer is a simple
linear layer that maps the output of the decoder layer from the model dimension
back to the vocabulary dimension, producing logits (unnormalized scores) for each
token in the vocabulary.

During training, dropout is applied to the input embeddings and inside the scaled
dot-product attention. This means that a set of randomly sampled elements is set
to zero. The elements to be zeroed are sampled independently from a Bernoulli
distribution for each forward call. The amount of elements being zeroed out is
defined implicitly by a probability p for each element to be zeroed. This probability
p is set to 0.1 throughout all of the experiments.
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The parameters of the baseline implementation of the decoder are listed in Table
3.3.

Decoder

Parameter Value
Number of layers 8
Number of heads 8
Model dimension 256
Feed-forward dimension 1024
Dropout 0.1
Max. sequence length 256
Vocabulary size 128
Number of trainable parameters 6.4 M

Table 3.3: Architecture parameters of the baseline decoder. The dimension of each
head is defined by the model dimension divided by the number of heads, resulting in
a head dimension of 32. The architectural layout and the parameter values amount
to a total number of trainable parameters of 6.4M.

3.2.3 Mamba

The Mamba (SSM) architecture was implemented using the Gu and Dao [23] Mamba
framework [51] (v2.2.4) under PyTorch 2.4.1 and CUDA 12.1.1. The Mamba mixer
model code provides the essential backend for language modeling, i.e., the deep
sequence model backbone (with repeating Mamba blocks) and a language model
head. The resulting architecture is visualized in Figure 3.4. In detail, the Mamba
model consists of an initial embedding layer that maps input tokens to the model
dimension dm, followed by a stack of N Mamba layers. Each layer begins with a
root mean square normalization (RMSNorm) to stabilize activations. The core of the
layer is the Mamba block seen in Figure 2.11, which projects the sequence to a higher
dimension di and applies a dynamic state space recurrence, updating states according
to Equations 2.13 and 2.14. The state transition matrix A, are initialized using a
HiPPO scheme to ensure efficient memory for long-range dependencies (described by
Equation 2.17). After each Mamba block a residual connection adds the layer’s input
to its output. The final Mamba layer is followed by RMSNorm and a linear output
(language) head that maps the signal from dimension dm back to the vocabulary
size, producing per-token logits for generation.

The parameters used for the implementation of Mamba are listed in Table 3.4.
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Inputs

RMS Norm

Linear layer 
(d, V)

Input embeddings
(1, d)

RMS Norm

Mamba block

Output probabilities

Nx

Figure 3.4: Schematic illustration of the implemented Mamba architecture, Se-
quences of tokens are fed through an input embedding layer, which maps each token
to the model dimension, d. The sequences are then processed through N Mamba
layers, marked by the gray area. Within each layer, the sequences go through RM-
SNorm before being passed to the Mamba block seen in Figure 2.11 and explained
in Section 2.3.3.2. After the Mamba block, a residual connection from before the
first normalization is added before being passed forward to another RMSNorm layer
and finally through a linear layer to produce the output probabilities over the vo-
cabulary.
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Mamba

Parameter Value
Number of layers 5
Model dimension 256
Intermediate dimension 1024
Kernel size 4
Stride 1
Padding 3
Number of trainable parameters 6.2 M

Table 3.4: Architecture parameters of Mamba. The architectural layout and the
parameter values amount to a total number of trainable parameters of 6.2M. The
kernel size, stride, and padding are parameters of the convolutional layer inside the
Mamba block.

3.3 Pretraining Setup

The datasets are randomly split into training and validation set (90/10) for all
models. During training, the different models are fed batches of tokenized SMILES
string sequences, and for each of those sequences, the negative log-likelihood that
the model would output that sequence is computed as per Equation 2.19. The
per-batch mean of these likelihoods is then used to update the models’ parameters
using the Adam optimizer. The validation set is fed through the network in each
epoch, and the negative log likelihood is computed. This is not used to update the
models’ parameters, but to make sure that the model does not overfit to the training
data. At each epoch, the state of the model is saved; hence, we do not implement
early stopping as part of the training, but use the validation loss to choose the
best-performing parameters for our models afterwards.

To compare all architecture-dataset combinations equally, we use the same fixed
training environment for all our models. The configuration for this environment has
been listed in Table 3.5. Other parameters are set to PyTorch default. Keeping
a fixed batch size makes the running time for an epoch scale linearly with dataset
size. Therefore, the models that were trained on the larger dataset (PubChem)
ran for fewer epochs than those that were trained on ChEMBL. The decoder and
RNN trained on PubChem were initially trained for 15 epochs, to which an extra
10 epochs were added amounting to a total of 25 epochs. The Mamba trained on
PubChem was trained for 15 epochs. The decoder and Mamba trained on ChEMBL
were trained for 70 epochs, while the RNN trained on ChEMBL was trained for 50
epochs.
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Parameter Value
Batch size 50
Optimizer Adam (PyTorch)
Initial learning rate 1 × 10−4

LR scheduler StepLR (step_size = 10, gamma = 0.95)
Loss Negative log-likelihood

Table 3.5: Training parameters. All models are trained using the Adam optimizer,
meaning that the learning rate adapts for each parameter. This is combined with a
learning rate (LR) scheduler which decreases the learning rate by multiplication of
gamma every step_size step.

The experiments have been limited so as to not include any hyper-parameter tun-
ing, partly because the primary goals of this thesis are to evaluate inherent strengths
and weaknesses of the architectures, rather than finding their optimal performance.
In addition to this, hyperparameter tuning is both resource-intensive and time-
consuming.

All training is done on AstraZeneca’s in-house cluster using PyTorch 2.2.1 (PyTorch
2.4.1 for Mamba). For the times reported in Section 4.2.1, specifically, a NVIDIA
GeForce RTX 3080 Ti with Pytorch 2.2.1 (PyTorch 2.4.1 for Mamba) was used.

3.4 Reinforcement Learning
For the task-specific optimization through reinforcement learning, the pre-trained
models are used as priors and initial agent networks in the reinforcement learning
setting, as visualized by Figure 3.5. A batch of SMILES is generated using the agent
network. These generated SMILES are then scored using some scoring function S(A)
for each SMILES A, and the log likelihoods of the generated SMILES are computed
for both the agent and the prior as per Equation 2.19. These are then used to
compute the squared loss G(A), described by Equation 2.22. The agent network
is updated through gradient descent (e.g., Adam optimizer) to minimize the loss
G(A). This process is repeated through a fixed number of steps using different
scoring functions.

3.4.1 Scoring Functions
In the reinforcement learning setting, the scoring function S(A) determines which
molecular properties are desirable. In this project, the experiments will be run for
five different optimization tasks, one at a time, each time starting from a prior
trained on a large set of SMILES (from ChEMBL or PubChem). The five optimiza-
tion tasks and corresponding scoring functions used are described below.

Sulphur avoidance. By penalizing SMILES containing sulphur, denoted by S, the
goal is to generate sulphur-free molecules. This task is fairly simple, and rather
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Prior

Agent SMILES
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SampleUpdate agent
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P(A)U
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Figure 3.5: The reinforcement learning loop. An agent network is initialized from
the prior, and this agent is then used to sample a batch of SMILES. The SMILES
are scored using the scoring function, and the scores are combined with the NLL
from the prior for the sampled SMILES, forming the augmented likelihood P (A)U

as per Equation 2.5 of the sampled SMILES. The loss is computed as the square
loss between the augmented likelihood and the NLL from the agent, and is used to
update the agent network through stochastic gradient descent.

than being an actual task that the models would be used for, it acts as a proof of
principle. The scoring function is simply

S(A) =

1 if valid SMILES and no S
0 if not valid SMILES or if contains S.

(3.1)

Similarity guided structure generation. For this task, the purpose is to op-
timize the agent to generate a structure similar to a query structure. Based on
previous work by Olivecrona et al. [40], the structure chosen as query structure is
Celecoxib, which is a drug that targets the enzyme COX-2, responsible for pain
and inflammation in the human body [52]. To measure the similarity between the
Celecoxib molecule and the generated structures, the Jaccard index with Morgan
fingerprints is used. The Jaccard index is defined as the intersection of two samples
A and B over their union, i.e,

J(A, B) = |A ∩ B|
|A ∪ B|

, (3.2)

and is often referred to as the Tanimoto similarity or Tanimoto index. Rather than
comparing single atoms between two structures, it’s common to use chemical finger-
prints that represent substructures of a molecule [53]. The size of the substructures
is governed by the radius of the fingerprint, which is set to a value of 2 in line with
what was done by Olivecrona et al. [40]. Denoting the Jaccard index between two
compounds i and j as Ji,j the scoring function takes the form of

S(A) = Ji,j. (3.3)
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Target activity: Dopamine Receptor D2 (DRD2). To optimize generated
structures to be active against the dopamine type 2 receptor (DRD2), a key target
for antipsychotic drugs [54], a support vector machine classifier is used to predict
a generated compound’s DRD2 activity [40]. This predictive model outputs an
unnormalized probability of being active, pactive. Hence, the scoring function takes
the form of

S(A) = pactive. (3.4)

Target activity: c-Jun N-terminal Kinases-3 (JNK3). This mitogen-activated
protein kinase is responsive to stress stimuli and is found mainly in the brain. Similar
to the case for DRD2, a classification model developed by Li, Zhang, and Liu [55] is
used to predict the generated compounds’ activity towards JNK3. This classifier is a
random forest classifier that, just like the DRD2 classifier, outputs an unnormalized
probability of being active, pactive, which is used as the scoring function.

Target activity: Glycogen Synthase Kinase 3 Beta (GSK3β) This is a ser-
ine/threonine protein kinase which has been identified as a protein kinase for over
100 different proteins and is hence implicated in a number of various diseases such as
diabetes, cancer, and bipolar disorder. The target activity of a compound towards
GSK3β is also predicted using a random forest classifier developed by Li, Zhang,
and Liu [55] and the output of the classifier is used in the same manner as the other
target activity scoring functions.

3.4.2 Reinforcement Learning Setup

The pretrained priors are trained through reinforcement learning for each of the
scoring functions listed above. Starting from a pretrained model, the reinforcement
learning is run for 1000 steps for each model and scoring function, at each step sam-
pling a batch of 64 molecules. All molecules throughout all steps is collected in a
technique called enhanced sampling, where the generated molecules during reinforce-
ment learning are all relevant. To promote diversity among generated compounds,
a diversity filter (DF) based on scaffold diversity is utilized. The filter has a mem-
ory that is organized into buckets, where each bucket holds a specific scaffold. Each
bucket has a limited size, and when a bucket is filled, every further occurrence of that
scaffold will be given a zero score. The Reinvent framework supports different types
of scaffolds, and for this experiment, the Murcko scaffold is used, which removes all
side chains from a molecule. This diversity filter is applied globally, meaning that
it operates over the entire reinforcement learning run and all compounds generated
under it. The parameter settings of this diversity filter are listed in Table 3.6 along
with other parameter settings for the reinforcement learning. The diversity filter is
used for all optimization tasks except for similarity guided structure generation, for
which recurring SMILES are penalized by a factor of 0.5 instead.
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Parameter Value
Batch size 64
Number of steps 1000
Optimizer Adam
Initial learning rate 0.0001
σ (in Equation 2.21) 128
(DF) Scaffold type Murcko Scaffold
(DF) Bucket size 25

Table 3.6: Reinforcement Learning Parameters. The σ parameter refers to the
constant used to weight the score S(A) in the computation of the augmented log
likelihood in Equation 2.21. The parameters prefaced with “(DF)” refer to parame-
ters of the diversity filter.

The task-specific scoring function is combined with Quantitative Estimation of Drug-
likeness (QED) [56], forming the total score as the geometric mean (with unit
weights) over the task-specific score and the QED score. It is this total score, S(A),
that is being used to compute the loss and update the network parameters. The
QED is an aggregation of a set of different molecular descriptors, such as molecular
weight and topological surface area, and it aims to reflect the underlying distribution
of molecular properties.

The results vary between reinforcement learning runs as it is heavily dependent on
the compounds generated by the model at each step; for this reason, the reinforce-
ment learning was run three times for each prior and each optimization task. With
several runs, the results could be averaged, and the standard deviation over runs
estimated.

3.5 Evaluation
The implemented architectures were evaluated on a set of metrics. For the pre-
training, where the purpose of the training is for the models to produce drug-like
compounds representative of the training data, a set of 104 SMILES was sampled
from each model at every epoch, and for each generated SMILES it was checked to
be (1) valid in that way that RDKit is able to create a molecule object from it, (2)
unique in that it has not been generated by the model before, and (3) novel, meaning
that it does not exist in the training data. For the latter of these two, uniqueness
and novelty, InChI keys were used to compare generated SMILES in a standardized
form.

To further investigate the architectures, the sampled molecules were studied with
respect to some common descriptors: QED, number of heavy atoms, and the number
of rings per molecule.

The Quantitative Estimate of Drug-likeness (QED) [56] is a continuous metric de-
signed to assess how drug-like a molecule is based on the desirability of its physico-
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chemical properties as observed in approved oral drugs. QED aggregates key molec-
ular descriptors such as molecular weight, or number or aromatic rings di. The
QED score for a molecule is computed as the geometric mean of these desirability
functions:

QED =
(

n∏
i=1

di

)1/n

, (3.5)

or equivalently as an exponential of the mean logarithm

QED = exp
(

1
n

n∑
i=1

log di

)
. (3.6)

Values range from 0 (least drug-like) to 1 (most drug-like), allowing for ranking of
molecules by their overall suitability as drug candidates.

Comparing these distributions to those of the training data provides insight into the
models’ ability to “learn the data” on which it has been trained. To quantitatively
compare the distributions of molecular descriptors (QED, molecular weight, ring
count) between the generated molecules and the training data, the Kullback-Leibler
(KL) divergence was computed. A lower KL divergence indicates that the generative
model more closely reproduces the statistical profile of the training set, whereas a
higher KL divergence signals greater deviation.

For reinforcement learning, the task-specific scoring function provides a direct mea-
sure of the model’s ability to learn the new task. In addition to this, the QED was
used as an additional scoring function, providing insight into the drug-like properties
of generated compounds. However, it is also of importance that the model continues
to generate molecules with a high variety between compounds, hence the variation
was studied through a set of different metrics: for compounds generated during
RL, we computed the number of unique comounds, the number of unique Murcko
scaffolds, as well as the number of unique genericized Murcko scaffolds. While rein-
forcement learning is commonly used to fine-tune a model, in this case, it is applied
primarily for enhanced sampling, generating a wide array of molecular candidates
as the model explores chemical space. Because of this approach, we focus on analyz-
ing the diversity and properties of compounds produced throughout the RL training
process, rather than solely evaluating a fine-tuned models final output.

The purpose of studying these specific metrics is to provide a nuanced answer as to
how a decoder and Mamba architecture compares to the RNN in terms of learning
the chemical space and to what extent it can adapt to new tasks through reinforce-
ment learning. For the architecture to be useful, it should first of all generate good
drug candidates, i.e., good in the sense that it fulfills the criteria defined through
scoring functions. However, it should also generate a high variety of new and unseen
compounds. By studying the metrics listed above for models trained on different
datasets, we also get a direct comparison of how the different datasets affect the
architectures.
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4.1 Statistics of the Training Data

When filtering the datasets through the preprocessing pipeline described in Sec-
tion 3.1.2, the ChEMBL dataset was reduced from 2.474.483 SMILES to 2.265.386
SMILES, corresponding to a reduction by 8.5 percent. The PubChem dataset was
reduced from 118.638.746 SMILES to 101.869.507 SMILES, corresponding to a re-
duction by 14 percent. The datasets were then split into training and validation
sets through a 90/10 split. The training and validation sets were created by random
sampling of the datasets using the train_test_split method in scikit-learn version
1.2.2. For ChEMBL, the training data set amounted to 2.038.847 SMILES and
the validation set to 226.539 SMILES. For PubChem, this amounted to 91.682.556
SMILES and 10.186.951 SMILES for the training and validation sets, respectively.

After pre-processing, the filtered SMILES were analyzed for Quantitative Estimation
of Drug-likeliness (QED), which is a common measurement in drug design based
on the molecular properties [56] (see details in Section 3.5). A comparison of the
distribution of QED for the data before and after pre-processing can be seen in
Figure 4.1. For both datasets, the distribution of the QED before is similar to
the distribution after preprocessing. For the ChEMBL dataset, there is a peak of
compounds with a QED close to 0, which is removed through the preprocessing.
For both the ChEMBL and PubChem datasets, more compounds with a low QED
are removed, and fewer with a larger QED. The ChEMBL dataset contains a larger
fraction of compounds with a QED > 0.5 (both before and after preprocessing) than
the PuBChem dataset, which aligns with ChEMBL’s bioactive focus for drug-like
molecules and PubChem’s broader range of chemical structures.
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(a) Distribution of QED for ChEMBL.
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(b) Distribution of QED for PubChem.

Figure 4.1: Distribution of QED before (orange) and after (blue) preprocessing.
Both datasets contain a larger fraction of compounds with a QED > 0.6, and a
large fraction of the removed compounds have a QED < 0.7. ChEMBL contains a
larger fraction of compounds with a QED > 0.5 compared to PubChem.

In Figure 4.2, the distribution of the number of heavy atoms in both datasets before
and after preprocessing can be seen. In contrast to the QED, which the datasets are
not filtered by, the number of heavy atoms is a metric that is explicitly filtered by, as
explained in Section 3.1.2. As described in Table 3.1, only SMILES with a number
of heavy atoms within the range of 2 to 90 are kept after filtering. As per Figure 4.2,
the amount of SMILES filtered out based on the number of heavy atoms is low. The
two datasets differ in the shape of the distributions, where PubChem has a spike in
compounds with ∼ 20 heavy atoms, both before and after preprocessing. This spike
declines abruptly after 20 to continue to follow a normal distribution with a mean
µ ≃ 25. For ChEMBL, the distribution follows a normal distribution with µ ≃ 25.
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(b) Number of heavy atoms for PubChem.

Figure 4.2: Distribution of number of heavy atoms before (orange) and after (blue)
preprocessing. As per Table 3.1, the SMILES are filtered out explicitly based on
the number of heavy atoms. SMILES with a number of heavy atoms outside the
range [2, 90] are filtered out. The distribution shows that not many SMILES are
filtered out based on this criterion. The two datasets differ in the shape of the
distribution. PubChem has a spike of compounds with a number of heavy atoms
∼ 20 to then follow a normal distribution with µ ≃ 25, while ChEMBL follows a
normal distribution with µ ≃ 25.

In Figure 4.3, the distribution of the number of rings per compound before and
after preprocessing can be seen. This is another metric which has been explicitly
filtered according to Table 3.1. SMILES having more than 12 rings are removed
through filtering, and as per Figure 4.3, the filtering based on this criterion does not
impact the distributions notably. In PubChem, the compounds generally have fewer
rings than in ChEMBL. In PubChem, the most common number of rings among the
compounds is 2, while for ChEMBL this is 3.
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Figure 4.3: Distribution of number of rings per compound before (orange) and after
(blue) preprocessing. As per Table 3.1, the SMILES are filtered out explicitly based
on the number of rings per compound. SMILES with a number of rings above 12
are filtered out. The distribution before and after shows that not many SMILES are
filtered out based on this criteria. The most common number of rings in PubChem
is 2 while for ChEMBL this number is 3.

Other descriptors, such as molecular weight and number of carbon atoms, were com-
puted for the two datasets before and after preprocessing; distributions of these can
be found in Figure B.1 of Appendix B.1. None of the distributions of these change
dramatically as a result of the preprocessing; instead, the filtering component re-
sponsible for removing a majority of compounds is the allowed elements component.

4.2 Pretraining Results

In the following sections, the results from pretraining across the three architectures
RNN, decoder-only Transformer, and Mamba, as explained in Section 3.3 are pre-
sented. The datasets were split into training and validation set (90/10) for all
models. During training, the models were fed batches of tokenized SMILES string
sequences, computing the negative log-likelihood the model would output for each
sequence. The per-batch mean of these likelihoods were then used to update the
models’ parameters using the Adam optimizer. The validation set was fed to the
network in each epoch, computing the negative log-likelihood to control for over-
fitting, i.e., the validation set was not used in training the models. The state of
the models was saved at every epoch and evaluated after training. In addition to
comparing pretraining on the two datasets, ChEMBL and PubChem, the effect of
pretraining using randomized SMILES is studied for all three architectures. Finally,
a study of the impact of parameter count on the decoder was conducted. In addition
to the results presented here, a deeper analysis of the distributions of descriptors for
compounds generated by the pretrained models was performed. The results of this
analysis can be found in Appendix B.2.
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4.2.1 Training Process

The implemented models based on the architectures described in Section 3.2 were
trained on the two different datasets for a varying number of epochs using the
negative log-likelihood (Equation 2.19) as loss function. The resulting negative
log-likelihood for each model can be seen in Figure 4.4. While all models reach
a negative log-likelihood of approximately the same size for the validation loss, it
is important to note that these validation losses have been computed across two
different validation sets (one from ChEMBL and one from PubChem). The decoder
trained on ChEMBL reaches a lower validation loss than the RNN but similar to the
lowest loss for Mamba trained and validated on the same dataset. For the RNN and
Mamba trained on ChEMBL, the validation loss stops decreasing after 20 and 16
epochs, respectively, and then begins to increase, while the training loss continues
to decrease. This indicates that the models are not only learning the underlying
patterns in the training data, but are also fitting to dataset-specific patterns, which
do not generalize to unseen data such as the validation set. This issue is known
as overfitting, and continuing training under these circumstances generally leads
to poorer model performance. The models trained on PubChem do not exhibit
overfitting. Instead, they continue to improve over all epochs. Here, the models
were trained until validation loss stopped decreasing significantly. Computational
constraints prevented the models from reaching total convergence. Mamba trained
on PubChem reaches a lower validation loss than both the decoder and RNN trained
on the same dataset.

During training, validation loss is computed after each epoch’s parameter updates,
resulting in initially lower validation loss compared to training loss due to rapid loss
reduction in early epochs. For the models trained on PubChem, the losses start at
a loss of 27.5, whereas for the ChEMBL models, it takes 2 to 3 epochs to reach this
loss. This is due to that during one epoch, the PubChem models see more data,
and the network is updated more times (since the batch size is fixed). Overall, the
decrease in loss over the epochs is more rapid for the models trained on ChEMBL
than for those trained on PubChem.

The RNN and Mamba trained on ChEMBL achieve their minimum validation loss at
epoch 20 and 16, respectively, whereas all other models reach their lowest validation
loss at the final epoch. For subsequent experiments, model weights were selected
from the epoch with the minimum validation loss for each model.
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Figure 4.4: Training and Validation losses over training epochs for the decoder,
RNN, and Mamba trained on ChEMBL and PubChem datasets. Note that each
model was trained for various numbers of epochs: the decoder was trained for 70
epochs when training on the ChEMBL dataset, and 20 epochs when being trained
on the PubChem dataset. The RNN was trained for 50 epochs when training on
the ChEMBL dataset, and 25 epochs when being trained on the PubChem dataset.
The Mamba was trained for 70 epochs when training on the ChEMBL dataset, and
15 epochs when training on the PubChem dataset.

To compare the computational times across architectures and datasets, all models
were trained once on a NVIDIA GeForce RTX 3080 Ti GPU. The times recorded on
average per epoch are listed in Table 4.1. Note that these times are the time it takes
for the model to process the entire training and validation set once, with a batch
size of 50, for both training and validation sets. When comparing the training times
per epoch on the two separate datasets, the decoder-only Transformer requires twice
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as long as the RNN, while the Mamba architecture takes approximately 1.5 times
longer than the RNN.

Time per epoch

Decoder - ChEMBL 1414 s (23 min 34 s)

RNN - ChEMBL 698 s (11 min 38 s)

Mamba - ChEMBL 1080 s (18 min)

Decoder - PubChem 61936 s (17 h 12 min)

RNN - PubChem 31234 s (8 h 40 min)

Mamba - PubChem 48576 s (13 h 30 min)

Table 4.1: Training times for all model-dataset combinations. Note that these times
are only for training the model for one epoch, processing the entire training and
validation set (but not the sampling described in Section 4.2.2).

4.2.2 Validity, Uniqueness, and Novelty
For each epoch during training, the validity, uniqueness, and novelty were computed
for each model by sampling a set of 104 molecules. For each compound, it was
determined whether it was (1) valid in the sense that it was possible to create
a molecule object from the SMILES string using RDKit, (2) unique among the
sampled molecules so that none of the other sampled molecules that epoch had the
same InChI key, and (3) novel with regards to the InChI keys of the molecules in the
training data. The number of valid, unique, and novel molecules was normalized
by the total number of sampled molecules to derive the validity, uniqueness, and
novelty. The resulting scores for each model can be seen in Figure 4.5. Overall,
the validity and uniqueness follow each other for all models, making them nearly
indistinguishable in the figures, which means that a majority of the valid compounds
generated do not repeat. While the validity and uniqueness are high and similar
for all models trained on the PubChem dataset, the decoder trained on ChEMBL
has a higher validity and uniqueness compared to the RNN and Mamba trained on
the ChEMBL dataset. Mamba and the RNN exhibit similar validity and uniqueness
across epochs for ChEMBL as well as for PubChem.

For all models, novelty declines over training steps, with maximum novelty observed
within the first ten steps for all ChEMBL models, and at the first step for all Pub-
Chem models. This decline reflects the models’ increasing tendency to reproduce
examples from the training set as learning progresses, resulting in fewer novel out-
puts. Additionally, the novelty is significantly lower for PubChem models, likely
due to the much larger size of the PubChem training set used for novelty computa-
tions, which increases the probability of generating molecules already present in the
training data.

As observed with the losses in Section 4.2.1, the validity, uniqueness, and novelty
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metrics remain more stable for PubChem-trained models compared to those trained
on ChEMBL. PubChem-trained models exhibit a high fraction of valid and unique
SMILES after the first epoch, likely because a single epoch entails more weight
updates than for the ChEMBL-trained models.
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Figure 4.5: Validity, uniqueness, and novelty of the decoder, RNN, and Mamba trained
on the ChEMBL or Pubchem dataset over epochs. The highest scores have been indicated
by stars for each metric. Note that validity and uniqueness follow each other closely for all
models, making them difficult to distinguish. The models exhibit similar behavior on the
same dataset, but the decoder trained on ChEMBL exhibits higher validity and uniqueness
than the RNN and Mamba trained on ChEMBL.

The validity, uniqueness, and novelty assessed at the epochs corresponding to the
lowest validation loss are presented in Table 4.2. Notably, these values do not rep-
resent the maximum achieved for any metric during training; this is particularly
evident for novelty, which peaked earlier in the training process for all models. How-
ever, for the validity and uniqueness, the listed values are representative of the best
performance of the models.
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Training with the PubChem dataset led to increased validity and uniqueness for
all models. The decoder trained on PubChem achieved the highest validity and
uniqueness of all models, with identical fractions for valid and unique molecules
(0.9905). Similarly, for the PubChem-trained RNN and Mamba their corresponding
validity and uniqueness are equal (0.9872 and 0.9890 respectively), i.e., all valid
molecules generated by these models are also unique. When trained on the same
dataset, the decoder outperforms the RNN and Mamba with respect to validity
and uniqueness across both ChEMBL and PubChem, but Mamba has the highest
novelty across both datasets. This could, however, be due to Mamba being trained
for fewer epochs (15) relative to the Decoder (25) and the RNN (20).

Validity Uniqueness Novelty

Decoder - ChEMBL 0.9787 0.9634 0.8872

RNN - ChEMBL 0.9461 0.9456 0.8819

Mamba - ChEMBL 0.9482 0.9477 0.8899

Decoder - Pubchem 0.9905 0.9905 0.7652

RNN - Pubchem 0.9872 0.9872 0.7644

Mamba - Pubchem 0.9890 0.9890 0.7896

Table 4.2: Validity, uniqueness, and novelty metrics for the decoder, RNN, and
Mamba models trained on either the ChEMBL or PubChem dataset. These metrics
were calculated by sampling a set of 104 molecules from each model, using the weights
from the epoch with the lowest validation loss. For the RNN and Mamba models
trained on ChEMBL, this corresponds to the 20th and 16th epochs, respectively; for
all other models, metrics are computed using the final epoch.

4.2.3 Effect of Randomized Smiles
By randomizing the SMILES representations in the training dataset prior to model
input, each canonical SMILES entry was replaced with a randomized, yet valid, al-
ternative encoding of the same molecule. This randomized SMILES was generated
by randomly traversing the molecular graph to produce a non-canonical string rep-
resentation. This procedure yielded a new dataset containing the same molecules
but with different SMILES strings, introducing variation in the underlying chemical
structural patterns presented to the model.

Figure 4.6 presents the loss curves for models trained with randomized SMILES
across epochs. Both the RNN and Mamba models exhibit overfitting to the training
data after 14 and 10 epochs, respectively. As shown in Figure 4.6, the lowest loss for
all models trained on the PubChem dataset occurred at the final epoch. In contrast,
for models trained on the ChEMBL dataset, the epoch corresponding to the lowest
loss varied as follows: Decoder at epoch 66, RNN at epoch 14, and Mamba at epoch
10.
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Figure 4.6: Training and validation losses over training epochs when training with
randomized SMILES. Note that each model was trained for various numbers of
epochs: The decoder was trained for 70 epochs when training on the ChEMBL
dataset, and 25 epochs when being trained on the PubChem dataset. The RNN
was trained for 50 epochs when training on the ChEMBL dataset, and 25 epochs
when being trained on the PubChem dataset. The Mamba model was trained for
70 epochs when training on the ChEMBL dataset, and 15 epochs when training on
the PubChem dataset.

Figure 4.7 shows the validity, uniqueness, and novelty (see Section 4.2.2 for how
these are computed) over epochs for the models trained with randomized SMILES.
The highest value for each metric in each subplot has been marked with a star. For
validity and uniqueness, this value often coincides, leading the subplots to include
a shared star for these metrics. The dashed lines represent the validity, uniqueness,
and novelty for the models trained on canonical SMILES (non-randomized), and are
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colored according to the metrics.
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Figure 4.7: Validity, uniqueness, and novelty over epochs for models trained with
randomized SMILES. The highest value for each metric has been marked with a
star. For most models and datasets, the highest value for validity and uniqueness
coincides, leading to them sharing the marked star. The dashed line for each metric
indicates those from the models trained on canonical SMILES. All models trained
with randomized smiles exhibit higher performance in novelty compared to their
canonical counterparts. Note that the decoder trained on PubChem has been trained
for 5 more epochs than its canonical counterpart.

All models trained on ChEMBL show similar behavior: a dramatic increase in all
metrics during the first five epochs, which then converges and oscillates around
the convergence limit. Similar to the models trained with canonical SMILES, the
validity and uniqueness follow each other across epochs, with the decoder achieving
a higher validity and uniqueness. Different from the models trained on canonical
SMILES, the models trained with randomized SMILES do not exhibit a decrease in
novelty but rather the opposite; the novelty continues to increase beyond the novelty
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peak for canonical SMILES-trained models.

The models trained on PubChem also show similar behavior to corresponding canon-
ical SMILES-trained models: High and almost static validity and uniqueness, and
a novelty significantly lower than corresponding ChEMBL-trained models. Com-
paring the PubChem models trained with randomized SMILES with corresponding
models trained with canonical SMILES (dashed lines in Figure 4.7), the novelty is
higher for the models trained with randomized SMILES. This is true for all three
PubChem-trained models across epochs, except for the RNN, which drops in novelty
after 15 epochs.

In Table 4.3, the validity, uniqueness, and novelty from the epochs corresponding to
the lowest validation loss (see Figure 4.6) are shown. These values do not represent
the maximum achieved for any metric during training.

Validity Uniqueness Novelty

Decoder - ChEMBL 0.9759 0.9750 0.9563

RNN - ChEMBL 0.9465 0.9464 0.9326

Mamba - ChEMBL 0.9488 0.9487 0.9300

Decoder - Pubchem 0.9882 0.9882 0.8233

RNN - Pubchem 0.9896 0.9895 0.7662

Mamba - Pubchem 0.9900 0.9900 0.8350

Table 4.3: Validity, uniqueness, and novelty for the decoder, RNN, and Mamba
trained on the ChEMBL or PubChem dataset with randomized SMILES. The met-
rics were computed by sampling a set of 104 molecules from the models with the
weights from the epoch with the lowest validation loss. For the decoder, RNN,
and Mamba trained on ChEMBL, it corresponds to the 66th, 14th and 10th epoch,
whereas for all other models it is the final epoch.

The Mamba trained on PubChem has the highest validity and uniqueness overall,
while also outperforming the decoder and RNN in novelty on that dataset. For the
ChEMBL dataset, the decoder outperforms the RNN and Mamba. The decoder
trained on ChEMBL also has the highest novelty overall.

Comparing the validity, uniqueness, and novelty reported in Table 4.3 with that of
the corresponding models trained with canonical SMILES, reported in Table 4.2,
the models trained on randomized SMILES showed especially better performance
with respect to novelty than their canonical counterparts. For these reasons, the
models trained on randomized SMILES were included in the reinforcement learning
experiments in Section 4.3.
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4.2.4 Impact of Decoder Downsizing
In addition to the 6M parameter-sized decoder, a smaller version (called Decoder
Mini) was designed and trained in the same manner as the baseline decoder models
(with canonical SMILES). The Decoder Mini was designed with 4 decoder layers with
6 heads each, instead of the 8 layers with 8 heads of the baseline decoder. In order to
keep the head dimension of 32 (as for the baseline Decoder model), the Decoder Mini
was designed with a model dimension of 192. The total trainable parameter count
amounted to ∼ 2.2M . This smaller decoder was trained on ChEMBL and PubChem
for 70 and 20 epochs, respectively. Training the Decoder Mini on ChEMBL for one
epoch took 589 s (1414 s for baseline decoder on ChEMBL), and 26393 s (61936 s
for baseline decoder on PubChem) when training on PubChem. Comparing these
times with those of the other models, listed in Table 4.1, the Decoder Mini takes
approximately the same time to train as the RNN.

The resulting loss curves when training the Decoder Mini can be seen in Figure
4.8. Both when training on ChEMBL and PubChem, the loss curves continue to
decrease over all epochs. Comparing these losses with those seen for the baseline
decoder in Figure 4.4, the Decoder Mini does not reach as low loss values as the
baseline decoder.
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Figure 4.8: Training and validation losses over training epochs for the Decoder Mini
trained on ChEMBL and PubChem datasets.

As for the other evaluated models, the validity, uniqueness, and novelty were com-
puted for 104 compounds sampled at each epoch, and the results of this can be seen
in Figure 4.9 together with the validity, uniqueness, and novelty of corresponding
baseline decoders. The Decoder Mini trained on ChEMBL achieves a higher novelty
than the one trained on PubChem; however, training the Decoder Mini on PubChem
does result in a higher validity and uniqueness. For the Decoder Mini trained on
ChEMBL, the validity and uniqueness demonstrate similar change over epochs as
the baseline decoder trained on the same dataset (marked by dashed lines in 4.9a.
The validity and uniqueness are, however, slightly lower, around 0.95, than the valid-
ity and uniqueness of the baseline decoder (around 0.97, see Table 4.2). The novelty,
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which initially is lower for the Decoder Mini trained on ChEMBL than the corre-
sponding baseline model, levels out instead of decreasing, resulting in a higher final
novelty than for the corresponding baseline model. Novelty for the Decoder Mini
trained on PubChem does, however, reaches a higher value throughout all epochs
compared to the novelty of the baseline decoder. The validity and uniqueness of the
Decoder Mini never reach as high values as the baseline decoder.
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Figure 4.9: Validity, uniqueness, and novelty over epochs for smaller decoder models
with corresponding baseline decoder results in dashed lines. The trends in unique-
ness and validity across epochs for the smaller decoder closely resemble those ob-
served in the baseline decoders. This, while the Decoder Mini models exhibit higher
novelty scores than their respective baseline decoders.
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4.3 Reinforcement Learning Optimization

In the following experiments, reinforcement learning was employed to optimize the
generation of new molecules using the pretrained models described in previous sec-
tions. The purpose of applying reinforcement learning is to guide the pretrained
models toward generating molecules with desirable properties, as defined by the
scoring functions. In this approach, reinforcement learning serves primarily as an
enhanced sampling method rather than as a finetuning procedure, making all com-
pounds generated throughout the reinforcement learning run equally valuable.

The models were optimized for the five different optimization tasks and correspond-
ing scoring functions described in section 3.4.1 to assess two key aspects: the ability
of each model to adapt to a new task and the diversity among the generated com-
pounds. For every RL task, QED (Quantitative Estimate of Drug-likeness) was also
included as an additional scoring criterion to maintain a drug-relevant bias. The
total score for each compound is the geometric mean, with unit weight, over the
intended scoring function and the QED score.

We begin by presenting the results from the simplest optimization task: to avoid
generating compounds containing sulphur. This was only carried out for the base-
line models, i.e., those without randomized SMILES during pretraining, presented
in Section 4.2.1. While this task could have been replaced by simply filtering out all
compounds containing sulphur, this simple task serves as proof of principle, demon-
strating the feasibility of training implemented models using RL.

For all other tasks, the resulting scores are systematically compared across different
models and datasets, comparing first the inter-architectural performance, i.e., com-
paring the different training conditions (ChEMBL versus PubChem and randomized
SMILES versus canonical SMILES) for each model separately. We then compare
the scores between the better-performing variants of each architecture against each
other. The scores presented here are the moving averages over the training steps,
as the average score per step fluctuates. Hence, the score presented at each step is
the average over the scores of the 10 preceding and succeeding steps. The moving
average is applied to both the task-specific score and the QED.

To study the diversity among the generated compounds, the number of unique com-
pounds, scaffolds, and generic scaffolds over RL runs was computed, and these are
compared across all models and training conditions. To display the relevance of
these, the number of compounds and scaffolds that achieve a task score and QED
above 0.6 is visualized together with the total number of compounds and scaffolds.

Below, we present the results from the RL tasks: Sulphur Avoidance (baseline), Sim-
ilarity Guided Structure Generation, and Target Activity: DRD2, while the results
from the remaining RL tasks: Target Activity: JNK3, Target Activity: GSK3β, and
are shown in Appendix B.
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4.3.1 Sulphur Avoidance
As a proof of principle, the models were trained to avoid generating molecules con-
taining sulphur. To achieve this, the scoring component described by Equation 3.1
was utilized, along with a QED scoring component. The geometric mean of these
scores (with unit weights) was used to train the models. Achieving an average score
of 1 indicates complete sulphur avoidance, and high QED values suggest that the
generated molecules possess drug-like attributes. In Figure 4.10, the per-step aver-
age score and QED can be seen for the decoder, RNN, and Mamba pretrained on
ChEMBL and PubChem (with canonical SMILES during pre-training).
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Figure 4.10: Per step average score and QED over number of steps for the decoder
and RNN pretrained on ChEMBL and PubChem (as indicated by the legend to the
right), over an RL run with sulphur avoidance and QED as scoring components.
Each line indicates an average over three consecutive RL runs, and the shaded area
is the average ± the standard deviation over the three runs.

All models except for the RNN and Mamba pretrained on PubChem reach an average
score of 1 within the first few hundred epochs, as well as an average QED value of
about 0.8. The RNN pretrained on PubChem reaches an average score of 1 much
later, while Mamba pretrained on PubChem never reaches an average score of 1.
For the average QED, the RNN pretrained on PubChem reaches ∼ 0.8 in the later
steps, while Mamba pretrained on PubChem does not reach 0.8.

In addition to the scorings, the sampled SMILES during the RL run were recorded,
and their Murcko scaffold as well as the generic Murcko scaffold were computed.
In Figure 4.11, the average number of unique compounds, Murcko scaffolds, and
generic Murcko scaffolds with a score and QED above 0.6 can be seen. Being that
a total of 64.000 compounds are sampled over one RL run, a large fraction of those
compounds are unique for all models. However, less than half of those compounds
are sulphur-free (score = 1) and have a QED above 0.6 for the decoder and RNN
models.

As shown in Figure 4.11a and 4.11b, Mamba pretrained on both ChEMBL and
PubChem produces the highest number of unique compounds and scaffolds while
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also having a QED above 0.6. All the other models perform similarly in producing
unique compounds, scaffolds, and generic scaffolds.

Figure 4.11: Number of (a) unique compounds, (b) unique scaffolds, and (c) unique
generic scaffolds generated by each model over an RL run of 1000 steps with a batch
size of 64. The total number of compounds/scaffolds is illustrated by the transparent
bar, and the solid bar represents the number of compounds/scaffolds that also have
a score and QED over 0.6. The black lines indicate the standard deviation over
three RL runs (with the height of the bar indicating the average over these three
runs).
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4.3.2 Similarity Guided Structure Generation
Measuring the similarity of the generated molecules to the target Celecoxib, the Tan-
imoto similarity was used as explained in Section 3.4.1. Scoring for QED was added
and the total score used for training was the geometric mean over the similarity score
and the QED score, with unit weights. In contrast to the other experiments, the
diversity filter described in Section 3.4.2 was not used. Instead, a filter to penalize
repeatedly generated SMILES was used. Every recurring SMILES was penalized by
multiplying the score by 0.5. This was done since the purpose of the task is for the
model to generate molecules within a narrow chemical space, rather than exploring
a broad space to find different kinds of compounds that fulfill some criteria. The
per-step average similarity score and QED can be seen in Figure 4.12 (RNN), 4.13
(Decoder), and 4.14 (Mamba). Compared to the results seen for the sulphur avoid-
ance task, all models achieve a rather low similarity score on average. However, the
average similarity score increases over the training steps for all architectures.

The RNN models, whose scores can be seen in Figure 4.12, have smooth similarity
scores and some more oscillations in the QED score. The ChEMBL pretrained
RNNs achieve higher both similarity and QED score throughout the RL run, than
the RNNs pretrained on PubChem. Comparing the RNNs pretrained with and
without randomized SMILES during pre-training, there is little to no difference for
those pretrained on ChEMBL. In contrast, the RNNs pretrained on PubChem with
randomized SMILES have lower similarity and QED scores over most of the RL
runs.
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Figure 4.12: RNNs average score and QED over steps in RL task: Similarity guided
structure generation (Celecoxib). The RNNs pretrained on ChEMBL achieve higher
similarity and QED scores throughout the RL run compared to those pretrained on
PubChem. The RNNs pretrained on PubChem with randomized smiles achieve
the lowest average score and QED. The shaded area is the average ± the standard
deviation over three runs.

Similarly, for the decoder models, the models pretrained on ChEMBL achieve higher
similarity scores over the RL run. The similarity and QED scores, however, are not
as smooth for the decoder models, and fluctuations in both scores are evident for all
decoder models in Figure 4.13. While the decoder model pretrained on PubChem
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with randomized SMILES has the lowest similarity score over the run, the other
PubChem-pretrained model reaches a similarity score comparable to that of the
CHEMBL-pretrained models by the end of the RL run. In addition to this, the
decoder pretrained with PubChem and non-randomized SMILES maintains a QED
score similar to those of the ChEMBL-pretrained decoders after about 500 steps.
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Figure 4.13: Decoders average score and QED over steps in RL task: Similarity
guided structure generation (Celecoxib). The decoders pretrained on ChEMBL
achieve higher similarity scores throughout the RL run compared to those pretrained
on PubChem. For both the average score and QED, the decoder pretrained on Pub-
Chem with randomized smiles achieves the lowest while the decoder pretrained on
PubChem without randomized smiles reaches similar levels as the decoders pre-
trained on ChEMBL. The shaded area is the average ± the standard deviation over
three runs.

For the Mamba models, whose scores can be seen in Figure 4.14, the ChEMBL-
pretrained models achieve higher similarity and QED scores throughout the RL
runs, and the distinction between these and the PubChem-pretrained models is
larger than for the RNN and the decoder models. The effect of pretraining with
randomized SMILES also differs for the Mamba models compared to the RNN and
the decoder: the model pretrained on ChEMBL with randomized SMILES achieves
a distinctly higher similarity score over the RL run than the ChEMBL-pretrained
model without randomized SMILES. For the PubChem-pretrained Mamba models,
however, there is little to no difference in similarity and QED score when training
with versus when training without randomized SMILES.
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Figure 4.14: Mamba average score and QED over steps in RL task: Similarity guided
structure generation (Celecoxib). The models pretrained on ChEMBL achieve higher
scores than those pretrained on PubChem throughout the RL run. The model
pretrained on ChEMBL achieves a higher average QED early in the RL run but
performs similarly to the models pretrained on PubChem later on during the run.
The shaded area is the average ± the standard deviation over three runs.

To compare the performance between the three different architectures, the archi-
tectures pretrained with ChEMBL and randomized SMILES were chosen for com-
parison, as these pretraining conditions resulted in high similarity and QED scores
for all three architectures. The similarity and QED scores over the RL runs for the
decoder, RNN, and Mamba pretrained with ChEMBL and randomized SMILES can
be seen in Figure 4.15. While the performance of the three different architectures
is similar, the Decoder achieves a slightly higher similarity score than the other two
architectures. On the other hand, the fluctuations in QED score are much larger for
the decoder model, whereas the other two architectures have steadier QED scores.
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Figure 4.15: Decoder, RNN, and Mamba (Randomized smiles) average score and
QED over steps in RL task: Similarity guided structure generation (Celecoxib). The
decoder has a higher average score during the RL run, but has larger fluctuations in
QED compared to the RNN and Mamba, which have comparably steady QED over
the RL run. The shaded area is the average ± the standard deviation over three
runs.

When optimizing the models through RL to generate molecules similar to the query
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compound, the aim is to narrow the chemical space of generated molecules while
maintaining a variety among generated samples. In Figure 4.16, the number of
unique compounds generated over the RL runs can be seen for each model. While
all models did increase their average scores over the RL runs, the highest averages
were around 0.4. Hence, when studying the number of unique compounds, very
few of them reach a similarity score (and QED score) above 0.6. However, the
number of unique compounds overall is high for all models and pretraining config-
urations, reaching above 50.000 unique compounds. Comparing the different pre-
training configurations, all models exhibit the same pattern: models pretrained on
PubChem generate more unique compounds than those trained on ChEMBL, and
pretraining with randomized SMILES also results in more unique compounds being
generated. Looking at the number of unique scaffolds as seen in Figure 4.17, two
models stand out: the decoder and RNN pretrained on PubChem with randomized
SMILES generate significantly more unique scaffolds than the other models. On
the other hand, corresponding models trained without randomized SMILES gener-
ate the most generic scaffolds, which is evident from Figure 4.18. The decoder and
RNN pretrained on PubChem without randomized SMILES both generate around
20.000 unique generic compounds, which is a large fraction of their unique scaffolds
(which amount to approximately 25.000 compounds). This is, while corresponding
models pretrained with randomized SMILES generated the most unique scaffolds,
the fraction of those being generically unique is much lower.
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Figure 4.16: Number of unique compounds generated by all the models pretrained
on both datasets with and without randomized SMILES over 1000 steps with a batch
size of 64 in RL task: Similarity guided structure generation (Celecoxib). The total
number of compounds is illustrated by the transparent bar, and the solid bar (only
visible for Decoder (ChEMBL) randomized) represents the number of compounds
that also have a score and QED over 0.6. The black lines indicate the standard
deviation over three RL runs (with the height of the bar indicating the average over
these three runs).
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Figure 4.17: Number of unique scaffolds generated by all the models pretrained on
both datasets with and without randomized SMILES over 1000 steps with a batch
size of 64 in RL task: Similarity guided structure generation (Celecoxib). The total
number of scaffolds is illustrated by the transparent bar, and the solid bar (not
visible for any of the models) represents the number of scaffolds that also have a
score and QED over 0.6. The black lines indicate the standard deviation over three
RL runs (with the height of the bar indicating the average over these three runs).
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Figure 4.18: Number of unique generic scaffolds generated by all the models pre-
trained on both datasets with and without randomized SMILES over 1000 steps with
a batch size of 64 in RL task: Similarity guided structure generation (Celecoxib).
The total number of generic scaffolds is illustrated by the transparent bar, and the
solid bar (not visible for any of the models) represents the number of generic scaf-
folds that also have a score and QED over 0.6. The black lines indicate the standard
deviation over three RL runs (with the height of the bar indicating the average over
these three runs).

Among the generated molecules during one of the RL runs, the unique compounds
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with the highest similarity score can be seen in Figure 4.19 (canonical pretraining)
and 4.20 (randomized pretraining). Many of the models do on some occasions gen-
erate the query compound, however these have been excluded from the figures.

The Celecoxib molecule has a core structure consisting of three rings: two phenyl
rings (six-membered carbon ring) and one Pyrazole ring (five-membered with 3 car-
bon and two nitrogen). These three rings can be seen in a majority of the compounds
seen in both Figure 4.19 and 4.20. Another feature of the Celecoxib molecule is the
sulfoanamide group attached to one of the phenyl rings (to the top right in red,
yellow, and blue in the target structure at the top of the figures). This as well is
found in many of the compounds in Figure 4.19. However, parts of it do sometimes
occur between the two phenyl rings, as seen for the two highest-scoring compounds
generated by the decoder pretrained on PubChem with randomized SMILES. The
trifluoromethyl group (in light blue to the top left in the target structure at the
top of the figures), which is another key feature of the Celecoxib molecule, is also
evident in many of the high-scoring compounds.

To provide deeper insight into how the overall similarity to the query compound
changes with RL, the similarity between Celcoxib and the first 1000 and final 1000
generated compounds was computed. The distribution of these similarities for each
of the models can be seen in Figure 4.21. All models do successfully shift the
distribution towards a higher similarity to Celecoxib. The models pretrained on
PubChem (see Figure 4.21b, 4.21d) have wider and flatter distributions for the first
1000 compounds. However, for the final 1000 compounds, the distributions have
narrowed, with a more pronounced peak, similar to the corresponding distribution
for the ChEMBL trained models (see Figure 4.21a, 4.21c).
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Figure 4.19: Sampled molecules after RL for similarity guided structure generation
and the query compound, Celecoxib. The value underneath each molecule is the
similarity score (Tanimoto) to Celecoxib.
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Figure 4.20: Sampled molecules after RL for similarity guided structure generation
and the query compound, Celecoxib, with models trained on randomized SMILES.
The value underneath each molecule is the similarity score (Tanimoto) to Celecoxib.
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Figure 4.21: Similarities between the first 1000 sampled compounds (orange) and the
query compound, Celecoxib, and between the final 1000 sampled compounds (blue)
and the query compound. All models do successfully shift the distribution towards
a higher similarity to Celecoxib. The RNN pretrained on ChEMBL produces a few
compounds with very high similarity scores in the final sampling, more than the
other models.
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4.3.3 DRD2

To compare how well the models adapted to RL optimization towards activity
against the dopamine type 2 receptor (DRD2), a support vector machine classifier
was used to predict a generated compound’s DRD2 activity as described in Section
3.4. Firstly, the impact from the dataset was evaluated on each of the models, and
finally, an evaluation between the three models was made using the model from each
architecture that was pretrained on ChEMBL using randomized SMILES. In Figure
4.22, the average score and QED over steps in RL for target activity DRD2 for the
RNN across datasets are shown.
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Figure 4.22: RNN average score and QED over steps in RL for target activity
(DRD2) across datasets. The models pretrained on ChEMBL adapts faster to the
task as compared to the models pretrained on PubChem as seen on the average
score converging around 0.8. All models adapt similarly to the QED also around
0.8. The shaded area is the average ± the standard deviation over three runs.

The RNN pretrained on ChEMBL adapts relatively fast to the task, reaching average
scores close to convergence after 250 steps. Those pretrained on PubChem reach
those scores after around 500 steps.

In Figure 4.23, the average score and QED over steps in RL for target activity
DRD2 for the decoder across datasets is shown. Similarly to the RNN, the decoders
pretrained on ChEMBL learns the task faster, but this difference is not as prominent
as for the RNN as per Figure 4.22.
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Figure 4.23: Decoder average score and QED over steps in RL for target activity
(DRD2) across datasets. The models pretrained on ChEMBL adapt faster to the
task as compared to the models pretrained on PubChem, as seen on the average
score converging slightly above 0.8. All models adapt similarly to the QED around
0.8. The shaded area is the average ± the standard deviation over three runs.

In Figure 4.24, the average score and QED over steps in RL for target activity
DRD2 for the Mamba across datasets are shown. The Mamba models show greater
variance in adapting to the task according to the average score. As for the other
model architectures, the models pretrained on ChEMBL learns the task during fewer
steps than those pretrained on PubChem.
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Figure 4.24: Mamba average score and QED over steps in RL for target activity
(DRD2) across datasets. The models pretrained on ChEMBL adapt faster to the
task as compared to the models pretrained on PubChem, as seen on the average
score converging around 0.8. All models adapt similarly to the QED around 0.8.
The shaded area is the average ± the standard deviation over three runs.

In Figure 4.25, the average score and QED over steps in RL for target activity DRD2
for the decoder, RNN, and Mamba pretrained on ChEMBL randomized SMILES
are shown. When comparing the models pretrained on the same dataset (ChEMBL
randomized SMILES), the difference in adapting to the task based on average score
and QED is minuscule.
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Figure 4.25: Decoder, RNN, and Mamba average score and QED over steps in
RL for target activity (DRD2) pretrained on ChEMBL randomized SMILES. The
difference in average score and QED is minuscule across the model architectures, all
converging at an average score of 0.8, reaching a QED of 0.8 at a similar pace. The
shaded area is the average ± the standard deviation over three runs.

When evaluating the number of unique compounds over the 1000 steps per model-
dataset pair, most models generate similar amounts of unique compounds, all gen-
erating around 60.000 as shown in Figure 4.26. When including a threshold of a
compound also having a score and QED > 0.6, the decoder exhibits a more robust
behavior, producing similar amounts of unique compounds across the datasets, while
the RNN and Mamba exhibit varying performance.
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Figure 4.26: Number of unique compounds generated by all the models pretrained
on both datasets with and without randomized SMILES over 1000 steps with a
batch size of 64 in RL for target activity (DRD2). The total number of compounds
is illustrated by the transparent bar, and the solid bar represents the number of
compounds that also have a score and QED over 0.6. The black lines indicate the
standard deviation over three RL runs (with the height of the bar indicating the
average over these three runs).
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Figure 4.27 shows the number of unique scaffolds over the 1000 steps per model-
dataset pair. The amount of unique scaffolds varies between the models. All mod-
els produce the most unique scaffolds when pretrained on PubChem randomized
SMILES and the fewest when pretrained on ChEMBL without randomized SMILES.
When including a threshold of a compound also having a score and QED > 0.6, the
decoder exhibits more robust behavior than the other models, producing similar
amounts of unique scaffolds across model-dataset pairs.

Figure 4.28 shows the number of unique generic scaffolds over the 1000 steps per
model-dataset pair. The amount of unique generic scaffolds varies between the
models. The amount of generated unique generic scaffold behaves similarly between
the datasets for the decoder and the RNN, but Mamba shows another behavior.
Mamba, pretrained on PubChem randomized SMILES, produces the most unique
generic scaffolds, while the decoder generates the most when pretrained on ChEMBL
without randomized SMILES. For the RNN, being pretrained on PubChem without
randomized SMILES generates the most unique generic scaffolds. When including a
threshold of a compound also having a score and QED > 0.6, the decoder generates
the most unique generic scaffolds overall.
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Figure 4.27: Number of unique scaffolds generated by all the models pretrained
on both datasets with and without randomized SMILES over 1000 steps with a
batch size of 64 in RL for target activity (DRD2). The total number of scaffolds
is illustrated by the transparent bar, and the solid bar represents the number of
scaffolds that also have a score and QED over 0.6. The black lines indicate the
standard deviation over three RL runs (with the height of the bar indicating the
average over these three runs).
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Figure 4.28: Number of unique generic scaffolds generated by all the models pre-
trained on both datasets with and without randomized SMILES over 1000 steps
with a batch size of 64 in RL for target activity (DRD2). The total number of scaf-
folds is illustrated by the transparent bar, and the solid bar represents the number
of scaffolds that also have a score and QED over 0.6. The black lines indicate the
standard deviation over three RL runs (with the height of the bar indicating the
average over these three runs).

4.3.4 Decoder Mini and DRD2 activity

The Decoder Mini, described in Section 4.2.4, was also trained using reinforcement
learning for various optimization tasks. For target activity toward DRD2, the evo-
lution of the activity score and QED across epochs for the Decoder Mini trained
on ChEMBL (without randomized SMILES) is displayed in Figure 4.29, alongside
the corresponding scores for both the baseline decoder and the RNN trained on
ChEMBL. The Decoder Mini demonstrates comparable performance to the base-
line decoder with respect to both activity and QED scores throughout the training
epochs. Notably, both models marginally outperform the RNN on these metrics.
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Figure 4.29: Per step average target activity (DRD2) and QED score over steps for
the baseline decoder, Decoder Mini, and RNN pretrained on ChEMBL (as indicated
by legend to the right), over an RL run with DRD2 activity and QED as scoring
components. Each line indicates an average over three consecutive RL runs, and the
shaded area is the average ± the standard deviation over the three runs.

Figure 4.30 illustrates the number of unique compounds, scaffolds, and generic scaf-
folds generated by the Decoder Mini, the baseline decoder, and the RNN during
reinforcement learning for DRD2 activity. For all three of these diversity measures,
Decoder Mini performs comparably to both the baseline decoder and RNN, consis-
tently achieving slightly higher scores than the RNN across all metrics.

The results of training the Decoder Mini for other optimization tasks can be found
in Appendix B.4.
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Figure 4.30: Number of (a) unique compounds, (b) unique scaffolds, and (c) unique
generic scaffolds generated by each model over an RL run of 1000 steps with a batch
size of 64 for target activity (DRD2). The total number of compounds/scaffolds
is illustrated by the transparent bar, and the solid bar represents the number of
compounds/scaffolds that also have a score and QED over 0.6. The black lines
indicate the standard deviation over three RL runs (with the height of the bar
indicating the average over these three runs).
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5
Discussion

This discussion has been structured around the research questions of this thesis.
Rather than providing an exhaustive evaluation, this discussion selectively highlights
those observations and trends we find most relevant. Throughout, we aim to assess
the strengths and limitations of the undertaken methods, examining the impact of
both methodological choices and underlying model dynamics.

5.1 The Choice of Architecture
During pretraining, some distinct learning dynamics became apparent, with both
the Mamba and RNN reaching their minimum validation losses considerably faster
than the decoder when trained on ChEMBL, as seen in Figure 4.4. This more
rapid convergence for Mamba and RNN may reflect architectural efficiencies in se-
quence modeling, permitting faster adaptation to the structure of molecular data.
While these learning dynamics are clear for the ChEMBL-trained models, none of
the PubChem-trained models were trained long enough for those dynamics to be
observed. Hence, it is impossible to tell whether these dynamics generalize to larger
datasets. The seeming fact that the RNN and Mamba tend to overfit to ChEMBL
may be connected to a combination of factors. Model size relative to dataset size, ar-
chitectural properties, or suboptimal hyperparameter tuning. Given that ChEMBL
is a bioactive-focused dataset and considerably smaller than PubChem, it may be
insufficiently large for the scale and complexity of the RNN and Mamba. The ratio
of model size to dataset size is a well-documented cause of overfitting in that ex-
cessively complex models tend to overfit on less complex tasks and smaller datasets
[57]. To ascertain whether this phenomenon has affected our experiments, a more
detailed investigation into the relationship between model size and performance for
both the RNN and Mamba architectures would be required. But prior to this, thor-
ough hyperparameter tuning should be performed individually for each model.

While the validation loss offers insight into the generalization error of a model, it
may not fully account for the degree to which the model has genuinely learned the
underlying distribution of the data rather than simply memorizing the syntax of
the data. The novelty metric, which was computed as the proportion of generated
molecules not present in the training data, serves as a complementary metric on
potential overfitting. High novelty in combination with high validity and unique-
ness indicates that the model is exploring chemical space beyond what it has seen
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during training, while a lower novelty would imply that the model is reproducing
the training data rather than learning the underlying distribution of it. Studying
the novelty curves of the models trained on canonical SMILES in Figure 4.5 with
this in mind, it becomes evident that all three architectures, to some extent, mem-
orize the training data long before reaching their minimum validation loss. On the
other hand, this does not imply that training after the point of maximum novelty
is purely harmful; all architectures continue to increase in validity and uniqueness.
Ultimately, memorizing the data does seem inevitable when training with canonical
SMILES if the models are to learn the chemical space. Comparing across architec-
tures, all models trained with canonical SMILES see a decrease in novelty from early
on in the training process, and while Mamba has the highest novelty at its lowest
validation loss epoch, see Table 4.2, it also sees the steepest decrease in novelty over
epochs.

While requiring more training time, see Table 4.1 for exact times, the decoder ulti-
mately achieved the highest levels of validity and uniqueness across datasets. Across
epochs, it also maintains the highest fraction of novel SMILES compared to other
architectures, although the fast convergence of Mamba results in Mamba having the
highest novelty at the point of lowest validation loss, see reported novelties in Table
4.2.

All three architectures demonstrated high capability in capturing the underlying
chemical space of the datasets, as confirmed by analyses included in Appendix B.2.
When molecules generated from each model were examined in terms of their distribu-
tions over key chemical descriptors, such as molecular weight and number of heavy
atoms, similar distributions to those of the training data were found, supporting the
notion that model pretraining yields comprehensive chemical coverage irrespective
of architectural design.

Notably, performance differences were also apparent with respect to model scaling.
The Decoder Mini variant of the decoder-only Transformer, with 2.2 M parameters
instead of the 6.4 M parameters of the baseline decoder, performed as well as the
substantially larger RNN (5.9 M parameters) regarding validity and uniqueness (Fig-
ures 4.9 4.5c, and 4.5d). In contrast to the larger models, the Decoder Mini’s novelty
kept increasing during training and reached its maximum novelty at the second to
last epoch, showing signs of better generalization than other models. In addition
to this, the Decoder Mini is significantly faster to train and sample than its larger
counterpart. Based on novelty, the performance of the Decoder Mini strengthens
the claim that less complex models are better at generalizing.

For the case of solely pretraining a model to encapsulate the underlying distribution
of the training data, generating valid, unique, and novel molecules, the choice of the
architecture’s effect is limited. While the decoder-only Transformer exhibits distinct
learning dynamics as it continues to improve its validation loss over extended epochs
compared to the faster convergence of Mamba and RNN, this could in part be due to
suboptimal hyperparameter choices for the latter models. The decoder consistently
achieves slightly higher validity and uniqueness in its generated molecules, though
these differences diminish when training on the larger PubChem dataset. Overall,
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when the primary goal is to learn and reproduce the training data distribution during
pretraining, the choice of architecture appears to have only a modest impact on the
quality and diversity of generated molecules, especially as the dataset size increases.

5.2 The Choice of Training Data
ChEMBL and PubChem present contrasting opportunities and constraints for molec-
ular generation. The most apparent difference between these datasets is scale, with
ChEMBL comprising 2.2 M compounds and PubChem 119 M compounds, greatly
expanding the accessible chemical space. While this increase in data volume does
raise the expectation that PubChem could facilitate wider exploration and broader
diversity, examination of the actual distributions of chemical attributes within each
dataset shows that this diversity is not pronounced. Both datasets display similar
spreads in key molecular descriptors, though important nuances appear upon closer
inspection.

The distribution of QED of compounds seen in Figure 4.1 shows that ChEMBL’s
compounds tend to have a higher QED, with a substantially larger fraction exhibit-
ing a QED above 0.5. This suggests that ChEMBL’s curated nature favors medicinal
relevance. In contrast, PubChem’s distribution of heavy atom counts, seen in Figure
4.2, reveals a prevalence of smaller molecules clustered around twenty heavy atoms,
whereas ChEMBL shows a pronounced peak at thirty. Examining ring count in
Figure 4.3, PubChem is dominated by molecules with two rings, alongside a notable
fraction with complex architectures comprising eight or more rings. ChEMBL prefer-
entially contains compounds with three rings. The differences in these distributions
between ChEMBL and PubChem are reproduced by all models, and a comparison
between the distributions can be seen in Appendix B.2. Hence, the training data
directly affects the chemical space accessible to the trained models.

The differences between ChEMBL and PubChem shape the behavior of the models
during pretraining. Both the RNN and Mamba trained with ChEMBL overfitted
after less than 20 epochs, as evident from the loss curves seen in Figure 4.4. The mod-
els trained on PubChem do not overfit, likely attributable to the immense dataset
size. While this larger dataset makes it more difficult to overfit, the training times
scale linearly with the number of samples in the dataset, causing the PubChem
models to be slow to train. While the training time has not been an optimization
objective, or of big importance to this thesis, it did cause them to be trained for
fewer epochs due to computational and time limitations. Hence, it is possible that
these models would eventually start overfitting.

The vast number of compounds in PubChem should make memorization of the
training data more difficult or take a longer time, but despite this, models pretrained
on PubChem consistently yield lower novelty by generating a smaller proportion of
molecules not found in the training data. This might be due to the sheer size of
PubChem, where, even though the model is not overfitting, it struggles to generate
novel molecules since the dataset it has been trained on is so dense that many of the
possible compounds within the space spanned by the dataset exist in the dataset.
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In contrast, the models trained with ChEMBL and canonical SMILES (see Figure
4.5a, 4.5c, and 4.5e) show an early peak in novelty that then decreases at various
speeds depending on the architecture. This implies that while the curated nature of
ChEMBL makes it difficult for the models to memorize the data early in the training
process, the small amount of compounds also makes it inevitable to memorize the
training data as training proceeds.

Overall, PubChem-trained models exhibit a higher validity and uniqueness, both
across epochs and at the epoch of lowest loss, than models trained with ChEMBL.
The choice between a massive dataset like PubChem and a targeted, medicinally
curated dataset such as ChEMBL must be weighed against the purpose of training
the models, whether for broad chemical coverage, drug-likeness, or innovation. While
the effects discussed here apply exclusively to the pretraining phase, the datasets’
influence can be observed in downstream tasks such as reinforcement learning, with
model performance and optimization outcomes shaped by the foundation laid by
the training data.

5.3 The Effect of Randomized SMILES
The use of randomized SMILES during pretraining introduces distinct effects on
the process of learning the underlying distributions of the training data. Across
all architectures and datasets examined, the use of randomized SMILES resulted
in significantly higher training losses compared to canonical SMILES, as seen in
Figure 4.6. On the other hand, the general learning dynamics remain unchanged,
with models following a similar progression in loss reduction and convergence to
those seen when using canonical SMILES in Figure 4.4. Notably, both the Mamba
and RNN architectures exhibit signs of early overfitting when trained on ChEMBL,
regardless of SMILES representation.

While the validity and uniqueness of models trained with randomized SMILES seen
in Figure 4.7 matches that of models trained with canonical SMILES (Figure 4.5),
the impact on novelty is more pronounced. Models pretrained with randomized
SMILES demonstrate substantially higher novelty across all datasets, with maxi-
mum achieved novelty values exceeding those obtained through canonical training.
Within this regime, the decoder trained on ChEMBL achieves the highest novelty
across architectures, whereas Mamba shows a slight advantage when training on
PubChem. This improved novelty highlights one of the central aspects of random-
izing SMILES: the removal of bias stemming from the canonicalization algorithm.
As a result of this removal, models can not rely on systematic syntax, but instead
are forced to learn the underlying chemical structure [58]. In this way, training with
randomized SMILES helps models refrain from memorizing patterns in the train-
ing data before reaching their minimum validation loss, which is why we see the
increasing novelty while loss is still decreasing (Figures 4.4 and 4.5).

The benefits of randomized SMILES during pretraining are expected to translate
into reinforcement learning, where greater novelty and resistance to memorization
can support more effective exploration of chemical space.

78



5. Discussion

An alternative to exchanging each SMILES representation for a randomized SMILES
of the same molecule would be to generate several randomized representations of
the same molecule and include all of these in the dataset. This way, the models’
generalization of the data could be influenced by an even more complex dataset,
possibly impacting performance overall and the early overfitting of the RNN and
Mamba models.

5.4 Reinforcement Learning Optimization

The sulphur avoidance task

The task of generating molecules without sulphur is relatively straightforward, as
there is a direct correspondence between the scoring function and the explicit rep-
resentation of sulphur tokens in the SMILES string. This stands in contrast to
the other tasks evaluated, where the scoring function is determined by the molec-
ular structure inferred from the SMILES, rather than the presence of specific to-
kens. Owing to this direct relationship, all models rapidly learn to avoid generating
sulphur-containing compounds within the initial epochs of training, as seen in Figure
4.10. It is observed that the RNN and Mamba architectures pretrained on PubChem
require more epochs to achieve an average score of 1 (and Mamba does not reach
it at all), and while, for this task, generating low-scoring compounds is unfavorable,
that does not have to be the case in general. While a high average score indicates
that most generated compounds fulfil the criteria defined by the scoring function,
the occasional generation of a lower-scoring compound suggests that these models
retain a certain degree of exploration and are not exhibiting absolute mode collapse.
This tendency toward exploration is further supported by the diversity metrics pre-
sented in Figure 4.11, with the Mamba model pretrained on PubChem achieving a
high diversity with respect to all three metrics, and especially generates the highest
number of unique generic scaffolds with a QED and sulphur avoidance score above
0.6. Mamba trained with PubChem also generates significantly more unique com-
pounds and scaffolds that meet the 0.6 threshold than the decoder and RNN. While
this balance between exploration and exploitation is important, it should be noted
that the balance can also be refined through adjustment of RL hyperparameters.

Impact of architecture choice

Turning to the impact of architecture on RL performance, it is evident that all three
examined architectures are capable of adapting effectively to specific tasks through
RL. Notably, while all architectures quickly learn explicit token-based tasks such
as the sulphur avoidance task, their behaviors diverge on more complex objectives.
The decoder-only Transformer generally demonstrates greater fluctuation in scores
across training epochs as well as over RL runs, compared to the RNN and Mamba
models, which is significantly clear for the scores seen for the similarity guided task
seen in Figure 4.15. These fluctuations, in combination with fast adaptation of the
decoder model across tasks (see for example, Figures 4.10 and B.17) implies that
the decoder responds more rapidly to the reward signal. Despite fluctuations, the
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decoder exhibits particular proficiency in the similarity-guided task, achieving higher
similarity scores than all other models (see Figures 4.13, 4.12, 4.14, and 4.15). In
contrast, for the task of target activity against DRD2, no substantial performance
differences are detected between architectures in terms of the attained scores, see
Figure 4.25. For the other target activity tasks presented in Appendix B.3, there are
some differences between the architectures: For the task of target activity towards
JNK3, and the scores seen in Figure B.10, Mamba’s target activity score increases
more slowly than for the other architectures during the first steps. But this changes
during the second half of the RL run, during which Mamba achieves higher scores
than the other two models. For the task of target activity towards GSK3β, the
decoder learns to generate compounds with a high target activity score faster than
other models, indicated by the steep slope for the decoder’s target activity score
in Figure B.17. Following this steep increase, the decoder’s score then drops below
corresponding scores of the RNN and Mamba, before finally increasing to the same
levels as the other models.

Overall, these observations suggest that while architectural choice does influence
aspects of training dynamics and task-specific proficiency, there are no pronounced
differences that generalize across tasks.

Diversity among generated compounds, scaffolds, and generic scaffolds varies across
tasks. In the similarity-guided task, all models produce many unique compounds
(Figure 4.16), but only a minuscule fraction surpass the similarity and QED score
thresholds. Notably, the decoder and RNN trained with PubChem and randomized
SMILES generate significantly more unique scaffolds, though most share the same
generic structure, differing only in substituent groups (Figure 4.17 and 4.18). In con-
trast, using PubChem with canonical SMILES with these models results in scaffolds
that are distinct even at the generic level.

The choice of training data

While the choice of architecture has a limited effect on the results of the RL, the in-
fluence of the training data is much more pronounced. When comparing ChEMBL
and PubChem as pretraining sources, distinct differences emerge in learning effi-
ciency and generative capacity. Models pretrained on ChEMBL consistently achieve
higher scores more rapidly across architectures and tasks, see for example Figures
4.12, 4.13 and 4.14 for the similarity-guided task, suggesting that the more focused
and medicinally relevant nature of the dataset facilitates more efficient exploration
of the chemical space.

In contrast, models pretrained on the large PubChem dataset learn more slowly,
likely due to the vast and complex chemical space that makes it harder to find high-
scoring candidates (see Figures 4.22, 4.23, and 4.24). On the other hand, the models
pretrained with PubChem have not converged fully as much as the ones trained
with ChEMBL, which can be contributing to the slower learning of these models.
Nevertheless, the advantages of PubChem are evident in the diversity of generated
compounds. For example, the RNN and decoder pretrained with Pubchem for the
similarity guided task, generate a higher number of unique compounds, scaffolds,
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and generic scaffolds than corresponding models trained with PubChem, which can
be seen in Figures 4.16, 4.17, and 4.18.

For the target activity task presented in the Results chapter (DRD2), PubChem-
trained models generate slightly more unique compounds than ChEMBL-trained
models (see Figure 4.26. Although, as the PubChem-trained models are slower in
learning the task, fewer of the unique compounds reach a target activity and QED
score above 0.6. Studying the number of unique scaffolds for the same task in Figure
4.27, similar patterns can be seen: PubChem-trained models generate more unique
scaffolds, but a smaller fraction meets the 0.6 score threshold than for corresponding
ChEMBL models. For the generic scaffolds generated under the target activity task
towards DRD2 seen in Figure 4.28, there is no clear benefit from training with
PubChem. Instead, the decoder and RNN trained with ChEMBL and canonical
SMILES generate a comparable number of unique generic scaffolds to corresponding
models trained with PubChem.

But for Mamba, the positive effects of training with PubChem are evident in the
generic scaffolds as well: PubChem-trained Mamba models generate more unique
generic scaffolds than corresponding ChEMBL-trained models. Interestingly, it
seems that the Mamba models see a pronounced increase in generic scaffolds (see
Figures 4.18 and 4.28) when training with PubChem, while on the other hand, the
Mamba architecture sees a larger decrease in task-specific score when training with
PubChem than other models (compare for example DRD2 scores for Mamba in
Figure 4.24 with corresponding scores for decoder in Figure 4.23).

In summary, the choice of training data involves a trade-off between optimization
efficiency and diversity yield. In general, ChEMBL enables models to learn more
quickly and access high-scoring regions with greater ease, while PubChem expands
the scope of generative diversity, albeit at the expense of learning speed and nav-
igational complexity. The positive effects on diversity do, however, vary across
architectures and optimization tasks. Throughout, these findings underscore the
importance of aligning training data selection with specific project goals, whether
the priority is rapid optimization or broad structural exploration.

Randomized SMILES

The incorporation of randomized SMILES during pretraining had varying effects
depending on model architecture. For both the decoder-only Transformer and the
RNN, randomized SMILES did not lead to substantial changes in optimization scores
across tasks, for example, the DRD2 activity task seen in Figures 4.22 and 4.23, indi-
cating that these architectures already have a strong capacity to abstract underlying
chemical structures. In contrast, the Mamba architecture exhibited a pronounced
benefit from training with randomized SMILES, see for example Figure 4.24, achiev-
ing significantly higher task-specific scores when being pretrained with randomized
SMILES. This suggests that Mambas modeling approach may be more prone to
memorize the training data and thus gain from the randomization over canonical
SMILES. This aligns with the steep decrease in novelty seen when pretaining Mamba
with canonical SMILES (see Figure 4.5e for the increase in novelty when training
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with randomized SMILES).

Pretraining with randomized SMILES impacts molecular diversity in diverse ways
across tasks, model architectures, and datasets. Considering the number of unique
compounds generated, as illustrated in Figures 4.16 and 4.26, models trained with
randomized SMILES consistently produce more unique compounds than their coun-
terparts trained with canonical SMILES. Although the differences in the total num-
ber of unique compounds for both the similarity-guided and DRD2 tasks are rel-
atively modest, the effect is more pronounced for the Mamba architecture on the
DRD2 task: Mamba models pretrained with randomized SMILES yield significantly
more unique compounds that meet the 0.6 score threshold than the Mamba models
pretrained with canonical SMILES, as evident in Figure 4.26. For this task, this
positive effect for Mamba extends to the number of unique scaffolds, as shown in
Figure 4.27.

By contrast, for the similarity-guided task, randomized SMILES do not exert the
same influence on scaffold and generic scaffold diversity. In fact, models pretrained
on ChEMBL with canonical SMILES display higher diversity in unique scaffolds
compared to those trained with randomized SMILES, as indicated by Figure 4.17.
However, for PubChem-trained models in the similarity-guided task, randomization
continues to positively impact the number of unique scaffolds (and quite dramatically
so for the decoder and RNN). The trend for generic scaffolds in the similarity-guided
task, shown in Figure 4.18, is distinctly inverted: both RNN and decoder models
trained with PubChem generate more unique generic scaffolds when trained with
canonical SMILES rather than randomized SMILES.

These findings highlight that the influence of randomized SMILES on diversity is
highly context-dependent. For certain architectures and tasks, such as the Mamba
model on the DRD2 task, randomized SMILES evidently promote the exploration
of new compounds and scaffolds. The positive impact on diversity is likely due to
the networks exposure to alternative representations, which encourages exploration
of chemical space and mitigates memorization of specific token sequences. However,
the effect is not universal and varies depending on the combination of dataset, ar-
chitecture, and molecular diversity metric being considered. This suggests that the
benefit of SMILES randomization is not uniform across all scenarios and should
be strategically employed, with attention to the specific goals and context of the
generative application.

Summary and Implications

In summary, the results of the RL experiments indicate that an effective pretraining
strategy for generating high-scoring compounds is achieved by using the ChEMBL
dataset with randomized SMILES, across all architectures and optimization tasks.
In contrast, pretraining with the larger PubChem dataset serves as the optimal
choice when compound diversity is the primary objective; however, this does not
necessarily translate to scaffold diversity across all models, as discussed previously.

In addition to the models discussed thus far, the Decoder Mini, comprising 2.2 M
parameters, was trained on the same optimization tasks as larger models. Across all
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tasks, the Decoder Mini demonstrated competitive performance relative to the larger
models with respect to both the desired properties, i.e., the scores, and molecular
diversity. Results for the optimization task targeting DRD2 activity are presented in
the Results section, while outcomes for the remaining tasks are provided in Appendix
B.4, along with a brief discussion of these findings.

An important consideration in RL for molecular optimization is sample efficiency,
which becomes especially crucial when employing more computationally expensive
scoring functions than those evaluated in this thesis. If a generative model requires
thousands of samples to learn a new task, direct optimization against these advanced
scoring functions quickly becomes infeasible. The need for sample efficiency speaks
in favor of the decoder architecture and pretraining with the smaller, more curated
ChEMBL dataset.

It is important to recognize the limitations inherent in the oracle models utilized as
scoring functions for target activity tasks (the DRD2, JNK3, and GSK3β described
in Section 3.4). Oracle models are trained predictors that may be susceptible to
extrapolation errors and other internal heuristics that do not fully correspond to
experimental reality. This consideration is particularly relevant for applications
of reinforcement learning in molecular design: while reinforcement learning offers
powerful means for navigating chemical space and proposing novel candidates, the
reliability of generated compounds ultimately depends on the accuracy, domain cov-
erage, and calibration of the oracle models. In the broader context, the capacity
of chemical language models and reinforcement learning to contribute to drug dis-
covery is closely tied to the selection of training data as well as the robustness of
property predictors.

For a less detailed summary of the discussion, see Appendix C.
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In this thesis, we have systematically investigated how architectural choice, training
data size and origin, and the use of randomized SMILES affect the behavior and
performance of models for chemical language modeling. We explicitly compared
three architectures: an RNN with LSTM cells, a decoder-only Transformer, and the
Mamba architecture, utilizing two datasets: ChEMBL and PubChem. While the
results are far from coherent, some overarching conclusions can be drawn. Overall,
architectural choice had a limited effect on the generative performance, especially
when provided a sufficient amount of data (training with PubChem). This suggests
that the task of chemical language modeling might be a ”too simple” of a task to
motivate the use of more complex and computationally demanding architectures.

Training data proved to be the most influential factor shaping model performance.
With ChEMBL and PubChem differing primarily in size and medicinal relevance
(QED), ChEMBL-trained models more efficiently accessed high-scoring regions dur-
ing RL, while PubChem-trained models achieved higher validity and uniqueness
after pretraining, as well as broader compound diversity under RL. Evidently, Pub-
Chem provides models with a broader chemical space at the cost of making it more
difficult to navigate.

Randomized SMILES consistently improved novelty across architectures and train-
ing data, refraining the models from memorizing the canonical syntax and instead
generalizing better. The benefit of randomization was most pronounced for the
Mamba architecture, both with respect to novelty and RL optimization. In addition,
randomized SMILES generally improved compound diversity during RL, further
speaking in favor of the use of randomized SMILES in chemical language modeling.

Reinforcement learning experiments revealed that all architectures can be utilized in
RL tasks, but the sample efficiency and compound diversity were mainly governed
by pretraining choices.

While the RNN and Mamba remain competitive, our thesis shows that under the
training conditions studied, the decoder-only Transformer is generally preferable, as
it achieves a higher validity and uniqueness, and presents higher sample efficiency
during RL optimization.
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Future Aspects

While this thesis offers insights into the effectiveness of different architectures and
the influence of dataset size and source on model performance, the findings are far
from conclusive. Many important aspects remain unexplored, and further research
will be needed to fully understand the complexities of chemical language modeling
and its practical applications. Below, a selection of what such further research could
look like has been listed.

• Hyperparameter Tuning: Future studies should conduct thorough, sys-
tematic hyperparameter optimization for each architecture and dataset. Fine-
tuning parameters such as learning rate, batch size, and parameters of the op-
timization algorithm may bring performance improvements and help address
issues such as overfitting or slow convergence observed in this thesis.

• Model Scaling: A systematic investigation into optimal model scaling for
different dataset sizes. Such an analysis could minimize training time while
maintaining top performance across all metrics. Mitigating overfitting in mod-
els such as Mamba or RNN could further reduce loss during training and po-
tentially improve performance in validity, uniqueness, and novelty, as well as
in reinforcement learning tasks.

• Training Data Curation: The pronounced variation in model behavior and
performance across different datasets suggests that further analyses would
be beneficial. Datasets could be manually curated to balance diversity and
medicinal relevance, thereby leveraging the relevance of ChEMBL with the
size advantages of PubChem. Incorporating multiple randomized SMILES
representations may further enhance the models’ ability to generalize chemi-
cal syntax. This could also be extended into analyzing alternative molecular
representations, such as graphs, beyond SMILES.

• Multi-objective optimization: Future research should explore the opti-
mization of generative models using more complex oracle models as well as
multi-objective reinforcement learning frameworks, incorporating additional
properties beyond QED, to better reflect the complex trade-offs encountered
in real-world drug discovery.

Researching these topics, we believe, would further enhance the generative models
for the purpose of drug design. Ultimately, this thesis underscores the importance
of data selection and augmentation in AI-driven molecular design, and we recognize
that many opportunities remain for future progress in this field.
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A
Additional methods

A.1 Transformations in Preprocessing Pipeline

Table A.1: Transformations in the filtering pipeline. These transformations help
standardize molecules when RDKit is not sufficient.

Transformation Description
Nitro to N+(O-)=O [N,P,As,Sb;X3:1](=[O,S,Se,Te:2])=[O,S,Se,Te:3]

»[*+1:1]([*-1:2])=[*:3]
Sulfone to S(=O)(=O) [S+2:1]([O-:2])([O-:3])

»[S+0:1](=[O-0:2])(=[O-0:3])
Pyridine oxide to n+O- [nH0+0:1]=[OH0+0:2]

»[n+:1][O-:2]
Azide to N=N+=N- [*:1][N:2]=[N:3]#[N:4]

»[*:1][N:2]=[N+:3]=[N-:4]
Diazo/azo to =N+=N- [*:1]=[N:2]#[N:3]

»[*:1]=[N+:2]=[N-:3]
Sulfoxide to -S+(O-)- [!O:1][S+0;X3:2](=[O:3])[!O:4]

»[*:1][S+1:2]([O-:3])[*:4]
Phosphate to P(O-)=O [O,S,Se,Te;-1:1][P+;D4:2][O,S,Se,Te;-1:3]

»[*+0:1]=[P+0;D5:2][*-1:3]
C/S+N to C/S=N+ [C,S&!$([S+]-[O-]);X3+1:1]([NX3:2])[NX3!H0:3]

»[*+0:1]([N:2])=[N+:3]
P+N to P=N+ [P;X4+1:1]([NX3:2])[NX3!H0:3]

»[*+0:1]([N:2])=[N+:3]
Normalize hydrazine-diazonium [CX4:1][NX3H:2]-

[NX3H:3][CX4:4][NX2+:5]#[NX1:6]
»[CX4:1][NH0:2]=[NH+:3][C:4][N+0:5]=[NH:6]

Recombine 1,3-separated charges [N,P,As,Sb,O,S,Se,Te;-1:1]-
[A+0:2]=[N,P,As,Sb,O,S,Se,Te;+1:3]
»[*-0:1]=[*:2]-[*+0:3]

Recombine 1,3-separated charges [n,o,p,s;-1:1]:[a:2]=[N,O,P,S;+1:3]
»[*-0:1]:[*:2]-[*+0:3]

Recombine 1,3-separated charges [N,O,P,S;-1:1]-[a:2]:[n,o,p,s;+1:3]
»[*-0:1]=[*:2]:[*+0:3]
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Recombine 1,5-separated charges [N,P,As,Sb,O,S,Se,Te;-1:1]-[A+0:2]=[A:3]-
[A:4]=[N,P,As,Sb,O,S,Se,Te;+1:5]
»[*-0:1]=[*:2]-[*:3]=[*:4]-[*+0:5]

Recombine 1,5-separated charges [n,o,p,s;-1:1]:[a:2]:[a:3]:[c:4]=[N,O,P,S;+1:5]
»[*-0:1]:[*:2]:[*:3]:[c:4]-[*+0:5]

Recombine 1,5-separated charges [N,O,P,S;-1:1]-[c:2]:[a:3]:[a:4]:[n,o,p,s;+1:5]
»[*-0:1]=[c:2]:[*:3]:[*:4]:[*+0:5]

Normalize 1,3 conjugated cation [N,O!$(*N);+0!H0:1]-[A:2]=[N!$(* [N,O,P,S;-
1]),O;+1H0:3]
»[*+1:1]=[*:2]-[*+0:3]

Normalize 1,3 conjugated cation [n;+0!H0:1]:[c:2]=[N!$(* [N,O,P,S;-
1]),O;+1H0:3]
»[*+1:1]:[*:2]-[*+0:3]

Normalize 1,5 conjugated cation [N,O!$(*N);+0!H0:1]-[A:2]=[A:3]-
[A:4]=[N!$(* [N,O,P,S;-1]),O;+1H0:5]
»[*+1:1]=[*:2]-[*:3]=[*:4]-[*+0:5]

Normalize 1,5 conjugated cation [n;+0!H0:1]:[a:2]:[a:3]:[c:4]=[N!$(* [N,O,P,S;-
1]),O;+1H0:5]
»[n+1:1]:[*:2]:%[*:3]:[*:4]-[*+0:5]

Charge normalization [F,Cl,Br,I,At;-1:1]=[O:2]
»[*-0:1][O-:2]

Charge recombination [N,P,As,Sb;-1:1]=[C+;v3:2]»[*+0:1]
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B
Additional Results

B.1 Additional Distributions of the Training Data
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(a) Size of biggest ring (ChEMBL)
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Figure B.1: Additional distributions of attributes of the training data before (orange)
and after (blue) preprocessing.
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B.2 The Generated Molecules and Their Attributes
This section only concerns models trained with canonical SMILES. After pretraining,
a set of 10.000 compounds was sampled from each model’s lowest validation loss
epoch, and a set of chemical properties was computed. In Figures B.2, B.3, and B.4,
the distributions of these properties can be seen for the sampled compounds and
the corresponding distribution within the training data. For all studied properties,
all models reproduce distributions similar to the training data.
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Training SMILES
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Figure B.2: QED distribution of sampled molecules and training data. All models
reproduce the distribution of the training datasets similarly.
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Figure B.3: Number of heavy atoms distribution of sampled molecules and training
data. All models reproduce the distribution of the training datasets similarly.
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Figure B.4: Number of rings distribution of sampled molecules and training data.
All models reproduce the distribution of the training datasets similarly.

In an attempt to quantify the similarity between the distributions, the KL-divergence
between the distributions was computed. The resulting KL-divergences are listed in
Table B.1. For all model-training data combinations, the KL-divergence is smaller
than 0.03; however, there is no evident pattern as to which of the models better
approximates the training distributions.
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QED Molecular weight Number of rings

Decoder - ChEMBL 0.0123 0.0299 0.0024

RNN - ChEMBL 0.0112 0.0271 0.0080

Mamba - ChEMBL 0.0160 0.03817 0.01557

Decoder - PubChem 0.0091 0.0106 0.0011

RNN - PubChem 0.0103 0.0087 0.0050

Mamba - PubChem 0.0097 0.0075 0.0024

Table B.1: KL-divergence between attributes among sampled molecules and the
molecules in the training set. The distributions for each attribute were constructed
by computing the corresponding attribute for each molecule in the set (sampled or
training), and binning the results into bins of size 0.01 for QED, 20 for molecular
weight, and 1 for number of rings. A Lower KL-divergence means that the distribu-
tions are more similar; the lowest KL-divergence for each attribute has been marked
in bold.

In addition to the set of molecular properties among sampled molecules, the pair-
wise similarities between molecules was computed as well. The pairwise similarities
together with corresponding pairwise similarities between training samples can be
seen in Figure B.5. Similar to the other properties, the distribution of pairwise
similarities among sampled molecules resembles that of the training distribution.
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(b) Decoder (PubChem)
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(c) RNN (ChEMBL)
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(d) RNN (PubChem)
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(e) Mamba (ChEMBL)
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Figure B.5: Pairwise similarities between sampled molecules (orange) and training
data (blue). The pairwise similarity was computed using Tanimoto similarity. For
all four models, the distributions are similar for the sampled compounds and the
training compounds; however, for the ChEMBL models, there is a small shift to
the left for the sampled compounds compared to the distribution for the training
compounds.

In Figure B.6, a subset of the molecules generated by the models can be seen.

IX



B. Additional Results

Decoder 


(ChEMBL)

Decoder 


(PubChem)

RNN


(ChEMBL)

RNN


(PubChem)

Mamba 


(ChEMBL)

Mamba 


(PubChem)

Figure B.6: Molecules sampled by the trained models. For each model, a set of 104

molecules was sampled, out of which the three seen for each model in this figure
were uniformly sampled from this set.
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B.3 Additional RL Tasks

In addition to the optimization tasks presented in the report, RL was run for two
other target activity tasks, namely: JNK3 and GSK3β.

B.3.1 JNK3

To compare how well the models adapted to RL optimization towards activity
against the mitogen-activated protein kinase JNK3, a random forest classifier was
used as described in Section 3.4. Firstly, the impact from the dataset was evaluated
on each of the models, and finally, an evaluation between the three models was made
using the model from each architecture that was pretrained on ChEMBL using ran-
domized SMILES. In Figure B.7, the average score and QED over steps in RL for
target activity JNK3 for the RNN across datasets is shown.
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Figure B.7: RNN average score and QED over steps in RL for target activity (JNK3)
across datasets. The models pretrained on ChEMBL adapt faster to the task as
compared to the models pretrained on PubChem, as seen on the average score
converging around 0.6. All models adapt similarly to the QED around 0.7.

The RNN pretrained on ChEMBL adapts relatively fast to the task, reaching average
scores close to convergence after 250 steps. Those pretrained on PubChem reach
those scores after around 600 steps.

In Figure B.8, the average score and QED over steps in RL for target activity JNK3
for the Decoder across datasets are shown.
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Figure B.8: Decoder average score and QED over steps in RL for target activity
(JNK3) across datasets. The models pretrained on ChEMBL adapt faster to the
task as compared to the models pretrained on PubChem, as seen in the average
score converging around 0.6. The Decoder pretrained on PubChem with randomized
SMILES does, however, increase in average score towards the final steps more than
the other models. All models adapt similarly to the QED around 0.7.

Similarly to the RNN, the Decoders pretrained on ChEMBL learns the task faster,
but this difference is not as prominent as for the RNN as per Figure B.7. The Deoder
pretrained on PubChem with randomized SMILES increase in average score towards
the final steps of the RL and show fewer signs of convergence than the others.

In Figure B.9, the average score and QED over steps in RL for target activity JNK3
for the Mamba across datasets are shown.
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Figure B.9: Mamba average score and QED over steps in RL for target activity
(JNK3) across datasets. The models pretrained on ChEMBL adapt faster to the
task as compared to the models pretrained on PubChem, as seen on the average
score converging around 0.6. All models adapt similarly to the QED around 0.7.

The Mamba models show greater variance in adapting to the task according to the
average score compared to previous tasks. As for the other model architectures, the
models pretrained on ChEMBL learns the task during less steps as those pretrained
on PubChem. For Mamba, the model pretrained on ChEMBL with randomized
SMILES has the highest average score at the final step of the RL.
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In Figure B.10, the average score and QED over steps in RL for target activity JNK3
for the Decoder, RNN, and Mamba pretrained on ChEMBL randomized SMILES
are shown.
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Figure B.10: Decoder, RNN, and Mamba average score and QED over steps in
RL for target activity (JNK3) pretrained on ChEMBL randomized SMILES. The
difference in average score and QED is minuscule across the model architectures, all
converging at an average score of 0.6, reaching a QED of 0.7 at a similar pace.

When comparing the models pretrained on the same dataset (ChEMBL randomized
SMILES), the difference in adapting to the task based on average score and QED is
minuscule.

When evaluating the number of unique compounds over the 1000 steps per model-
dataset pair, most models generate similar amounts of unique compounds, all gener-
ating around 60.000. In Figure B.11, this distribution can be seen. When including
a threshold of a compound also having a score and QED > 0.6, few of their gener-
ated unique compounds meet this criterion, which can also be seen in the figures
above, for example Figure B.10, since the average score for even the best performing
model-dataset pair don’t exceed 0.6 with a large margin.
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Figure B.11: Number of unique compounds generated by all the models pretrained
on both datasets with and without randomized SMILES over 1000 steps with a
batch size of 64 in RL for target activity (JNK3). The total number of compounds
is illustrated by the transparent bar, and the solid bar represents the number of
compounds that also have a score and QED over 0.6. The black lines indicate the
standard deviation over three RL runs (with the height of the bar indicating the
average over these three runs).

Figure B.12 shows the number of unique scaffolds over the 1000 steps per model-
dataset pair. The amount of unique scaffolds varies between the models. PubChem
with randomized SMILES helps the model generate the largest number of unique
scaffolds. When including a threshold of a compound also having a score and QED
> 0.6, the behavior varies between the model-dataset pairs.
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Figure B.12: Number of unique scaffolds generated by all the models pretrained
on both datasets with and without randomized SMILES over 1000 steps with a
batch size of 64 in RL for target activity (JNK3). The total number of scaffolds
is illustrated by the transparent bar, and the solid bar represents the number of
scaffolds that also have a score and QED above 0.6. The black lines indicate the
standard deviation over three RL runs (with the height of the bar indicating the
average over these three runs).

Figure B.13 shows the number of unique generic scaffolds over the 1000 steps per
model-dataset pair. The amount of unique generic scaffolds varies between the mod-
els. Mamba pretrained on PubChem both with and without randomized SMILES
produces relatively many more unique generic scaffolds than the other model-dataset
pairs. When including a threshold of a compound also having a score and QED
> 0.6, few of the models generate unique generic scaffolds that meet this criteria,
but Decoder pretrained on PubChem without randomized SMILES and Mamba pre-
trained on PubChem with randomized SMILES generate above 5000 unique generic
scaffolds over the steps.
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Figure B.13: Number of unique generic scaffolds generated by all the models pre-
trained on both datasets with and without randomized SMILES over 1000 steps
with a batch size of 64 in RL for target activity (JNK3). The total number of scaf-
folds is illustrated by the transparent bar, and the solid bar represents the number
of scaffolds that also have a score and QED over 0.6. The black lines indicate the
standard deviation over three RL runs (with the height of the bar indicating the
average over these three runs).

B.3.2 GSK3β

To compare how well the models adapted to RL optimization towards activity
against the serine/threonine protein kinase GSK3β, a random forest classifier was
used as described in Section 3.4. Firstly, the impact from the dataset was evaluated
on each of the models, and finally, an evaluation between the three models was made
using that model from each architecture that were pretrained on ChEMBL using
randomized SMILES. In Figure B.14, the average score and QED over steps in RL
for target activity GSK3β for the RNN across datasets are shown.
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Figure B.14: RNN average score and QED over steps in RL for target activity
(GSK3β) across datasets. The models pretrained on ChEMBL adapt faster to the
task as compared to the models pretrained on PubChem as seen on the average
score converging around 0.6 with slightly lower scores for the PubChem pretrained
models. All models adapt similarly to the QED around 0.7.

The RNN pretrained on ChEMBL adapts relatively fast to the task, reaching average
scores close to convergence after 250 steps. Those pretrained on PubChem reach
those scores after around 500 steps.

In Figure B.15, the average score and QED over steps in RL for target activity
GSK3β for the Decoder across datasets are shown.
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Figure B.15: Decoder average score and QED over steps in RL for target activity
(GSK3β) across datasets. All models adapt similarly to the task, finally converging
around 0.7. All models adapt similarly to the QED around 0.7.

For the Decoder models, all exhibit fairly similar behavior across the two scoring
graphs.

In Figure B.16, the average score and QED over steps in RL for target activity
GSK3β for the Mamba across datasets are shown.
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Figure B.16: Mamba average score and QED over steps in RL for target activity
(GSK3β) across datasets. The models pretrained on ChEMBL adapt faster to the
task as compared to the models pretrained on PubChem as seen on the average
score converging around 0.6. All models adapt similarly to the QED around 0.7.

The Mamba models show greater variance in adapting to the task according to
the average score. As for the other model architectures, the models pretrained on
ChEMBL learns the task during fewer steps than those pretrained on PubChem.

In Figure B.17, the average score and QED over steps in RL for target activity
GSK3β for the Decoder, RNN, and Mamba pretrained on ChEMBL randomized
SMILES are shown.
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Figure B.17: Decoder, RNN, and Mamba average score and QED over steps in
RL for target activity (GSK3β) pretrained on ChEMBL randomized SMILES. The
difference in average score and QED is minuscule across the model architectures, all
converging at an average score of 0.7, reaching a QED of 0.7 at a similar pace.

When comparing the models pretrained on the same dataset (ChEMBL randomized
SMILES), the difference in adapting to the task based on average score and QED is
minuscule.

When evaluating the number of unique compounds over the 1000 steps per model-
dataset pair, most models generate similar amounts of unique compounds, all gener-
ating around 60.000. In Figure B.18, this distribution can be seen. When including
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a threshold of a compound also having a score and QED > 0.6, few of their gener-
ated unique compounds meet this criterion, which can also be seen in the figures
above, for example Figure B.17, since the average score for even the best performing
model-dataset pair don’t exceed 0.6 with a large margin.
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Figure B.18: Number of unique compounds generated by all the models pretrained
on both datasets with and without randomized SMILES over 1000 steps with a
batch size of 64 in RL for target activity (GSK3β). The total number of compounds
is illustrated by the transparent bar, and the solid bar represents the number of
compounds that also have a score and QED over 0.6. The black lines indicate the
standard deviation over three RL runs (with the height of the bar indicating the
average over these three runs).

Figure B.19 shows the number of unique scaffolds over the 1000 steps per model-
dataset pair. The amount of unique scaffolds varies between the models. PubChem
with randomized SMILES helps the model generate the largest amount of unique
scaffolds. When including a threshold of a compound also having a score and QED
> 0.6, the behavior varies between the model-dataset pairs.
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Figure B.19: Number of unique scaffolds generated by all the models pretrained
on both datasets with and without randomized SMILES over 1000 steps with a
batch size of 64 in RL for target activity (GSK3β). The total number of scaffolds
is illustrated by the transparent bar, and the solid bar represents the number of
scaffolds that also have a score and QED over 0.6. The black lines indicate the
standard deviation over three RL runs (with the height of the bar indicating the
average over these three runs).

Figure B.20 shows the number of unique generic scaffolds over the 1000 steps per
model-dataset pair. The amount of unique generic scaffolds varies between the mod-
els. Mamba pretrained on PubChem both with and without randomized SMILES
produces relatively many more unique generic scaffolds than the other model-dataset
pairs. When including a threshold of a compound also having a score and QED
> 0.6, few of the models generate unique generic scaffolds that meet this criteria,
but Decoder pretrained on PubChem with randomized SMILES generates above
5000 unique generic scaffolds over the steps.
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Figure B.20: Number of unique generic scaffolds generated by all the models pre-
trained on both datasets with and without randomized SMILES over 1000 steps
with a batch size of 64 in RL for target activity (GSK3β). The total number of scaf-
folds is illustrated by the transparent bar, and the solid bar represents the number
of scaffolds that also have a score and QED over 0.6. The black lines indicate the
standard deviation over three RL runs (with the height of the bar indicating the
average over these three runs).

B.4 Additional RL Tasks with the Decoder Mini
In addition to the DRD2 target activity task, the Decoder Mini model pretrained
with ChEMBL was further trained for target activity against JNK3 and GSK3β.
Moreover, the Decoder Mini was utilized for similarity-guided structure generation
with the objective of producing compounds structurally similar to Celecoxib. In the
following sections, the results of these reinforcement learning tasks will be presented
alongside the corresponding results for the baseline decoder and RNN models pre-
trained with ChEMBL. For all tasks, QED was added as a scoring function, and
the score used to update the models’ parameters was the geometric mean over the
task-specific score and QED.

B.4.1 JNK3
In Figure B.21, the average target activity score and QED for the Decoder Mini,
baseline decoder, and RNN pretrained with ChEMBL when running RL for target
activity towards JNK3 can be seen. The initial slope of the target activity score for
the Decoder Mini follows that of the baseline decoder and is steeper than that of the
RNN. The fluctuations in the target activity scores are large for all three models,
with the decoder models being slightly less stable. Large fluctuations are evident in
the QED scores as well.
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Figure B.21: Per step average target activity (JNK3) and QED score over steps for
the baseline decoder, Decoder Mini, and RNN pretrained on ChEMBL (as indicated
by legend to the right), over an RL run with DRD2 activity and QED as scoring
components. Each line indicates an average over three consecutive RL runs, and the
shaded area is the average ± the standard deviation over the three runs.

Studying the diversity among generated compounds, illustrated by the number of
unique compounds, unique scaffolds, and unique generic scaffolds in Figure B.22,
the Decoder Mini performs similarly to the baseline decoder and the RNN: while
providing large diversity overall, few of the compounds have an activity score and
QED above the threshold of 0.6. In all diversity aspects, the Decoder Mini matches
the performance of the other two models för this optimization task.
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Figure B.22: Number of (a) unique compounds, (b) unique scaffolds, and (c) unique
generic scaffolds generated by each model over an RL run of 1000 steps for target
activity (JNK3), with a batch size of 64. The total number of compounds/scaffolds
is illustrated by the transparent bar, and the solid bar represents the number of
compounds/scaffolds that also have a score and QED over 0.6. The black lines
indicate the standard deviation over three RL runs (with the height of the bar
indicating the average over these 3 runs).
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B.4.2 GSK3β

Figure B.23 displays the average target activity score and QED for the Decoder
Mini, the baseline decoder, and the RNN models pretrained with ChEMBL during
reinforcement learning for target activity against GSK3β. Unlike its baseline coun-
terpart, the Decoder Mini demonstrates less pronounced fluctuations in activity
score; however, it does not attain the same maximum activity scores as the baseline
decoder. Nevertheless, the activity score of the Decoder Mini remains comparable
to that of the RNN. The QED score for the Decoder Mini closely parallels those
observed for both the RNN and the baseline decoder.
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Figure B.23: Per step average target activity (GSK3β) and QED score over steps for
the baseline Decoder, Decoder Mini, and RNN pretrained on ChEMBL (as indicated
by legend to the right), over an RL run with GSK3β activity and QED as scoring
components. Each line indicates an average over three consecutive RL runs, and the
shaded area is the average ± the standard deviation over the three runs.

Regarding the diversity metrics, presented in Figure B.24, the Decoder Mini does
not match its baseline counterpart as to generate unique compounds or scaffolds.
However, the variations over the different RL runs are large, as indicated by the
black lines in Figure B.24.
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Figure B.24: Number of (a) unique compounds, (b) unique scaffolds, and (c) unique
generic scaffolds generated by each model over an RL run of 1000 steps for target
activity (GSK3β), with a batch size of 64. The total number of compounds/scaffolds
is illustrated by the transparent bar, and the solid bar represents the number of
compounds/scaffolds that also have a score and QED over 0.6. The black lines
indicate the standard deviation over three RL runs (with the height of the bar
indicating the average over these 3 runs).

B.4.3 Similarity Guided Structure Generation
The similarity-guided structure generation with the purpose of generating com-
pounds similar to the Celecoxib molecule was done for the Decoder mini as well.
The Decoder Mini reached similar similarity and QED scores as the baseline de-
coder and RNN, see Figure B.25. Similar to the larger decoder, it also exhibited
large fluctuations in both scores.
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Figure B.25: Per step average similarity score and QED score over steps for the
baseline decoder, Decoder Mini, and RNN pretrained on ChEMBL (as indicated by
legend to the right), over an RL run for similarity towards Celecoxib and QED as
scoring components. Each line indicates an average over three consecutive RL runs,
and the shaded area is the average ± the standard deviation over the three runs.

Studying the diversity among generated compounds through the plots in Figure
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B.26, the Decoder Mini does not generate as many unique compounds, scaffolds, or
generic scaffolds as the larger decoder; however, it does perform equivalent to the
RNN.
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Figure B.26: Number of (a) unique compounds, (b) unique scaffolds, and (c) unique
generic scaffolds generated by each model over an RL run of 1000 steps for somilarity
to Celecoxib, with a batch size of 64. The total number of compounds/scaffolds
is illustrated by the transparent bar, and the solid bar represents the number of
compounds/scaffolds that also have a score and QED over 0.6. The black lines
indicate the standard deviation over three RL runs (with the height of the bar
indicating the average over these 3 runs).

B.4.4 Summary: Reinforcement Learning with the Decoder
Mini

For both JNK3 and GSK3β, the Decoder Mini displayed a rapid initial improvement
in activity score, similar to the baseline decoder, but, as with the baseline decoder,
showed marked fluctuations in scores throughout training. Diversity metrics indi-
cated that the Decoder Mini maintained comparable diversity to both the baseline
decoder and RNN, although relatively few generated molecules met the higher score
and QED thresholds.

On the GSK3β task, the Decoder Mini exhibited less pronounced score fluctuations
compared to the baseline decoder but did not reach as high activity scores. In the
similarity-guided structure generation task, the Decoder Mini achieved similarity
and QED scores close to those of the baseline decoder and RNN, again accompa-
nied by considerable score fluctuations as well as variations over RL runs. While
it generated fewer unique compounds and scaffolds than the baseline decoder, its
performance in this regard matched that of the RNN.

In summary, the Decoder Mini demonstrates competitive performance in RL-based
molecular optimization compared to larger models, particularly in maintaining di-
versity and achieving reasonable activity and similarity scores despite its reduced
parameter count. However, peak score attainment and diversity may be limited com-
pared to the baseline decoder. These findings suggest that the Decoder Mini offers
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a parameter-efficient alternative to the larger decoder and RNN, though some trade-
offs in optimizability and diversity may need consideration depending on application
needs.
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C
Summary of Discussion

Table C.1: Summary of key findings on model architecture, training data, and
SMILES representations

Factor Comparison Observations
Architecture
Choice

Decoder-only Trans-
former, RNN, Mamba,
Decoder Mini. Fixed
dataset. Pretraining.

Decoder takes the longest time
per epoch but reaches the highest
validity and uniqueness with a
fixed dataset (except for random-
ized PubChem, where Mamba
reaches the highest). Mamba
reaches the highest novelty
with fixed datasets (except for
randomized PubChem, where
the decoder reaches the highest.
Mamba and RNN converge
faster but overfit on ChEMBL.
Validity, uniqueness, and novelty
differences diminish with a larger
dataset (PubChem). Decoder
Mini (2.2M params) reaches
competitive validity, uniqueness,
and novelty, generalizes well, and
is faster to train compared to all
models.

Training Data ChEMBL (2.2 M) vs.
PubChem (119 M)

ChEMBL leads to faster learn-
ing and higher scores, especially
in RL tasks, and favors drug-
likeness. PubChem grants higher
diversity without a threshold, but
ChEMBL grants higher diversity
with a threshold. Overfitting is
less likely on PubChem due to
its size. PubChem is significantly
slower to train.
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Table C.2: Continuation of summary of key findings on model architecture, training
data, and SMILES representations

Factor Comparison Observations
SMILES Represen-
tation

Canonical vs. Ran-
domized

Randomized SMILES in pretrain-
ing enhances novelty across mod-
els and helps Mamba resist over-
fitting and improve RL scores.
For RNN and the decoder, diver-
sity increases only modestly. Ran-
domized SMILES are, more often
than not, preferable in RL adap-
tation pace. Canonical SMILES
can lead to early memorization of
training data.

RL Task: Sulphur
Avoidance

All architectures All models learn to avoid sul-
phur rapidly. Mamba pretrained
on PubChem achieves highest
generic scaffold diversity above
QED and score threshold.

RL Task:
Similarity-guided
Generation

All architectures Decoder model adapts quickly,
achieves high similarity scores;
all models generate many unique
compounds, but decoder and
RNN trained on randomized
SMILES outperform the others in
the amount of unique scaffolds.
The most diverse dataset, ran-
domized PubChem, performs the
worst in score and QED for most
models except Mamba.

RL Task: Target
Activity (DRD2)

All architectures No substantial differences in
scores across architectures for
DRD2. All models learn faster us-
ing ChEMBL. All models trained
och randomized ChEMBL gener-
ate the highest amount of unique
compounds meeting the thresh-
old. Randomized ChEMBL
makes each model generate the
largest number of unique scaf-
folds.
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