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ABSTRACT

TARGETED DRUG DESIGN WITH WARM START

The generation of novel compounds targeting a protein of interest is a compelling
task in the pharmaceutical industry. Deep generative models have been applied to
targeted molecular design and have shown promising results. However, such models
are often limited by the availability of the data they rely on such as protein structure
or protein-ligand binding affinity. Notwithstanding, vast amounts of unlabeled protein
sequences and chemical compounds are available and have been used to train models
which learn useful representations. To transfer this knowledge to targeted drug design,
we propose using warm start strategy to initialize models with those pretrained models.
We investigate two warm start strategies: (i) one-stage strategy where the initialized
model is trained on targeted molecule generation (ii) two stage strategy containing a
pre-finetuning on molecular generation followed by target specific training. We also
use two decoding strategies to generate compounds: beam search and sampling. The
results show that the warm-started models perform better than a baseline model trained
from scratch on different percentages of data and decoding strategies. The proposed
warm starting strategies obtain similar results in terms of widely used metrics from
benchmarks. However, docking evaluation of the generated compounds for a set of
novel proteins suggests that the one stage strategy generalizes better than the two
stage strategy. Additionally, we observe that beam search outperforms sampling in

both docking evaluation and benchmark metrics assessing the quality of compounds.



OZET

SICAK BASLANGIC ILE HEDEF ODAKLI ILAC
TASARIMI

Ilgilenilen bir proteini hedefleyen yeni molekiillerin {iretilmesi, farmasotik
endiistrisindeki zorlayic1 gorevlerdendir. Derin tiretici modeller, hedef odakli molekiil
tasarimi problemine uygulanmig ve umut verici sonuglar elde edilmigtir. Fakat, genel-
likle dayandiklar1 protein yapisi veya protein-ligand baglilik ilgisi verilerinin miktar
bu tiir modellerin basgarisin1 simirlamaktadir. Bununla birlikte, biiyiik miktarlarda
etiketlenmemis protein dizileri ve molekiiller mevcuttur ve bu verileri kullanarak
faydali temsiller 6grenen modeller egitilmistir. Bu tezde, bu bilgiyi hedef odakli ilag
tasarimina aktarmak icin, onceden egitilmis modellerin agirliklarini, sicak baslangic
(warm-start) stratejisi ile hedef odakli modelleri baglatmak igin kullanmayi 6nerdik.
Iki sicak baglangic stratejisini aragtirdik: (i) baglatilan modelin hedeflenen molekiil
tiretimi tizerinde egitildigi bir agamali strateji (ii) molekiiler iiretim iizerinde bir 6n ince
ayar ve ardindan hedefe 6zel egitim iceren iki agamali strateji. Molekiilleri olugturmak
icin kullandigimz iki kod ¢6zme stratejisi 151 aramasi (beam search) ve 6rneklemedir
(sampling).  Sonuglar, sicak baglangich modellerin, farkli veri miktarlar1 ve kod
¢ozme stratejilerinde sifirdan egitilmis bir modelden daha iyi performans sergiledigini
gostermektedir. Sicak baglangic stratejileri, yaygin kullanilan karsilagtirma metrikleri
acisindan benzer sonuglar elde etmektedir; bununla birlikte, bir dizi yeni protein igin
iiretilen molekiillerin kenetlenme degerlendirmesi, bir agsamali stratejinin iki agamali
stratejiden daha genellenebilir oldugunu 6nermektedir. Ek olarak, 1g1n aramasinin hem
kenetlenme degerlendirmesinde hem de molekiillerin kalitesini degerlendiren kiyaslama

olgiitlerinde 6rneklemeden daha iyi performans gosterdigi gozlemlenmistir.
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1. INTRODUCTION

The discovery of novel chemical entities with desired attributes is a compelling
task in drug discovery. To find chemical compounds biased towards a biological target,
candidate compounds must be identified from the vast space of the potential drug-
like molecules, which has been estimated to be on the order of 10% [1]. Although
the advances in the high throughput screening allow screening of a large number of
compounds against a biological target, these experiments are expensive and the space
is still too large for screening. Another challenge arises from the promiscuity of small
drug molecules, which is the ability to interact with many targets. It is shown that
drugs designed for a specific target are active towards 11 other targets on average [2].
This could lead to unexpected toxicity, one of the major causes of attrition in drug
discovery [3]. These issues along with the complexity of human biology offer a challenge

and opportunity for developing scalable and efficient tools for drug discovery.

To speed up drug discovery pipeline and minimize costs, computational methods
have been utilized extensively. Virtual screening aims to identify active compounds to-
wards a biological target by screening large chemical libraries. Thus, this approach is
restricted to the synthetically accessible molecules, which constitute only a small por-

0% molecules. De

tion of theoretically possible drug-like space comprising more than 1
novo drug design stands out as an efficient alternative to screening methods. The goal
in de novo drug design is to generate new chemical entities with particular properties
of interest from scratch. This approach enables the exploration of untapped chemical

space efficiently while avoiding brute-force screening.

De novo design approaches can be broadly divided into structure-based drug
design and ligand-based drug design [4]. When the three-dimensional structure (3D)
of a target of interest is available, structure-based design approaches can be applied. On
the other hand, ligand-based drug design methods exploit the knowledge of active and

inactive molecules towards the targets. Traditional methods for de novo drug design



are based on mostly simulations and heuristics, and also require significant expert
knowledge. To overcome the limitations, deep generative models have been applied
to de novo drug design [5-13]. These models are data-driven and allow navigation of
the chemical space by sampling. However, existing models have certain drawbacks.
Structure based methods are limited by the availability of 3D structure of proteins.
As of June 2021, the available protein structures are much smaller than the number
of protein sequences (Protein Data Bank, [14] contains 157K structures while UniProt
[15] comprises 219M sequences). On the other hand, the protein-ligand interactions
required by ligand-based methods are relatively small compared to unlabeled sequences.
Notwithstanding, the vast amounts of such sequences have been used to train models
which learn useful representations and this knowledge learned by these models has

transferred to other tasks.

In this study, we propose warm start strategy to initialize targeted models with
pretrained models on a large scale of sequences. Given that the interacting protein-
compound pairs with reported affinity are limited, we suggest that using pre-trained
models to initialize the targeted model might allow the model to benefit from the repre-
sentations learned on diverse sequences, and thus, enhance generalizability and boost
performance. In addition, warm start strategy could save significant computational

time.

We view the target specific molecule generation as a translation task from pro-
tein language to chemical language. Similar to human language, proteins and chemical
compounds can be represented as sequences. Moreover, proteins are composed of func-
tional units shared between different proteins. Likewise, chemical compounds consist
of subfragments which have been shown to follow power law similarly to natural lan-
guages [16]. Considering these analogies between biochemical languages and human
languages, many studies adopted methods from natural language processing (NLP) to
process biochemical sequences and identify meaningful units of these languages [17-21].
Recent studies have applied subword segmentation algorithms to split the sequences

into tokens and shown that this approach achieves superior performance compared to



character level tokens [22,23|. Therefore, we consider protein and chemical units identi-
fied by subword segmentation algorithms as tokens rather than individual characters in
sequences. This reduces the length of sequences, and therefore, allows better capturing

of long-range dependencies which is crucial for this problem.

We employ a Transformer based sequence-to-sequence model and initialize the
encoder and the decoder components with pretrained models on large-scale data. For
the encoder, we adopt a protein RoOBERTa model [19] trained on a mixture of binding
and nonbinding protein pairs from STRING database [24]. We choose this model for
two reasons: First, it is well suited to our formulation as it uses Byte-Pair Encoding
(BPE) algorithm [25] to split protein sequences into “protein words”. Second, by
training with protein pairs, the model has achieved promising scores in binding tasks
and the captured features might be beneficial for target specific molecule generation.
For the initialization of the decoder, we adopt ChemBERTa model [18] trained on 10M
SMILES from PubChem [26]. Similar to the protein model, this model employs BPE

algorithm to identify “chemical words”.

We test two warm start strategies: first, fine-tuning of the initialized model
with protein-ligand pairs filtered from BindingDB [27], and second, an initial fine-
tuning with compounds from MOSES [28] followed by training with interacting protein-
compounds pairs. To measure the effect of warm starting, we create subsets of data
containing 5%, 25%, and 100% of the interactions in our data set, respectively. We
suggest if warm-started models perform well in low data regimes, the strategy can be
used to train targeted models for particular protein families where proteins within a
family are involved in diverse processes and selective compounds for such proteins are
desirable. To compare with the warm-started models, we adopt T5 model [29], a Trans-
former model slightly different from the model used in previous work [30]. We train
these models for each combination of strategies and levels of data. We also compare

two decoding strategies for the generation of molecules: beam search and sampling.



We evaluate the generated compounds with metrics from the MOSES benchmark
and by performing docking. The results show that the warm-started models perform
better than the T5 model trained from scratch on different percentages of data and
decoding strategies. The two proposed warm starting strategies obtain similar scores
to each other with respect to metrics from the MOSES benchmark; however, docking
evaluation of the designed compounds for a set of novel proteins suggests that the one
stage strategy generalizes better than the two stage strategy. Additionally, we observe
that beam search outperforms sampling in both docking evaluation and benchmark

metrics assessing the quality of the generated chemical molecules.



2. BACKGROUND

2.1. Drug Discovery

Drug discovery and development is an expensive, time-consuming, and risky pro-
cess comprising many stages [31]. The procedure starts with the identification of a
target for a drug to act on. Then, this target is validated by demonstrating that it is
involved in the disease and the modulation of the target is likely to have a therapeutic
effect. This is followed by searching for chemical compounds showing activity against
this target. Promising compounds called leads are chosen and optimized for certain
physicochemical attributes and potency against the target. Next, the candidates are
investigated in vitro (outside of living organisms) and in vivo (inside living organisms)
experiments. The successful candidates are assessed in clinical trials. If the drug is
approved, then it is brought into the market. These stages and the amount of time

these stages take are summarized in Figure 2.1 [31].

Early Drug Clinical Post Marketing
Discovery Phases Monitoring
3-6yr. 4-7yr. o
L ] L I
|
Preclinical Review &
Studies Approval
1yr. 1-2yr.

Figure 2.1. Drug discovery and development stages and the approximate amount of

time each stage takes.

2.2. Ligands

A ligand is defined as any substance which forms a complex with biomolecules.
However, in this thesis, we are interested in small molecules as ligands since those
molecules are more likely to be chemically stable and satisfy physicochemical charac-

teristics. Such molecules form 90% of drugs [32].



There are many ways to represent a molecule with different forms (1D, 2D, 3D).
The simplest and well-known one-dimensional representation is the molecular formula
where the molecule is described by the elements and the counts of the elements.
Another one-dimensional representation, which is especially widely used in machine
learning applications, is the Simplified molecular-input line-entry system (SMILES).
SMILES notation is a way of representing a 2D molecular graph in one dimension
and this is obtained by a traversal of 2D molecular graph. Atom types, bond types,
branches, and rings are denoted with specific symbols in SMILES strings. In this no-
tation, one molecule can be represented with multiple SMILES strings. On the one
hand, this could be used for data augmentation. On the other hand, it might also lead
to ambiguity. In cases where unique SMILES is needed to represent a molecule, this
can be obtained with the canonicalization process and the yielded SMILES is called
canonical SMILES.

Aside from 1D representations, molecules can also be represented with 2D molec-
ular graphs. In this regard, a molecule is viewed as a graph where each atom is a
node and each bond is an edge. This representation has received much attention re-
cently [33-36]. However, processing graph representation is computationally expensive
compared to textual representations. Considering the structures of molecules, in reality,
3D representation is the intrinsic way of representing molecules. In this representation,

atoms are represented with their positions in 3D space.

Fingerprints are among the classical representations for molecules. There are
different categories of fingerprints relying on pre-defined rules or hashing. Extended-
Connectivity Fingerprint (ECFP) [37] is a well-known hash-based fingerprint. This
method generates the substructure patterns by considering the circular neighborhood

of each atom up to radius n and encode the presence of these structures.



2.3. Proteins

Proteins are crucial elements of life and our biology. They have essential roles in
the cell, including structural, biochemical, and signaling functions [38]. Proteins can
be represented with different levels of structures. The primary structure of a protein is
the sequence of amino acids in its chains. These amino acid residues are connected with
peptide bonds. Higher levels of protein structures - secondary, tertiary, and quaternary
- are 3D forms of proteins. The function of a protein depends on its 3D structure [38].
However, the 3D structure of proteins is limited compared to the primary structures.
Given that the 3D structure of a protein is determined by its amino acid sequence and a
large amount of protein sequences available, representing proteins with their sequences

is suitable.

There are 20 amino acid residues that make up proteins. Each amino acid residue
has a unique three-letter code and one-letter code. The protein sequences range in

length from tens to several thousand amino acids.
2.3.1. Protein Sequence Similarity
Needleman Wunsch (NW) [39] is an algorithm for finding optimal global align-

ment between two protein sequences. The goal is to determine the sequence similarity

between these proteins.

2.4. Databases

2.4.1. BindingDB

BindingDB [27] is a public database of protein-ligand interactions. This database
provides measured binding affinities of protein-ligand pairs. Each data entry in this
database includes the sequence of the target, SMILES representation of the ligand, the

measured affinity, and the source of this experiment.



2.4.2. Pfam

Pfam [40] is a database containing protein families, domains and their multiple
sequence alignments built using Hidden Markov Model (HMM). Protein families are
sets of proteins that share an evolutionary origin. Proteins within a family typically

have similar structures/sequences or functions.

2.4.3. Protein Data Bank (PDB)

Protein Data Bank (PDB) [41] stores three-dimensional structures of large bio-
logical molecules. As of June 2021, it contains around 179K entries. Each PDB entry
is assigned a four-letter accession code and consists of the coordinates of proteins with
solvent and bound molecules. The structures of proteins or protein-ligand complexes

can be downloaded from PDB.

2.5. Molecular Docking

Molecular docking is a computational method that predicts the conformation and
the binding affinity of a molecule binding to a protein. Docking comprises of two stages:
sampling (search) and scoring. The sampling stage involves the exhaustive search of the
conformational space for the protein-molecule pair. Then, sampled poses are assessed
with the scoring function. The classical scoring functions are divided into three classes:
physics-based, knowledge-based, and empirical [42]. With the substantial increase
in the number of available protein structures, machine learning (ML) algorithms are
used as scoring functions. ML based functions have achieved comparable or better
performance compared to the classical ones [42]. GNINA [42] is deep learning based
molecular docking tool forked from SMINA [43] and AutoDock Vina [44], docking
tools with empirical scoring function. By default, GNINA only uses deep learning
based scoring for the last ranking of the ligand conformations. However, such scoring

can be utilized in other steps as well with additional computational cost.



2.6. Technical Background

2.6.1. Identification of Biochemical Words

Biochemical entities such as proteins and chemical compounds can be represented
as strings of characters. We use primary structure (i.e. amino acid sequence) to
represent proteins and SMILES strings to describe molecules. These representations
of the entities can be considered as domain specific languages. In this sense, a protein
sequence or SMILES string is analogous to a sentence. We assume that these sentences
are composed of meaningful units similar to words in human language. To extract such

so-called words, we adopt the Byte-Pair Encoding algorithm.

Byte-Pair Encoding is a compression technique [45] which has been adopted to
NLP for segmenting sentences [25]. The algorithm starts with an initial vocabulary
consisting of characters from the corpus. Then, character pairs in the corpus are
counted and the most frequent ones are merged and added to the vocabulary. This
iteration continues until desired vocabulary size is obtained or a particular number of

the merge operation is completed.

BPE algorithm has been employed by recent studies to identify protein and chem-
ical words for various tasks [22,46,47]. This method has achieved competitive or better
performance compared to other tokenizations [22]. In addition, it also reduces compu-
tational costs by shortening sequences. This is crucial for especially proteins which are

made up of long amino acid sequences.

2.6.2. Sequence Generation

The task of sequence generation can be formulated as learning distribution p(z)
of sequence z given a sequence of x = (x1,zs,...,x,) where each x; belong to the
vocabulary V. Similarly, conditional sequence generation can be defined as modeling

distribution p(y|x) given an input sequence x and an output sequence .
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2.6.3. Deep Generative Models

Deep generative models learn the underlying distribution of given data and gener-
ate new samples from the same distribution. These models can be classified into explicit
density and implicit density models depending on whether or not the distribution is

explicitly specified.

Autoregressive and latent variable models are notable explicit density models. In
autoregressive models, the probability distribution is modeled by factorization into a
product of conditional probabilities using the chain rule. The models are optimized
with maximizing the likelihood of training data. On contrary, latent variable mod-
els define a function by introducing a latent variable z. Since directly maximizing
this likelihood is difficult, the models are trained on the derived lower bound of the
likelihood.

For the conditional generation, autoregressive models decompose the distribution
p(y|z) into a product of conditional distributions where x denotes the input sequence

and y denotes the output sequence. The likelihood is defined as:

T

py =) =]]pwilye ). (2.1)

i=1
In this formulation, the likelihood of an output sequence conditioned on an input
sentence is equal to the product of the probability of each item in the output sequence

given the input sequence and previous items of the output sequence.
2.6.4. Encoder Decoder Models

Encoder decoder models, also known as sequence-to-sequence models, are con-
ditional generative models. As the name suggests, it is used for sequence-to-sequence
models such as machine translation. The model is composed of two components: an en-

coder and a decoder. The encoder transforms input to its hidden state representation.
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Then, the decoder uses the encoder hidden states to generate an output sequence. Pre-
viously these components were built by stacking Recurrent Neural Networks (RNN).
However, because of the recurrent nature, such model is not parallelizable and cannot
capture long range dependencies. With the introduction of Transformer model [48]
addressing such issues, Transformer blocks have become the standard components of

the encoder decoder models.

Formally, the encoder learns to map input z to hidden states c: fy,,. : x — c.

The probability of an output sequence y is defined by the decoder as:

T
Pose. (Y17 | €) = Hpedec (vi | yoi-1.¢). (2.2)

i=1
Encoder decoder models can be trained autoregressively to predict the next token
of the output sequence given the input sequence and previous output tokens. Given

an input sequence x, the most probable output sequence y* is formally defined as:

y* = arg myaxp(y | z). (2.3)

Finding the exact solution is not feasible since the space of possible output se-

quences is so large. Thus, decoding strategies are used to generate output sequences.

The straightforward way of generating output sequence is selecting the most
probable token at each step during decoding. This strategy is known as greedy decoding
and might lead to repetitive outputs [49]. Beam search strategy might alleviate this
problem by keeping N most probable hypotheses at each step. In addition, output
sequences can be generated with sampling strategy in which next tokens are chosen

randomly according to the conditional distribution.



12

2.6.5. Transformer

Transformer [48] is a model based on encoder-decoder architecture. Encoder and
decoder components are composed of stacks of identical blocks. Each encoder block
is formed by a self-attention layer followed by a feed-forward neural network. Self
attention layer allows the model to look at the input sequence while encoding a specific
token. In addition to these layers, each decoder block contains another attention layer
(i.e. cross attention/encoder-decoder attention) between them. Like self attention,
cross attention enables attending to the input sequence. Note that self attention layers

in the decoder are masked to only attend previous outputs of the decoder.

Each attention layer consists of multiple heads and the computations in these
heads run in parallel. Each head takes the keys K, the values V', and the queries @)

created for each token and packed into matrices. The attention is computed as follows:

attention(Q, K, V') = softma <QKT) Vv (2.4)
ntion(Q, K, V') = softmax :
Vi

where dj, is a factor used for scaling depending on the layer size.

Since Transformer model lacks recurrence and convolution, the order of tokens
must be injected explicitly to the model. This is achieved by adding a vector indicating
the position of token in the sequence to each input embedding. There are different types
of positional encodings. The original Transformer uses sinusoidal or learned positional

encodings.
2.6.6. Self Supervised Pretraining in NLP

Self supervised learning is a type of unsupervised learning where the data itself
are used to train models with a proxy task. Self supervised methods have been used to
pretrain models in NLP [50,51]. By fine-tuning in downstream tasks, such models have

pushed the-state-of-the-art and saved significant time and computational resources.
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Bidirectional Encoder Representations from Transformers (BERT) [50] is a model
consisting of Transformer Encoder blocks. The model uses two self-supervised objec-
tives: next sentence prediction and masked language modeling. In masked language
modeling objective, a fraction of input is masked, and the model is trained to predict
masked tokens. BERT model has been pretrained with these objectives and fine-tuned

on various tasks and obtained the state-of-the-art results.

RoBERTa (Robustly Optimized BERT Pretraining Approach) [51] is an improved
pretraining strategy for BERT model. Compared to BERT, RoBERTa has been trained

with only masked language modeling and optimized hyperparameters.

2.7. Related Work

Deep generative models have been applied to molecular design. Existing models

can be classified into two categories depending on the usage of the target information.

Earlier models use only the knowledge of the compounds similar to ligand-based
design. In these works, the general approach is training a model with a library of
compounds to learn the chemical space and sampling from this model to generate
new chemical entities similar to those used for training. For this purpose, Recurrent
neural networks (RNN), variational autoencoders (VAE) and Generative Adversar-
ial Networks (GAN) are employed. To represent molecules, these studies use either
Simplified Molecular Input Line Entry System (SMILES) [52] strings or molecular
graphs [8,9,53-55].

For biased generation of the chemical compounds, molecule generators can be
fine-tuned with one of the following approaches: transfer learning (TL) [5,9,53], rein-
forcement learning (RL) [10,56-58], and bayesian optimization (BO) [59]. In transfer
learning, the model is further trained with a set of compounds that possess the desired
properties. Thus, to guide a model for targeted generation, this method requires the

knowledge of the compounds which have activity against the target of interest. On the
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other hand, reinforcement learning and bayesian optimization methods pair the gener-
ative model with a predictive model to score molecules and bias generation. However,
it is shown that guiding generation by the scores obtained by a predictive model is

problematic [60]. Additionally, these methods are computationally costly.

The second category of generative models leverages the structure of the target
[6,7,61]. These models are conditioned on the protein pockets and attempt to learn
the mapping between the binding site and the chemical compounds. However, the
major limitation of these models is the scarcity of structural information for targets.
Contrary to these studies, [30] proposed to use the sequence of proteins for a targeted
molecular generation. In this study, the targeted generation problem is viewed as a
translation task between protein and chemical languages and Transformer architecture
has been adopted to target specific generations. However, the number of proteins used

in training (around 1100 proteins) limits the generalization of this model.

Lately, self-supervised pretraining has become the dominant paradigm in natural
language processing (NLP) [50,51,62-64]. Self-supervised methods use unlabeled data
for training and exploit large amounts of data. Then, the model can be fine-tuned to
another task to save computational time and benefit from the representations learned
from an enormous amount of data. Combined with large datasets and big models, this
paradigm has obtained state-of-the-art results in many NLP tasks [50,51,62-64]. The
rapidly growing sequence data of biochemical entities and analogies between human
language and biochemical languages have encouraged the application of these methods
in bio/cheminformatics [?,18,19,65]. By viewing protein sequences as sentences and
one or several amino acid residues as words, these techniques have been adopted in
protein language modeling and shown to learn useful representations and improve the
state-of-the-art in a set of protein engineering tasks [20,66]. Similarly, by treating the
SMILES string of each chemical compound as a sentence and each symbol or subsequent
symbols as a word, chemical language models have been trained and shown promising

results on downstream tasks [18].
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3. MATERIALS AND METHODS

3.1. Data

To train and assess targeted generative models, we used protein-ligand interac-
tions filtered from BindingDB [27] which contains measured binding affinities between
proteins and small molecules. First, we filtered out the interactions missing either
protein or SMILES sequence. In 95% of the reported interactions, the proteins were
assayed as a single chain, so we dropped multichain proteins for simplicity. We used
UniProt identifiers of proteins to obtain families from Pfam [40], thus we also excluded
the proteins without UniProt identifier or Pfam family. After omitting the interactions
not having any affinity measurement, the remaining interactions were labeled as active
or inactive based on affinity scores. BindingDB includes several affinity metrics (K
K4, I1Cs, EC50) which are not directly comparable. To set an affinity threshold, K;
and K, values are first converted to IC5y by a factor 2 by following [67]. Then, we
labeled the interactions with affinity scores below 100 nM as active and those with
affinity scores above 10000 nM as inactive [68]. For the protein-ligand pairs with mul-
tiple reported affinity scores and assay, we calculated the geometric mean of these
values and compare this score with the thresholds to label these interactions [67]. The

statistics of the resulting data set are reported in Table 3.1.

Table 3.1. Statistics of the data set extracted from BindingDB.

Label # Interactions # Unique Proteins # Unique Ligands
Active 428067 3099 331942
Inactive 64696 3817 123763

We relied on sequence similarities and Pfam families of proteins while splitting
active interactions. The similarities between protein sequences were computed using

Needleman-Wunsch global alignment with BioPython [69] wrapper of EMBOSS [70].
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We aimed to create diverse validation and test sets. For this purpose, we sampled 10%
of proteins in each Pfam family and computed similarities between these proteins and
all remaining proteins. Then, the selected proteins were binned based on maximum
similarities to the remaining proteins. From these bins, 200 proteins were chosen in
total with weighted random sampling based on the inverse frequency of the bins. The
interactions of these proteins constitute the validation set. To form the test set, the
steps described above were repeated with the remaining proteins. The distributions
of sequence similarities between and within these splits are shown in Figure 3.1. The

summary of the splits can be seen in Table 3.2
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Figure 3.1. Distributions of protein sequence similarities between and within datasets.

Table 3.2. Summary of data splits.

Split # Interactions # Unique Proteins # Unique Ligands
Training 310300 2337 257348
Validation 25335 200 24121
Test 21350 200 20675
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To compare the effect of warm starting depending on the data size, we also created
splits containing only 5% and 25% of the interactions from the splits. To preserve the
diversity while reducing the size, we grouped proteins within the splits and sampled

interactions based on the inverse of the number of interactions for each protein.

Aside from BindingDB data, we also used MOSES dataset [28] filtered from
the ZINC database [71] since the second warm start strategy requires a collection of

compounds. This dataset contains 1,936,962 drug-like molecules split into training

(1.6M), test (176K), and scaffold test (176K).

3.2. Representation

The view of targeted drug design as a translation task relies on the analogy
between biochemical languages (i.e. protein language and chemical language) and
human languages. In both languages, sentences consist of small reused units. The
arrangement of these units determine the semantics/functions of the sentences. In line
with this view, proteins and chemical compounds are represented with their so-called
words. We used the vocabularies constructed with the BPE algorithm by the pretrained
models which we employed for warm starting. The protein vocabulary contains 10K

protein words while the chemical vocabulary comprises around 8K chemical words.

3.3. Models

We applied a Transformer-based sequence-to-sequence model on targeted de novo
design with warm starting from the pretrained models. The model is based on an
encoder-decoder architecture which is the prevalent approach for sequence-to-sequence
tasks in NLP. In this paradigm, the encoder takes an input sequence and encodes it to
a sequence of hidden states while the decoder produces an output sequence autoregres-
sively given the encoder hidden states. We used pretrained Transformer variants for

initializing our model to benefit from the representations learned on diverse sequences.
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The original Transformer is introduced in [48] and shown to be effective in various
NLP tasks and adapted in different domains [18,19,33,50,62,64,72]. The key component
of this model is self-attention which allows the model to relate different parts of the
sequence while computing the representation of the sequence. Relying on attention
blocks makes the model computationally efficient and also helps to capture long-range
dependencies. The model is composed of encoder and decoder stacks containing self-
attention and feed-forward layers. The self-attention mechanism in the encoder and
the decoder is similar, however, the decoder uses a causal attention mask to prevent
attending to the next words for an autoregressive generation. In addition, the decoder

has cross attention layers that attend to the encoder hidden states.

In this study, we leveraged Transformer variants pretrained on large datasets
to initialize models. For the encoder part, we utilized the checkpoints of Protein
RoBERTa [19]. Protein RoBERTa model has been pretrained with the masked lan-
guage modeling using 5M binding/non-binding protein sequence-pairs collected from
STRING database [24]. Contrary to other pretrained protein models, this model com-
presses protein sequences using by Byte-Pair Encoding (BPE) algorithm and supports
long sequences without increasing memory requirements. This aligns with our formu-
lation of the problem. Protein RoBERTa uses the encoder part of the Transformers,

therefore all parameters required by our model can be transferred from this model.

To initialize the decoder of our model, we adopted ChemBERTa model [18] pre-
trained on 10M PubChem compounds with BPE tokenization [25]. The model does not
achieve the state-of-the-art performance, however; it is shown that it learns better rep-
resentations as trained with additional data and this information might be leveraged in
downstream tasks. Similar to Protein RoOBERTa, ChemBERTa also uses the RoBERTa
model based on the Transformer encoder and has been pretrained with masked lan-
guage modeling. As ChemBERTa consists of only encoder blocks, we were able to
warm start self-attention and feed-forward layers of the decoder. The cross attention

layers are initialized randomly.
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For finetuning the encoder-decoder models with warm-starting, we followed two
strategies: (1) two-stage fine-tuning where we first finetuned the decoder initialized
with ChemBERTa weights on compounds from MOSES dataset to obtain a generic
compound generator, namely ChemBERTaLLM, and then, we initialized the encoder
and decoder with Protein RoBERTa and ChemBERTaLM weights respectively and
finetuned the model on the protein-ligand interactions we filtered from BindingDB. We
refer to the model using this strategy as EncDecLM. (2) one-stage finetuning where we
finetuned the encoder-decoder model on the target specific generation by initializing
with Protein RoBERTa and ChemBERTa checkpoints. The model is referred to as
EncDecBase.

To compare the effectiveness of warm starting with training from scratch, we
adopted the architecture of the T5 model [29]. This model achieved the state-of-the-
art results in generation tasks and differs slightly from the original Transformer which
has been used in previous work for protein specific molecule generation [30]. Recent
studies showed that training bigger models with early stopping is the best compute-
efficient training strategy. For this reason, we build a slightly larger model compared
to those in the previous work. Our T5 model uses 4 layers with a hidden size of 256

and a feed-forward layer size of 512 and 6 attention heads.

We implemented all models using HuggingFace’s transformers library [73]. Chem-
BERTaLM was finetuned for 10 epochs with default settings. All other models were
fine-tuned using Adam optimizer with a linear learning rate schedule with 2000 warm-
up steps followed by a linear decay. The batch size was set to 8 and the gradients were
accumulated every 8 steps to obtain an effective batch size of 64. Encoder decoder
models (i.e. EncDecBase and EncDecLM) were trained for 10 epochs, except for the
model using 100% of data, which we trained for 5 epochs. On the other hand, T5
models were trained from scratch and needed more epochs to converge. These models
were trained for 20 epochs on 5% and 25% of data and 10 epochs on 100% of data.
Once the models were trained, we used the best epoch of each model (i.e. the one with

the best validation loss) to generate chemical compounds.
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3.4. Evaluation

3.4.1. Benchmarking metrics

We used a set of metrics from MOSES benchmark to assess the quality and

diversity of the generated chemical compounds.

e Validity: The percentage of valid compounds. A compound is considered as
valid if it can be parsed by RDKit [74].

e Uniqueness: The percentage of unique molecules.

e Novelty: The percentage of novel compounds (i.e. not present in the training
set).

e Fréchet ChemNet distance (FCD) [75]: A distance metric computing chem-
ical and biological similarity between two sets of compounds.

e Scaffold Similarity: Cosine similarity of Bemis-Murcko scaffold [76] frequencies
between two groups of compounds.

e Fragment Similarity: Cosine similarity between frequencies of BRICS frag-
ments [76] of two compound sets.

e Nearest Neighbor Tanimoto Similarity (SNN): The average Tanimoto sim-
ilarity between a set of compounds and their nearest neighbors in another set of
compounds.

e Internal Diversity: the average Tanimoto distance within a set of compounds
where Tanitomo distance is equal to 1 minus Tanimoto similarity. This metric can
be computed with powers of Tanimoto similarity. IntDivy refers to the average
squared Tanimoto distance between compounds.

e Filters: The percentage of compounds passing a set of filters.
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3.4.2. Docking

To assess generated chemical compounds in terms of binding affinity, we per-
formed docking for a set of novel proteins. To measure discriminative ability of the
docking tool between sets of compounds, we used Receiver Operating Characteristic

(ROC) and the corresponding area under the curve (AUC).

The ROC curve is a probability curve that illustrates the performance of a classi-
fier at different thresholds. It is obtained by plotting True Positive Rate (TPR) against
False Positive Rate (FPR). The area under this curve (AUC) serves as a measure of
the model’s ability to distinguish between classes. True Positive Rate (TPR) and False
Positive Rate (FPR) are defined as follows:

TP

TPR=7p PN &1
FpP

FPR= ——— 2

i FP+TN (3:2)

where TP, TN, FP, and FN refer to the number of True Positive, True Negative, False

Positive and False Negative predictions, respectively.

3.4.3. Synthesizability

We also evaluated generated compounds for a set of targets in terms of synthetic

accessibility via Molecule.one API.
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4. RESULTS

In this study, we proposed and investigated warm starting strategy for target
specific molecule generation. We tested two warm start strategies to initialize the
models. We compared these strategies with each other as well as training from scratch
on different subsets of data. Besides, we assessed two decoding methods: beam search

and sampling.

4.1. ChemBERTaLM

ChemBERTaLM model was trained for warm-starting targeted generative model.
Thus, we aimed not to achieve state-of-the-art results but to obtain a comparable
model to be able to generate compounds. To assess ChemBERTaLM, we generated
30K compounds by sampling and benchmarked the model using MOSES. Table 4.1
and Table 4.2 report the performances of ChemBERTa model along with baseline
models in this benchmark. ChemBERTaLM outperforms the baseline models in terms
of validity and performs on par in terms of the fraction of compounds passing filters
and internal diversity. Although the model obtain a lower novelty score compared to
LatentGAN and JTN-VAE models, it shows the best results in terms of FCD score
on the scaffold split test set. This test set is compiled to assess if a model is able
to generate chemical compounds with novel scaffolds not present in the training and
measures generalizability of the model. The performance of ChemBERTaLM is also
comparable to the baselines with respect to other similarity metrics (i.e. SNN, Frag,
Scaf) on the test sets. These results indicate ChemBERTaLM generalizes well. We
should also note that the ChemBERTaLM model is fine-tuned for only 10 epochs while
the baseline models are trained for 80-120 epochs depending on the model. Fine-tuning
of ChemBERTaLLM has taken approximately 6 hours in one Nvidia V100 GPU while
training times for the baseline models were not reported. Although the models cannot
be compared with respect to the exact training time without retraining, the dramatic

difference in the number of training epochs suggests the utility of warm-start.
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Table 4.1. Performance metrics for ChemBERTaLM and baseline models: fraction of

valid compounds, fraction of compounds passing filters, internal diversity and novelty.

Model Valid Filters IntDiv IntDiv2 Novelty
Train 1 1 0.857 0.851 1

AAE 0.937  0.996 0.856 0.850 0.793
CharRNN 0.975 0.994 0.856 0.850 0.842
VAE 0977 0.997  0.856 0.850 0.695
LatentGAN 0.897 0.973 0.857 0.850 0.949
JTN-VAE 1 0.978 0.851 0.845 0.914
ChemBERTaLM 0.991 0.997  0.855 0.849 0.844

Table 4.2. Performance metrics for ChemBERTaLLM and baseline models on random

test set (Test) and scaffold split test set (TestSF) from MOSES benchmark.

Test TestSF

Model

FCD (1) SNN () Frag () Scaf (1) | FCD (}) SNN (1) Frag (1) Scaf (1)
Train 0.008 0.642 1 0.991 0.476 0.586 0.999 1
AAE 0.556 0.608 0.991 0.902 1.057 0.568 0.990 0.079
CharRNN 0.073 0.601 1 0.924 0.520 0.565 0.998 0.110
VAE 0.099 0.626 0.999 0.939 0.567 0.578 0.998 0.059
LatentGAN 0.296 0.538 0.999 0.886 0.824 0.514 0.998 0.100
JTN-VAE 0.422 0.556 0.996 0.892 0.996 0.527 0.995 0.100
ChemBERTaLM | 0.090 0.609 1 0.917 0.515 0.572 0.998 0.101

4.2. Target specific models

To investigate the effect of the warm start strategies, we trained the targeted gen-

erative models (i.e. EncDecBase, EncDecLM, and T5) on different data regimes (5%,

25%, and 100%). Then, for each protein in the test set, we generated 20 compounds

from each model with two decoding methods, beam search and sampling.
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4.2.1. Benchmarking metrics

To evaluate the performance of these models, we first computed a set of met-
rics assessing the feasibility of the generated compounds and their similarity to the
compounds active towards the targets in our test set. The results are shown in Table

4.3.

Table 4.3. Performance metrics for target specific models on different percentages of

data and decoding strategies.

Decoding | Dataset Model % Valid % Unique % Novel FCD Scaf SNN
EncDecLM 0.968 0.686 0.987 17.012 0.050 0.574

5% EncDecBase 0.852 0.688 0.995 20.977 0.068 0.597

g T5 0.277 0.750 1.000 50.771 0.010 0.496
EE' EncDecLM 0.979 0.745 0.975 13.260 0.060 0.569
% 25% EncDecBase 0.959 0.738 0.980 12.653 0.068 0.572
5 T5 0.801 0.811 0.998 25.260 0.056 0.547
E EncDecLM 0.984 0.795 0.965 9.454 0.090 0.560
100% EncDecBase 0.961 0.780 0.978 11.652 0.100 0.572

T5 0.862 0.909 0.999 19.520 0.043 0.506

EncDecLM 0.779 0.971 0.998 4.658 0.070 0.375

5% EncDecBase 0.628 0.940 0.998 6.691 0.062 0.391

T5 0.127 1.000 1.000 11.152 0.017 0.313

% EncDecLM 0.860 0.956 0.995 4.791 0.078 0.406
E 25% EncDecBase 0.796 0.968 0.995 5.108 0.082 0.387
3 T5 0.499 1.000 0.999 5.133  0.030 0.342
” EncDecLM 0.908 0.967 0.992 4.519 0.088 0.413
100% EncDecBase 0.840 0.986 0.996 4.366  0.085 0.389

TH 0.664 1.000 1.000 4.688 0.032 0.341

The warm-started models performed fairly well even with 5% of the data and
outperformed the T5 model trained from scratch. EncDecLM model performed the
best or on par across metrics over different percentages of the data. However, the

gain obtained by the pre-finetuning on molecule generation was limited especially in
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terms of similarity metrics (i.e. FCD, Scaf, SNN). EncDecBase model showed better
scores than the EncDecLM model with respect to the scaffold similarity (Scaf) and the
nearest neighbor Tanimoto similarity (SNN) on 25% and 100% of the data. The metrics
illustrate the novelty and precision of designed chemical compounds. This suggests that
EncDecBase model generalizes better than EncDecLM model. We suppose that the
pre-finetuning stage in EncDecLM might lead the model to forget previously learned
knowledge.

We observed a dramatic improvement in the performance of the T5 model as the
interactions are increased from 5% to 25%. This observation is not valid for the warm-
started models. These models got slightly better scores with the increment of the data
from 5% to 25%. With further increase of the interactions to 100%, all models achieved
their best validity, uniqueness, and FCD scores. However, the scaffold similarity of the
compounds generated by the T5 model with the beam search drops from 0.056 to 0.043
which might be an early sign of overfitting.

The lowest values of FCD scores were obtained with the compounds generated
by sampling. This means that the sampling method produces more diverse compounds
compared to the beam search. To investigate the diversity, we visualized the com-
pounds with t-distributed stochastic neighbor embedding (t-SNE) dimensionality re-
duction technique [77] on the ECFP4 fingerprints. Figure 4.1 shows the mapping of
the generated compounds with EncDecBase model on 100% of the data and randomly
selected 5000 compounds from the test set in the molecular space. The visualization of
the compounds generated by EncDecLM and T5 trained on 100% of the interactions
are also depicted in Figure A.1 and A.2 respectively. The compounds generated by the
beam search clustered on certain regions of the space similar to those from the test set

while the ones generated with sampling scattered over the space.

To further investigate the performance of the models, we computed the evaluation
metrics at the protein level. For each protein in the test set, we computed the FCD

score between the compounds generated for this protein and the compounds active
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towards this protein (i.e. those labeled as active). For comparison, we computed
FCD scores for the proteins in the training set by randomly selecting 20 interacting
compounds and computing FCD between the selected chemical compounds and the
remaining binders of the target protein. Figure 4.2 shows the distribution of FCD
scores across the percentages of the data and the decoding strategies. The results show
that the warm-started models achieve lower FCDs than the T5 model on the target
level, however, there is no significant improvement in the performance of these models
with the increment of the data in terms of FCD. By contrast, there is a little but

consistent decrease in FCD scores of the T'5 model.
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Figure 4.1. t-SNE plot of generated compounds with EncDecBase model trained on

all interactions and 5000 randomly sampled compounds from the test set.
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Figure 4.2. FCD score distribution of chemical compounds generated for test proteins
across models, data levels and decoding strategies along with the distribution of the

scores within interacting compounds of train proteins.

We also followed the same procedure to compute nearest neighbor Tanimoto
similarity (SNN) scores for the proteins. The distributions of SNN scores are shown
in Figure 4.3. SNN distributions also confirm that the warm started models perform
better than T5H models across the data levels. Contrary to FCD scores, there is no
significant improvement in the performance of T5 models with respect to SNN scores.
Given that the FCD metric assesses the molecules in multiple aspects and SNN can be
interpreted as precision, this result could imply that the properties of targeted chemical
compounds among the generated ones by T'5h model improve as the model trained with

more data.

To compare the models on the protein level quantitatively, we computed Jensen-
Shannon divergence (JSD) between the FCD score distribution for the test proteins
with the compounds produced by the models and the FCD scores we computed for the
train proteins. The results are shown in Table 4.4. We observed that the compounds
decoded with the beam search obtained a lower JSD score for the warm started models
while the compounds decoded with the sampling strategy result in lower JSD for the
T5 models.
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Figure 4.3. SNN distribution of chemical compounds generated for test proteins
across models, data levels and decoding strategies along with the distribution of the

scores within interacting compounds of train proteins.

Table 4.4. Jensen Shannon distance between FCD scores of the compounds generated
for the test proteins and the scores of the compounds interacting with the train

proteins.

Dataset Model Beam Sampling
EncDecBase  0.605 0.627
5% EncDecLM  0.601 0.637
Th 0.728 0.723
EncDecBase 0.549 0.606
25% EncDecLM  0.582 0.596
TH 0.706 0.700
EncDecBase 0.546 0.592
100% EncDecLM  0.557 0.573
T5 0.694 0.683
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4.2.2. Docking

Next, we performed docking to assess if generated chemical compounds are active
against the protein of interest. The target proteins were selected randomly from the
test proteins which have at least 50 interacting compounds and 3D structure in complex
with a ligand. Given that docking is a computationally costly process, we limited the
number of proteins for docking to 12. For each protein, we selected one structure from
PDB [41]. The PDB codes for selected proteins are as follows: 1ERE, 2WO6, 4B6L,
4123, 5KOK, 5TUY, 5V1B, 5XY1, 6LVL, 6WJ5, 6Z1Q, 2PJL.

To test whether generated compounds have binding affinity to the target protein
of interest (i.e. target specificity), we compiled three groups of compounds for each
protein: the compounds having activity towards the target protein, the compounds
randomly selected from BindingDB, the generated molecules for that protein. Due
to technical limitations, the maximum size of these groups is set to 100. If a group

contains more compounds, then 100 compounds are randomly chosen.

The ligands in each group were docked into corresponding protein structures with
GNINA [42] which is a molecular docking tool based on deep learning. To achieve this,
we first extracted bound ligands from PDB structures and saved the ligand and protein
separately using PyMol [78]. The extracted ligands were used to define the binding
site of the target for docking. To dock a compound to a target, we also need a 3D
structure of that compound. Therefore, we used RDKit [74] to generate conformers
for the chemical compounds. Docking was performed with the default parameters of
GNINA by specifying extracted ligands to define binding sites. For docking of each
compound into its target, the tool generates multiple poses with two scores: the one
used to rank the poses of the ligand (i.e. CNNscore) and the one estimating the affinity
of the docked complex (i.e. CNNaffinity). Since we are interested in the binding affinity
of compounds against targets, we selected the pose with the highest affinity for each

ligand-protein complex.
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Next, we first assessed the discrimination ability of this docking tool by comparing
the predicted affinity scores of compounds active towards a target with the scores
of randomly sampled compounds for each structure. We chose Receiving Operating
Characteristic (ROC) curve and Area Under the ROC Curve (AUC) as evaluation
metrics considering the active compounds as positive examples and randomly selected
compounds as negative examples. These metrics measure whether this tool is able to
distinguish between positive and negative classes. We also performed Mann-Whitney’s
U test to check the discrimination between the compounds is significant or not. ROC
curves for all structures are plotted in Figure 4.4. AUC scores and p values of Mann-
Whitney’s U test are given in parenthesis. For 11 out of 12 proteins, the tool was
able to discriminate between the active compounds and random ones. Because for
the structure with PDB code 2PJL the active compounds and randomly selected ones

cannot be distinguished, we excluded it from the rest of the experiments.

—— 4123 (0.808, p=2.85e-14)
—— BLVL (0.85, p=5.99¢-18)
—— 2WOB6 (0.681, p=4.64e-06)
—— 621Q(0.717, p=5.61e-08)
—— 1ERE (0.808, p=3.19¢-14)
—— 5KOK (0.875, p=2.50e-20)
5XY1 (0.833, p=3.81e-15)
—— 5V1B (0.634, p=5.41e-04)
4B6L (0.917, p=2.87e-17)
2PJL (0.486, p=0.38)
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Figure 4.4. ROC Curves for the comparison of active compounds to random ones for
each protein structure. AUC scores and p values (Mann-Whitney’s U test) are

reported in parenthesis respectively.
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Once the discrimination ability of the docking tool is validated, we next inves-
tigated whether generated compounds can bind to the intended targets. To achieve
this, we compared these compounds with randomly selected compounds and the active
compounds of the protein of interest. If two sets of compounds cannot be distinguished
from one another, this suggests that the binding affinity of these compounds towards
the target is similar. On the other hand, the groups which can be discriminated against
are more or less likely to bind to the target than the other depending on the AUC score.
A high AUC score (> 0.6) indicates that the compounds considered as the positive class
show higher scores than those considered as the negative class. Likewise, a low AUC
score (< 0.4) shows that the tool is more likely to classify the compounds chosen as

negative instances as binders.

For each target protein, we assessed the affinity of the compounds generated with
both decoding methods by the models trained on 25% and 100% of the interactions
since the scores of these models are close in terms of benchmark metrics. We first
compared the generated set with the random set. In this setting, the generated set
is considered as the positive class while the random set forms the negative class. For
each structure-compound set, ROC curves and AUC scores were computed and Mann-
Whitney’s U test was performed similarly to the previous experiment. Given that the
number of proteins evaluated is high, here ROC curves for only two protein structures
are shown in Figure 4.5 and 4.6 for the sake of space. ROC curves for the remaining
proteins can be found in Section B. AUC scores and p values (Mann-Whitney’s U test)

are reported in parenthesis.

Mitogen-activated protein kinase kinase kinase 14 (MAP3K14) is one of the target
proteins and plays an essential role in the activation of NF-kappa-B signaling. For this
reason, it is also known as NF-B-inducing kinase (NIK). This pathway mediated by NIK
is involved in severe immune diseases and new blood vessel formation in cancer [79].
Hence, this target is a potential target for treating such diseases. Figure 4.5 shows the
comparison of the generated compounds by the models with the random set (on the

left) and the active molecules (on the right) for this target. In comparison between the
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generated set and random set, high AUC scores were obtained by all models except
the T5 model trained on 100%. This suggests that these models are able to generate
compounds with higher affinity than the random molecules. The group of generated
molecules by these models also either cannot be distinguished from the group of actives
(p-value > 0.05) or obtain higher affinity scores than the active group (p-value <
0.05 and AUC > 0.6). One interesting observation is that the ligands generated with
sampling tend to have higher affinity scores than the ones generated with beam search

for this target.
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Figure 4.5. ROC Curves for the comparison of the generated compounds for
MAP3K14 with random compounds and active compounds. The labels indicate the
model type, the data level the model trained on and the decoding strategy.

Polo-like kinase 3 (PLK3) is another target for which we investigated the gen-
erated molecules. PLK3 is one of the key regulators of cell cycle progression. This
target has been identified as a tumor suppressor for certain cancer types, however, re-
cent studies have shown that PLK3 plays different roles in cancer types and identified
this protein as a potential target in colorectal cancer [80]. The computed scores for
the compounds targeting this protein are shown in Figure 4.6. It can be seen that the

compounds generated by warm-started models differ significantly from the random set.
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By contrast, Th models which are trained from scratch failed to produce such com-
pounds. Although the compounds obtained higher affinity scores compared to the ran-
dom set for all warm-started models, only the ones generated by EncDecLM models
with beam decoding cannot be discriminated from the active compounds of the tar-
get. EncDecBase model trained on 100% is the only model generating the compounds
which have significantly higher affinity against the target of interest than both the
random and the known active set. This result is achieved by the compounds decoded
with beam search. For all warm started models, beam search generated compounds

are more likely to bind to this target.
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Figure 4.6. ROC Curves for the comparison of the generated compounds for PLK3
with random compounds and active compounds.The labels indicate the model type,

the data level the model trained on and the decoding strategy.

To determine the overall performance of these models, we computed the number
of proteins for which the model can generate compounds that can be distinguished from
randomly selected compounds and bind to the corresponding target as likely as or more
likely than the known binders of that target. The results are reported in Table 4.2.2.
The highest number of proteins (11), for which generated compounds are more likely

to bind to a target of interest than randomly selected compounds were obtained with
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the compounds generated by the EncDecBase model trained on 100% and with beam
decoding. This result is consistent with the target level evaluation based on FCD scores
and suggests that this model can generate chemical compounds with binding affinity

to the target of interest.

Table 4.5. Number of proteins in which generated compounds can be distinguished

from random compounds for each model and decoding strategy.

Decoding | Dataset Model Generated vs Random | Generated vs Active
EncDecBase 11 8
100% EncDecLM 8 6
T5 7 5
Beam
EncDecBase 7 6
25% EncDecLM 7 6
Th5 4 3
EncDecBase 8 4
100% EncDecLM 8 4
T5 2 1
Sampling
EncDecBase 6 2
25% EncDecLM 6 2
T5 2 2

EncDecBase model trained on all interactions performed the best and could gen-
erate compounds with binding affinity to a target of interest when decoded with beam
search. However, the generated compounds must also be specific to the target to avoid
undesired side effects caused by binding to others. To assess the target specificity of this
model, we selected 100 compounds generated for others for each target and docked this
set of molecules to the target protein. Then, we compared the binding affinity of this
set to the following sets we compiled earlier: the compounds generated for the target
of interest and the compounds active towards the target. The results are summarized
in Table 4.6. For comparison, we also included the results of the generated compounds

for the targets compared to the random molecules and the active compounds.
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We observed that high AUC values were obtained when comparing the active
compounds versus the compounds generated for others. This indicates that the dock-
ing tool is more likely to classify the compounds targeting others as nonbinders for
the target of interest. By contrast, the generated compounds for only three targets
(IERE, 5TUY, 5XY1) were more likely to be classified as nonbinders. Additionally,
the comparison between the compounds generated for the target of interest and those
generated for others shows that these sets of compounds are significantly different from
each other for all targets except 1ERE and 6Z1Q). Taken together, these results suggest

that this model can generate target specific compounds for the majority of the targets.

Table 4.6. Comparison of activity against each target between the active compounds,

the generated ones for the target and the generated ones for the others.

Active vs Generated | Active vs Others | Generated vs Others

Target p value AUC p value AUC | p value AUC
1ERE | 1.74E-05 0.79 1.73E-06 0.69 0.418 0.52
2WO06 | 0.013 0.33 0.007 0.6 0.001 0.74
4B6L 0.014 0.33 1.98E-13 0.87 1.81E-08 0.9

4123 0.027 0.36 4.46E-08 0.72 2.11E-06 0.83
5K0K 0.332 0.47 2.84E-09 0.74 9.28E-05 0.77
5TUY | 4.90E-06 0.83 2.77E-14 0.85 0.001 0.73
5V1B | 2.28E-06 0.17 0.035 0.58 4.76E-07 0.85
5XY1 0.018 0.65 1.56E-11 0.79 0.001 0.72
6LVL 0.389 0.48 4.50E-13 0.8 3.95E-06 0.82
6WJ5 | 4.58E-05 0.22 0.012 0.59 2.69E-06 0.82
67Z1Q 0.454 0.49 0.053 0.57 0.175 0.57

4.3. Synthesizability

Apart from having binding affinity to a target, drug candidates must satisfy many
other constraints such as being synthetically feasible. It is shown that generative models
often generate compounds hard to synthesize. Therefore, we assessed synthesizability

of the generated compounds by the best model (i.e. EncDecBase trained on 100%).
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We estimated the synthetic accessibility of the compounds for the eight tar-
gets where the docking tool is more likely to classify the compounds as binders using
Molecule.One API [81]. Figure 4.7 shows the distribution of estimated scores across
targets. The score ranges between 1 and 10, estimating the cost of synthesizing the
molecule [82]. Although the scores are high for the half of the targets on average, the
model is able to generate synthetically feasible compounds for all targets except one
(5V1B). Molecule.One APT also provides retrosynthesis planning of these compounds.
We included the synthesis planning of the compound with lowest synthetic accessibility
score for each target since it might help the researchers studying such targets. The
path for the compound targeting PLK3 protein we mentioned before is depicted in

Figure 4.8 while the others can be found in Appendix C.
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Figure 4.7. Synthesizability scores of generated compounds by the best performing

model across targets.



Figure 4.8. Retrosynthesis planning of the generated compound with lowest

synthesizability score for target 4B6L.
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5. DISCUSSION

Our findings suggest that the proposed warm start strategies to initialize mod-
els outperform the T5 model trained from scratch across data regimes and decoding
methods. The proposed method might be beneficial for other tasks in cheminformatics
where labeled data are limited. Even when large amount of data are available, it might
reduce computational time. However, we should also note that pretrained models used
to initialize models require more space. The results demonstrate that the model warm
started with the one stage strategy is able to generate target specific compounds for
most of the set of novel proteins. Thus, it might be practical at the beginning of the

drug design where there is little information regarding the target of interest.

We framed targeted drug design as a translation problem from protein ”lan-
guage” to chemical "language”. Considering the similarities between biochemical lan-
guages and human languages and the advantages regarding performance, we treated
the tokens identified by subword segmentation algorithm as ”words” of these languages.
However, given that there are no clear word boundaries in the protein language, and
protein sequences are in general much longer than sentences in human language, this
assumption requires further investigation. These so-called words can be analyzed in
terms of the statistical similarity to words in human language and compared with

known functional/structural units of proteins and chemicals.

Despite the potential benefits, the proposed model has certain limitations. The
compounds generated by beam search are predicted to be able to bind to the protein of
interest but have low diversity. The deterministic nature of the model combined with
the variability of protein interactions hinders further generalizability of the model. To
overcome this issue, one may incorporate stochastic latent variables into the model to
improve the capability to learn variability of interactions [83,84]. Another direction
to improve compound diversity is to use ancestral sampling methods which have been

proposed recently and have been shown to generate high diversity samples in [85-87].
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Another concerning issue regarding the model is the synthetic accessibility. Like
many other deep generative models, our model is in general not able to generate com-
pounds that are easy to synthesize. The studies addressing this limitation either enforce
synthetic feasibility explicitly by employing reaction or synthesis based approaches [88]
or implicitly through inductive biases [89]. Such methods can be adopted by extending
our model with a component ensuring synthesizability of molecules explicitly or indi-
rectly biasing the model with iterative mutation of compounds using interchangeable

fragments extracted from synthetically feasible compounds.
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6. CONCLUSION

In this thesis, we investigated warm-starting models with pretrained models for
targeted drug design task. We compared two warm-start strategies: one stage strat-
egy where the model is initialized with pretrained checkpoints and trained on targeted
molecule generation (EncDecBase models) and two stage strategy where the model
is first finetuned on molecular generation and then trained on targeted drug design
(EncDecLM models). To generate molecules, we employed beam search and sampling.
We evaluated the generated molecules with a set of metrics assessing the quality and
diversity, and docking. The results showed the efficacy of warm-starting approach.
The warm-started models obtained significantly better scores than the baseline model
(i.e. TH) across data regimes and decoding methods. The warm-started models per-
formed on par with each other with respect to the metrics. However, based on docking
results, the one stage warm-start strategy was able to generate molecules likely to
bind to the target of interest for more proteins, indicating that the model has better

generalizability.

As future work, we plan to investigate adding stochastic latent variables into our
models to increase diversity of compounds similar to Variational Transformer models
[83,84]. Additionally, to mitigate the synthesizability issue which limits the practicality
of the model, we will explore applicability of the approaches ensuring feasibility by joint

optimization of generation and synthesis [88].
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APPENDIX A: CHEMICAL SPACE
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Figure A.1. t-SNE plot of generated compounds with EncDecLM model trained on

all interactions and 5000 randomly sampled compounds from the test set.
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APPENDIX B: DOCKING RESULTS
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Figure B.1. ROC Curves for the comparison of the generated compounds for 5XY1

with random compounds and active compounds.
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Figure B.2. ROC Curves for the comparison of the generated compounds for 2WO6

with random compounds and active compounds.
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Figure B.4. ROC Curves for the comparison of the generated compounds for 4123

with random compounds and active compounds.
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Figure B.5. ROC Curves for the comparison of the generated compounds for 5KOK
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Figure B.6. ROC Curves for the comparison of the generated compounds for 5TUY

with random compounds and active compounds.
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Figure B.7. ROC Curves for the comparison of the generated compounds for 5V1B
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Figure B.8. ROC Curves for the comparison of the generated compounds for 6LVL

with random compounds and active compounds.
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Figure B.9. ROC Curves for the comparison of the generated compounds for 6WJ5

with random compounds and active compounds.
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APPENDIX C: RETROSYNTHESIS PLANNING

Figure C.1. Retrosynthesis planning of the generated compound with lowest

synthesizability score for target 2WO6.

Figure C.2. Retrosynthesis planning of the generated compound with lowest

synthesizability score for target 4123.
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Figure C.3. Retrosynthesis planning of the generated compound with lowest

synthesizability score for target SKOK.

Figure C.4. Retrosynthesis planning of the generated compound with lowest

synthesizability score for target 6LVL.
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Figure C.5. Retrosynthesis planning of the generated compound with lowest

synthesizability score for target 6WJ5.
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Figure C.6. Retrosynthesis planning of the generated compound with lowest

synthesizability score for target 621Q).
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