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Abstract

Recent advances in convolutional neural networks have inspired the application of
deep learning to other disciplines. Even though image processing and natural lan-
guage processing have turned out to be the most successful, there are many other
areas that have benefited, like computational chemistry in general and drug design in
particular. From 2018 the scientific community has seen a surge of methodologies re-
lated to the generation of diverse molecular libraries using machine learning. The first
goal is to provide an accessible way of using machine learning algorithms to chemists
without technical knowledge. Hence, cheML.io, a web database that contains vir-
tual molecules generated by 10 recent ML algorithms, is proposed. It allows users to
browse the data in a user-friendly and convenient manner. ML-generated molecules
with desired structures and properties can be retrieved with the help of a drawing
widget. For the case of a specific search leading to insufficient results, users are able
to create new molecules on demand. The second goal is to develop an algorithm that
allows the generation of diverse focused libraries utilizing one, or two seed molecules
which guide the generation of de novo molecules. Here a variant of transformers,
an architecture recently developed for natural language processing, was employed for
this purpose. The results indicate that this model is indeed applicable for the task of
generating focussed molecular libraries and leads to statistically significant increases
in some of the core metrics of the MOSES benchmark. A benchmark that provides
baselines and metrics that can characterize the main attributes of the algorithms by
examining the generated molecules. In addition, a novel way of generating libraries
where two seed molecules can be fused is introduced.
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Chapter 1

Introduction

Chemistry is frequently referred to as a “central science” for its key role in advancing

technological progress and human well-being through the design and synthesis of novel

molecules and materials for energy, environmental, and biomedical applications.

Medicinal chemistry is a highly interdisciplinary field of science that deals with the

design, chemical synthesis, and mechanism of action of biologically active molecules

as well as their development into marketed pharmaceutical agents (i.e. drugs). The

creation of new drugs is an incredibly hard and arduous process. One of the key

reasons being the fact that the ’chemical space’ of all possible molecules is extremely

large and intractable. Even though it is estimated that the chemical space of molecules

with pharmacological properties is in the range of 1023 − 1060 compounds [36], this

order of magnitude leaves the work of finding new drugs outside the reach of manual

labor.

In general, medicinal chemists need to determine molecules that are active and

selective towards specific biological targets to cure a particular disease while keeping

the risks of negative side effects minimal. As the number of molecules that require

testing to identify an ideal drug candidate constantly increases, it raises the overall

cost of the drug discovery process. Therefore, the need for algorithms that are able

to narrow down and optimize these efforts has recently emerged. Specifically, com-

puter algorithms can assist with creating new virtual molecules as well as performing

conformational analysis [2, 21] and molecular docking [11, 32] to determine the affin-
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ity of novel and known molecules towards specific biological targets. Aside from the

generation of de novo molecules researchers could run a search on the database of the

known molecular compounds with desirable structural queries[45].

Therefore this thesis proposes a database of virtual molecules generated by 10

machine learning algorithms, and a novel application of pure attention architecture,

Transformer, repurposed for the de novo molecule generation.

A database is aimed to help chemists to take advantage of the novel computational

approaches for the generation of novel molecules in an accessible fashion. It is possible

to search this database using similarity and substructure queries. In case the query

leads to suboptimal results, the users are able to create new molecules on demand.

A novel application of attention mechanisms, a model that takes advantage of the

nature of SMILES as a construct with its own grammar is created to generate focused

molecular libraries. Such libraries can be used by chemists in their drug screening

campaigns. To evaluate the results the MOSES benchmark [34] has been used, which

allows the juxtaposition of already existing and future methods.

I believe that the proposed work will be helpful in the field of drug design, where

novel molecules are used for the creation of life-saving drugs.
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Chapter 2

Literature Review

2.1 Representations of molecules

When beginning discussion of automating molecular search a natural question how

molecules, a physical collection of atoms that are arranged in 3D space, can be rep-

resented.

2.1.1 In communications

Since the beginning of the chemical discourse a need arised to describe the subjects of

discussions. Usually, the formula contains all atoms that constitute the molecule. For

instance, C8H10N4O2. However, such formulae, being unambiguous, have a serious

flaw – as the length of the formula grows, it becomes harder to pronounce. So the

International Union of Pure and Applied Chemistry (IUPAC) has created a standard

that preserves the advantages of the chemical formula and eliminates its disadvan-

tages. Some of the molecules become so popular that they receive their own special

name, for example, C8H10N4O2 – 1,3,7-Trimethylpurine-2,6-dione, or caffeine.

2.1.2 In silico

As chemists that began discussing molecules invented new notations, the emergence

of computer-aided chemical research required appropriate digital representation of
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molecules. Currently, two approaches are commonly used: representations as a string,

and as a graph (See Figure 2-1 ).

GraphMoleculeSMILES

Cn1cnc2c1c(=O)n(c(=O)n2C)C

1,3,7-Trimethyl-3,7-dihydro-1H-purine-2,6-dione

IUPAC name

Chemical formula

C
8
H

10
N

4
O

2

InChl

1S/C8H10N4O2/c1-10-4-9-6-5(10)7(13)12(3)8(14)11(6)2/h4H,1-3H3

Cncncc5c=O)nc=O)n6C)))C

DeepSMILES Common name

Caffeine

[C][N][C][=N][C][=C][Ring1][Branch1_1][C][Branch1_2][C][=O][N][Branch1_1][Branch2_2][C][Branch1_2][C][=O][N][Ring1][Branch2_1][C][C]

SELFIES

Figure 2-1: The overview of molecular representations

Molecules as strings

Wiswesser Line Notation (WSN) is a chemical notation proposed by Wiswesser in

the 1950s. The primary objectives of this notation are ease of use, expressiveness

(capability of handling both inorganic and organic molecules), and recognizability

after typing.

In the 1980s simplified molecular input line entry system (SMILES) specification

had emerged, aimed to create a molecular encoding that is computationally efficient

and human readable [49]. The original encoding is based on 2D molecular graphs.

Intended application areas are fast and compact information retrieval and storage.

SYBYL Line Notation (SLN) is a specialized chemical notation, inspired by SMILES.

In addition to expressing molecules SLN also encodes substructure queries. Such ex-

tension has found its use in chemical databases. The compact size of the resulting

strings lowers the strain on storage and networking.

DeepSMILES is a more recent addition to the collection of notations. As the
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SMILES Ring

C1CCCC1C

Invalid Ring

C1CCCC2C

Deep SMILES

CCCCC5C

SMILES Ring

C2CCCC2C

SMILES Branch

c1ccc(C(=O)Cl)cc1

Invalid Branch

c1ccc(C(=O))Cl)cc1

Deep SMILES

c1cccC=O)Cl))cc1

Figure 2-2: The demonstration of two common patterns occurred in invalid SMILES
generated by machine learning algorithms

name suggests the goal of DeepSMILES is to improve the results of deep neural

architectures. O’Boyle and Dalke noticed the patterns of failed (invalid) results of

machine learning algorithms - unbalanced parenthesis and ring closures, see Figure

2-2. To eliminate the possibility of failure, DeepSMILES proposes to simplify the

notation: instead of ring closures a single number is used, and opening parenthesis is

replaced by a collection of closing parenthesis, where the number of closing parenthesis

represents the depth of branch, see Figure 2-2 for examples.

The latest state-of-the-art representation used for machine learning is SELFIES.

As well as DeepSMILES, SELFIES improves the machine learning algorithms by elim-

inating the need to learn a complex syntax of SMILES. However, Krenn et al. have

further improved the representation to be resistant to random string mutations, to

achieve that any SELFIES string can be mapped to the molecule. The consequence of

100% valid strings is that internal workings of generative machine learning algorithms

can be easily investigated.

Molecules as graphs

The resemblance of molecules and graphs has been studied at least since the 1960s [5].

Atoms are represented as vertices and bonds are the edges between them. Problems

like relationships between molecular structures and properties have been studied in

the intersection of graph theory and chemistry. A common approach would be the

translation of molecules atom by atom.

In 2018, a surge of graph-based deep learning algorithms has appeared [50]. A

17



rapid development has allowed a detailed scrutiny of the graph representations. One

of the discovered problems of the naive approach would be chemically invalid in-

termediaries of graph-based machine learning algorithms. So extensions have been

proposed. For example, Jin et al. [23] proposed a method for encoding and decoding

the molecules into graphs in two phases. In the first step, a junction tree is extracted

from a given molecule and functions as a scaffold of subgraph components. These

components are then used as building blocks for creating new molecules.

2.2 Early drug discovery

Early approaches to drug discovery were focused in 2 directions: combinatorial gen-

eration of molecules, and matching a specific structure to the database of known

molecular compounds.

2.2.1 Combinatorial approach

LUDI [7] is a computer program whose objective is to produce an enzyme inhibitor

by examining a 3D structure of the target protein. To do so, the program was using

a library of 600 possible fragments that could be potential parts of the final novel

molecule. If the fragment can fit the target, meaning it can interact with the protein,

then the fragment is suitable to be a part of the result. In the final step all or some

suitable fragments are connected together using bridge fragments.

HOOK [12] attempts to improve upon LUDI. While LUDI uses multicopy sim-

ulation search (MCSS) as a primary tool for fitting the fragments, HOOK relies on

heuristic rules defined by experts. Usage of heuristics drastically improves computa-

tional speed and allows the generation to occur in real-time.

Another combinatorial approach to molecule generation is through molecular evo-

lution. For instance, SPROUT [15] builds molecules in steps using a genetic algo-

rithm on molecular graphs. To accelerate the generation, a number of expert-crafted

heuristics are used. Unlike previous approaches SPROUT does not require a library

of fragments.

18



A more recent work that employs a combinatorial approach is the fragment-based

molecular evolution algorithm [25]. The seed molecule is used as an input to generate

similar molecules. Tanimoto distance, a measure of how one molecular fingerprint(a

bitstring representation of molecular structure) is similar to other between 0 and 1, is

used to measure similarity. The seed molecules is then dissected into seed fragments.

Expert-crafted connection rules are then employed for crossover of the fragments. The

advantage of this method is that resulting molecules differ from the seed molecule not

only in side-chains, but also in scaffolds.

2.2.2 Databases of chemical compounds

ALLADIN [45] is a computer program that combines several algorithms for searching

using geometric, steric, and substructural criteria. While previous approaches aim to

generate novel molecules, ALLADIN attempts to reuse massive databases of molecules

through automatic screening of existing compounds for specific biological properties.

Brint and Willet [6] describe an algorithm for substructure queries into a database

of 3D chemical compounds.

2.3 Brief introduction to machine learning

Machine learning is a discipline that studies methods for creation of mathematical

models from data. While conventional models harness predictive power that usually

requires expert knowledge, machine learning models are data-driven and can learn

hidden patterns from data. With an increasing volume of data available machine

learning algorithms become an inevitable tool for data processing and intelligence

extraction.

The earliest attempts to machine learning could be attributed to the Rosenblatt’s

perceptron in 1958 [38], where a construct mimicking a single neuron’s brain cell, was

used for prediction. Learning from data required an optimization algorithm. The

learning rule is to update weight only when misclassifcation occurs. To increase the

predictive power of the perceptron researcher have been increasing the number lay-
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ers. The approach have been called a multilayer perceptron [22]. Then an algorithm

for backpropagation, calculation of the gradient on any layer of the multilayer per-

ceptron, has appeared [39]. Using old gradient descent [9], an interative method for

optimization of objective function (finding minimum of the loss function in MLP)

with the following rule:

𝑤𝑖+1 = 𝑤𝑖 − 𝜂∇𝑄(𝑤𝑖) (2.1)

where 𝜂 is a learning rate and 𝑄 is a loss function. Coupled with the gradient

descent the backpropagation is one of the cornerstones of neural algorithms. However,

the main breakthrough happened only in 2010s when hardware’s performance could

sustain application of aforementioned techniques for the "big data".

2.3.1 Machine learning for language modelling

Language modelling tries to predict the next word given a sequence of earlier words.

It is a task that is found whenever textual information is encountered: speech recog-

nition, machine translation, and image captioning. Given that SMILES strings can

be used as molecular representation, the language modelling task can be extended to

the domain of molecular modelling.

2.3.2 SMILES as a sentence

In 2014 Cadeddu et al. [8] demonstrated that natural language and organic molecules

have similar distribution of text and molecule fragments. The performed analysis

implied that methods of computational linguistics, or language modelling can be

used for modelling of the molecular domain.

2.4 The Advent of deep learning

Generative machine learning frameworks for the creation of molecular libraries can be

roughly classified into three categories and are based on autoencoders [27], recurrent

neural networks (RNNs) [39] and generative adversarial networks (GANs) [18].
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2.4.1 GAN-based algorithms

GAN is a novel deep learning architecture proposed by Goodfellow et al. [18]. It

consists of two neural networks that are trained simultaneously: the generative one

that takes noise and produces output, and the discriminator one that attempts to

classify the output as real or fake. Through the adversary the generator improves

to produce a realistic output, be it images, or any other kind of the information,

including SMILES strings.

2.4.2 Autoencoder-based algorithms

The idea of autoencoders can be traced back to the 80s [27, 17]. Autoencoders are

neural networks that consist of an encoder and a decoder that tries to reconstruct

the input. The encoder transforms the input into a compressed vector representation

and the decoder attempts to recover the input from this compressed representation.

A hidden layer with a limited number of nodes between the encoder and decoder

represents the minimal amount of information that is needed to decode the original

input. Such architectures can be used for denoising, dimensionality reduction and

have more recently also been applied for drug discovery [20].

2.4.3 RNN-based algorithms

Recurrent neural networks have been studied for more than 30 years [39]. RNNs con-

sist of several nodes that form a directed graph. In addition to processing input, they

also receive their earlier outputs as an input. The output is, therefore, recurring as

input in every time step. Applications of RNNs encompass data domains, where input

data is "sequentially connected", like natural language processing, music generation,

text translation, automatic generation of image captions, among others.

2.4.4 Attention-based algorithms

The attention mechanisms in machine learning were created in an attempt to mimic

cognitive attention, based on the observation that humans concentrate selectively. So
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attention decides which part of the input information is important. To determine the

importance, the gradient descent is used.
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Chapter 3

cheML.io: an online database of

ML-generated molecules 1

3.1 Introduction

After a review of the current literature, it became apparent that although there is

a growing number of machine learning algorithms for molecular generation, there is

no accessible way to use them for chemists. Hence, the goal is to replicate a number

of recent ML algorithms for de novo molecular generation for comparison of their

molecular outputs. The resulting molecules were unified into an online database

of browse-able virtual molecules - cheML.io. The built-in drawing widget allows

performing substructure and similarity searches. In case of unsatisfiable results, new

molecules could be generated on demand.

3.2 ML algorithms

To populate the database with ML-generated virtual molecules, several machine learn-

ing frameworks have been implemented. As mentioned previously, existing machine

learning methods for molecular generation can be roughly divided into three major

1This chapter exclusively consists of the author’s contribution to [53]. Reproduced from [53] with
permission from the Royal Society of Chemistry.
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categories: GAN-based methods, autoencoder-based methods, and RNN-based meth-

ods. Excellent reviews providing a comprehensive analysis of all available methods

to date have recently appeared in the literature [40, 13]. Below can be found a brief

description of several machine learning frameworks that were utilized to populate the

database of ML-generated molecules. A graphical representation of all considered

methodologies, namely Objective Reinforced Generative Adversarial Network (OR-

GAN) [19], Objective Reinforced Generative Adversarial Network for Inverse-Design

chemistry (ORGANIC) [41], Conditional Diversity Network (CDN) [20], Variational

Autoencoder with Multilayer Perceptron (ChemVAE) [16], Grammar Variational Au-

toencoder (GrammarVAE) [26], Conditional Variational Autoencoder (CVAE) [28],

Recurrent Neural Networks (RNN) [42], Junction Tree Variational Autoencoder (JT-

VAE) [23], a CycleGAN [52] based model (MolCycleGAN) [30] and Semi Supervised

Variational Autoencoder (SSVAE) [24].

3.2.1 Autoencoder-based methods

Conditional Diversity Network is a deep learning network that utilizes a variational

auto-encoder (VAE) with a “diversity” layer to generate molecules that are similar

to the prototype, yet different. To do this they introduce the diversity layer to the

vanilla VAE architecture. So, during the generation stage instead of using random

noise as an input to the decoder, the CDN uses a sample of the prototype as an

input to the decoder. This allows sampling molecules that have similar features when

compared to the prototype.

ChemVAE is an autoencoder with a multilayer perceptron that is used for prop-

erty prediction. While the autoencoder is employed to learn the latent space of valid

molecules, the multilayer perceptron is used to generate molecules with desired prop-

erties. Trained jointly with the autoencoder, the perceptron organizes the latent

space, grouping the molecules with similar property values in the same latent region.

This allows the sampling of molecules with desired properties.

While methods like ORGAN or ORGANIC use a GAN and RNN to generate

sequence data like the SMILES molecule representation, GrammarVAE attempts to
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avoid learning the syntax of the SMILES. Instead of having a GAN learn the syntax

of the SMILES format, GrammarVAE uses the fact that SMILES can be represented

by context-free grammar and learns the grammar rules, thus avoiding the genera-

tion of molecules that are syntactically invalid. To do this GrammarVAE calculates

the parsing tree of a molecule, then converts it into one-hot-encoding, having the

variational autoencoder learn the sequence of applied grammar rules, rather than

individual characters.

JT-VAE deviates from the traditional approach to molecule generation. Instead

of using the SMILES representation of the molecule, JT-VAE utilizes a direct graph

representation of the molecule. JT-VAE builds new molecules by using subgraphs of

the old ones. While other methods often use an atom combination approach, JT-VAE

uses component combination. Combination of the graph representation and the vari-

ational autoencoder almost always yields valid molecules. CVAE is aimed to generate

molecules with several desired properties. Earlier results indicate that optimization

for one property may unintentionally change other properties. In order to counter

this effect, CVAE is designed as an artificial neural network that is suitable for opti-

mization of multiple properties. To achieve this goal CVAE uses a conditional vector

for both encoding and decoding. Such an architecture allows for the incorporation of

properties into the latent space.

3.2.2 RNN-based methods

In this method, RNN is represented by long short term memory (LSTM). The archi-

tecture is comprised of 3 stacked LSTM layers. To overcome the problem of generating

unfocused molecules, transfer learning, process where pre-trained weights are used, is

employed. After transfer learning, a small subset of the focused molecules is used to

fine-tune the model, so that it generates molecules with desired properties.

SSVAE is a semi supervised model that has advantages when dealing with datasets

where only a part of the dataset is labeled with properties. It consists of 3 bi-

directional RNNs, which are used for encoding, decoding, and predicting. In this

model, the property prediction and molecule generation are combined in a single
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network. The novel molecules are decoded from the latent space, which is the product

of the trained encoder.

3.2.3 GAN-based methods

ORGAN is an artificial neural network architecture based on SeqGAN [51], which

is adapted for melody and molecule generation. It feeds SMILES molecules to the

generative network of the GAN and uses Wasserstein-1 distance, a distance function

between two distributions (also known as earth mover’s distance), to improve the

results of the training.

ORGANIC is a framework for the generation of novel molecules, which is based

on ORGAN. It is a more chemistry oriented version of ORGAN. The limitation of

the ORGANIC is that it has an unstable output of molecules. The range of invalid

molecules that are created deviates between 0.2 and 99 percent.

MolCycleGAN is based on CycleGAN. To generate novel molecules with similar

properties MolCycleGAN uses JT-VAE as a latent space producer, then utilizes GAN

to produce the molecule. To feed the GAN, a molecule with desired features is

used and the resultant latent space embedding is then transformed back to the new

molecule with a similar structure and desired properties.

3.3 Database overview

3.3.1 Implementation of methods

Implementations of each method aside from RNN2 were mentioned in the original

publications. All of the algorithms were written in Python with the help of either

Pytorch [33] or Tensorflow [1]. Training of all the methods except for RNN was

conducted using the samples of molecules from ZINC that were provided by the

authors of the original implementations. For RNN a ZINC-based training dataset,

which was provided by the authors of JT-VAE [23] have been used. In addition,
2Implementation of RNN from https://github.com/LamUong/Generate-novel-molecules-with-

LSTM was used
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implementations of CDN and RNN methods were run utilizing a 1.6 million molecules

sample of ChEMBL [31] as a training dataset. As a result, ca. 0.62 thousand out

of the total 3.64 thousand molecules generated with CDN and ca. 0.65 million out

of the total 0.96 million molecules generated with RNN were obtained based on the

ChEMBL training data.

3.3.2 Molecule storage and preprocessing

All generated molecules along with their properties are stored in PostgreSQL [44],

a free and open-source relational database management system with a variety of

modules that allows to use them in different contexts. For instance, RDKit Cartridge

enables efficient search across molecules.

Preprocessing is an important step in the management of a large molecular database,

containing millions of members. Utilizing RDKit [35] 2.9 million molecules, produced

by the above mentioned generative ML algorithms, were inserted into the database

in canonical SMILES format. During the insertion, a fraction of molecules were dis-

carded: 174000 were invalid (according to RDKit) and for 633 RDKit was not able

to construct canonical SMILES. In addition, all duplicates were removed. In total,

2.8 million molecules were inserted along with computed properties that are listed

in Lipinski’s rule of five [29]. Moreover, other medicinal chemistry-relevant proper-

ties have been computed such as the number of rotatable bonds and the number of

saturated rings.

The typical operations on databases composed of a large number of molecules in-

volve searching by substructure and searching by similarity. To optimize such queries

Morgan Fingerprints (Circular Fingerprints) have been precomputed as well as the

RDKit implementation of Extended Connectivity Fingerprints [37].

3.4 Generation on demand

Currently, Conditional Diversity Networks [20] are employed for the generation of new

molecules on demand. Based on the observations, the algorithm achieves the best
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results when the training is performed for each requested SMILES input. Current

approach can be summarized as follows:

1. Fetch molecules that are similar to the seed molecule from three databases:

ZINC [43], ChEMBL [31] and cheML

2. Utilize these molecules as input data for the first training

3. Fetch molecules from the above databases that contain the seed molecule as a

substructure

4. Utilize these molecules as input data for the second training

5. Combine previous input data and use them as input for a third training

6. Generate molecules using all three distinct models built by each of the above

input data. Filter the resulting molecules based on their similarity score with the

seed molecule. Exclude the molecules that are already present in the cheML.io

database and those featuring the same structural backbone (i.e. different only

by the stereochemical features) and send the outcome to the user by email

7. Add novel molecules to the cheML.io database

3.5 Results

Model Architecture Learning
Technique

Molecule
representation

Property
targeting

Computational
costs

Training
Dataset
size

JT-VAE VAE autoencoder graph yes medium 250k
RNN RNN direct flow SMILES no low 250k

GrammarVAE VAE autoencoder SMILES no high 250k
ChemVAE VAE autoencoder SMILES yes medium 250k

MolCycleGan GAN direct flow latent vector yes medium 250k
ORGAN GAN RL SMILES yes high 1million

ORGANIC GAN RL SMILES yes high 250k
SSVAE VAE autoencoder SMILES yes medium 310k
CDN VAE autoencoder SMILES no low 250k
CVAE VAE autoencoder SMILES yes medium 500k

Table 3.1: Qualitative comparison of the algorithms

28

https://cheML.io
https://cheML.io


To compare methods that were employed for the generation of molecules, several

key characteristics of the machine learning algorithms have been examined: architec-

ture, learning technique, molecular representations used, whether it can target desired

property, computational resources needed to run it, and size of the training dataset.

Please refer to the Table 3.1 for an overview.

3.6 Discussion

3.6.1 Performance of generation on demand

As was mentioned in the system overview section, the CDN was used as an algo-

rithm for the generation of molecules on demand. To improve the proportion of

correctly generated molecules the SMILES character parser have been substituted to

a SMILES grammar parser. The original method of converting SMILES strings to

number vectors involved assigning a number to each character of the SMILES string.

For example, the atom 𝐻 would be codified as 23, atom 𝑆 as 24 and atom 𝑆𝑖 as a

combination of two numbers 24 and 25 that should be placed consecutively.

Thus, if number 25 would appear as standalone in the resulting vector, the whole

vector would be discarded because the corresponding string and associated molecule

would be invalid. To eliminate such cases SMILES grammar parser have been used

to break the SMILES string into morphemes, i.e. atoms and supporting elements,

like stereoisomers. While the grammar parser does not eliminate syntactic errors it

helps with standalone atom parts.

Utilizing the uniform training dataset for every generation request mainly resulted

in a production of completely irrelevant molecules. However, when the application of

case specific training datasets described in the previous section have been introduced

the reliability of generation on demand featured has greatly improved.

During testing, it was observed that all the inputs for the generation on de-

mand could be roughly divided into three categories: small molecules representing

common structural motifs widely found in more complex molecules, medium-sized
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molecules that are not so widespread as subunits for other molecules, and large com-

plex molecules that cannot be identified as substructures of any molecules from ZINC,

ChEMBL or cheML.io. Owing to these differences, inputs from each of the above cat-

egories might require their own approach for assembling the training datasets. For

example, the similarity-based training dataset for small molecules could be readily

assembled from any database. However, due to the small size of the input molecule,

the resulting training dataset might include molecules that are rather different from

the initial one in the sense that they would not contain it as a substructure. Thus,

adding a substructure-based training dataset and blending it with a similarity-based

training dataset generally led to a more balanced outcome for the generation requests

featuring small and medium-sized molecules as inputs. On the other hand, for large

and complex molecules that can not be found as substructures of other molecules, the

only option is to use a similarity-based training dataset. Therefore, a 3-stage process

for assembling the training datasets have been designed. It accounts for the above

mentioned variations and provides optimal results for any type of input structure

without the need for manual categorizing.

3.6.2 Analysis across methods

As can be seen in Figure 3-1, the aim was not to create a uniform number of molecules

per method when implementing the studied algorithms. The main reason is due to

the fact that some of the algorithms are more suitable for the generation of the

bulk of molecules while others are more convenient for the targeted generation of

specific molecules. For example, CVAE can be regarded as a specialized algorithm

for the generation of molecules displaying specific properties while CDN is designed

to generate similar yet diverse molecules when compared to a particular prototype.

Thus, both CVAE and CDN were deployed by us for the generation of only a relatively

small set of molecules ranging from several hundred to several thousand. On the other

hand, considering its focus on structural similarity, CDN appeared to be the most

suitable method for incorporating into the generation on demand feature.

While the majority of generation algorithms shows a rather diverse output, when
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Figure 3-1: The diagonal of the matrix illustrates total number of molecules generated
by each method. Intersections below the diagonal show number of same molecules
that were generated by both methods.

31



CV
AE

CD
N

SS
VA

E

OR
GA

NI
C

OR
GA

N

M
ol
Cy

cle
GA

N

Ch
em

VA
E

Gr
am

m
ar
VA

E

RN
N

JT-
VA

E

CVAE

CDN

SSVAE

ORGANIC

ORGAN

MolCycleGAN

ChemVAE

GrammarVAE

RNN

JT-VAE

1.00

0.00 1.00

0.01 0.00 1.00

0.00 0.03 0.00 1.00

0.00 0.01 0.01 0.01 1.00

0.00 0.00 0.00 0.00 0.00 1.00

0.00 0.00 0.00 0.00 0.00 0.05 1.00

0.00 0.01 0.00 0.00 0.00 0.49 0.17 1.00

0.01 0.02 0.05 0.01 0.03 0.12 0.04 0.16 1.00

0.00 0.01 0.02 0.00 0.02 0.00 0.00 0.00 0.01 1.00

0.0

0.2

0.4

0.6

0.8

1.0

Figure 3-2: Each entry shows the proportion of shared molecules between each
method.

compared to the output of other algorithms (see Figure 3-2), 49.07% of molecules

generated by MolCycleGAN were also generated by GrammarVAE. This indicates
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that these methods may have a similar latent space despite that MolCycleGAN uses

direct graph representation of the molecule while GrammarVAE uses the context-free

grammar of the SMILES representation.

3.6.3 Moses benchmark comparison

To juxtapose the methods that have been employed, the MOSES benchmark frame-

work was used [34]. It is a benchmark that encompasses several metrics that assess the

generated molecules in order to characterize a given method. One of the important

metrics is novelty. It is a proportion of generated molecules that are not seen in the

initial database, i.e. the training set. Filters is a metric that measures the proportion

of molecules that are passed through the custom medicinal chemistry filters (MCFs)

and PAINS filters [4]. These filters were hand-picked to exclude molecules with spe-

cific undesired properties, such as reactivity and chelation. IntDiv1 and IntDiv2 assess

the internal diversity of the generated molecules and their values range between 0 and

1. A low score indicates that the generated molecules are limited in the variety of

scaffolds and a high score corresponds to a higher inner diversity of the molecules.

IntDiv1 and IntDiv2 can be calulated as follows

𝐼𝑛𝑡𝐷𝑖𝑣𝑝(𝐺) = 1− 𝑝

√︃
1

|𝐺|2
∑︁

𝑚1,𝑚2∈𝐺

𝑇 (𝑚1,𝑚2)𝑝,

where 𝐺 stands for the set of molecules, 𝑇 stands for Tanimoto distance, 𝑚1 and 𝑚2

stand for any pair of molecules in the set 𝐺 and 𝑝 ∈ 1, 2.

Model # of molecules IntDiv1 IntDiv2 Filters Novelty
JT-VAE 1399265 0.861 0.856 0.733 1
RNN 962247 0.847 0.837 0.813 0.953
GrammarVAE 239262 0.871 0.865 0.598 0.196
ChemVAE 99344 0.879 0.874 0.589 1
MolCycleGan 60856 0.869 0.862 0.607 0.42
ORGAN 50268 0.86 0.852 0.71 0.902
ORGANIC 42610 0.855 0.842 0.621 0.999
SSVAE 42606 0.84 0.832 0.89 0.971
CDN 3639 0.886 0.878 0.620 0.997
CVAE 539 0.786 0.767 0.538 1

Table 3.2: Comparison of methods by means of the MOSES benchmark
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As can be seen from Table 3.2, aside from GrammarVae and MolCycleGAN the

algorithms have shown they are able to produce a large portion of novel, never-seen-

before molecules. The internal diversity score also shows high values across all 10

algorithms.

34



Chapter 4

Transmol: Repurposing a language

model for molecular generation

4.1 Introduction

After the completion of the previous project and analysis of the machine learning

algorithms it became apparent that there is a gap in the literature. To my knowledge

even though there are algorithms borrowed from the natural language processing, like

CDN, no machine learning algorithm for de novo molecule generation has used atten-

tion mechanisms, especially state-of-the-art Transformer architecture. So this chapter

is a natural continuation from the previous one. While Chapter 3 was discussing and

using previously developed algorithms, this chapter demonstrates an ambition for the

development of the independent method.

The goal is to develop an algorithm that allows the generation of a diverse focused

libraries utilizing one, or two seed molecules which guide the generation of de novo

molecules. The approach outperforms state-of-the-art generative machine learning

frameworks in some core MOSES metrics, a benchmark introduced for the comparison

of generative algorithms [34]: internal diversity (IntDiv1 and InDiv2). The resulting

algorithm is incorporated into the cheml.io [53] website and can be utilized for the

generation of molecules on demand. One or two seed molecules can be defined by the

used and a focused library is generated.
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4.2 Dataset

For this chapter, I have used the MOSES benchmark along with the dataset it pro-

vides. It consists of three datasets: training, testing, and testing scaffolds, containing

1.6M, 176k, and 176k respectively.

The first dataset was used to train the model. The model learns to interpolate

between each molecule and constructs a latent space. The latent space acts as a proxy

distribution for molecules, therefore it is possible to sample new molecules from it.

The testing dataset consists of molecules that are not present in the training

dataset. It is used to assess how effectively the model is generalizable: whether the

architecture of the model can be applied to other datasets.

The scaffold testing dataset consists of scaffolds that are not present in the training

and testing datasets. Scaffolds are small fragments of molecules that can describe a

set of compounds, where it is present. The scaffold testing is used to check if the

model can generate new scaffolds, unique molecular features, or whether the model

just reuses the parts of the previously seen molecules to generate new ones.

4.2.1 Molecular representation

In this chapter I have used SMILES strings as a molecular representations of choice.

Please see Section 2.1.2 for the detailed description.

4.2.2 Data augmentation

To improve the validity of the algorithm I have used data augmentation through

SMILES enumeration as was used in work of Arús-Pous et al. [3]. A molecule can be

mapped to its unique canonical SMILES string, however non-unique SMILES strings

can also be produced depending on the starting point where the algorithm will begin

its translation. Such data augmentation has been previously reported to improve the

generalization of the latent space (increase the diversity of the output molecules) [3].
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Figure 4-1: A vanilla transformer architecture

4.3 Method

For this work I have employed a vanilla transformer model from the work by Vaswani

et al. [46]. A vanilla transformer consists of two parts: encoder and decoder. An

encoder (see left dashed block of Figure 4-1) maps input to the latent representation

𝑧. A decoder (see right dashed block of Figure 4-1), accepts 𝑧 as an input and

produces one symbol at a time. The model is auto-regressive, i.e to produce a new

symbol it requires the previous output as an additional input.

The notable attribute of this architecture is the use of attention mechanisms

throughout the whole model. While models before transformers have been using

attention only as an auxiliary layer, having some kind of recurrent neural networks

(RNN) like gated recurrent unit (GRU) or long short-term memory (LSTM), or con-

volutional neural network (CNN), the transformer consists primarily of attention

layers.

The attention mechanism can be looked at as function of query 𝑄, key 𝐾 and value
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𝑉 , where the output is a matrix product of 𝑄,𝐾, 𝑉 using the following function:

Scaled dot-product Attention(𝑄,𝐾, 𝑉 ) = softmax(
𝑄𝐾𝑇

√
𝑑𝑘

)𝑉 (4.1)

It is used to identify the relevant parts of the input in respect to the input, self-

attention. It allows to disregard less important parts of the query and filter noise.

The most important part is that attention mechanisms are differentiable, hence can

be learned from data.See Equation 4.1 for the desciption of the scaled dot-product

attention layer. The multi-head attention layer consists of ℎ instances of scaled dot-

product attention layers that are then concatenated and passed to the dense layer.

The multi-head attention layer consists of ℎ instances of scaled dot-product atten-

tion layers that are then concatenated and passed to the dense layer. See Figure 4-2

for the detailed depiction.

Parameters of the original setup have been used, such as number of stacked en-

coder and decoder layers 𝑁 = 6, all sublayers produce output of 𝑑model = 512, with

dimensionality of inner feed-forward layer being 𝑑ff, number of attention heads ℎ = 6,

and dropout 𝑑 = 0.1.
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4.3.1 Sampling from the latent space

To sample a molecule from the model, a seed SMILES string is needed to provide a

context for the decoder. Then the decoding process is started by supplying a special

starting symbol. After that, the decoder provides an output and a first symbol is

generated. To get the next symbol the previous characters are provided to the de-

coder. The decoding process stops when the decoder either outputs a special terminal

symbol or exceeds the maximum length. There are several techniques available that

specify how the output of the decoder is converted to the SMILES character such as

a simple greedy search or a beam search.

Greedy search

As the decoder provides output probabilities the naive approach would be to use a

greedy algorithm and pick the symbol with the highest probability. However, it is not

optimal as picking the most probable symbol at each step does not guarantee that

the final resulting string would have the highest conditional probability. Moreover,

unless stochastic sampling is used (when probability vector is used as a basis for the

distribution and then sampled), the result of the greedy search is deterministic and

corresponds to the "reconstruction accuracy" based on our training procedure.

Beam search
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Figure 4-3: Overview of the beam search with a beam width of N=3
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To improve upon the greedy search a beam search has been proposed. The beam

search is an improved greedy search. While the greedy search picks only one symbol

at a time, the beam search picks 𝑁 most probable. Figure 4-3 illustrates the beam

search with beam width 𝑁 = 3; the stroke width indicates the probability. To guide

the selection process of beam search I have used the following reward function:∑︀
𝑐ℎ𝑎𝑟 ∈ 𝑣𝑜𝑐𝑎𝑏 𝑃 (𝑠|previous output)

(1 + |previous output|)𝛼

where 𝑐ℎ𝑎𝑟 is a possible symbol for the beam search to pick, 𝑣𝑜𝑐𝑎𝑏 is a set of all

possible characters, the previous output is an ordered list of symbols picked by beam

search prior to picking current one, 𝛼 is a parameter of beam search that regulates

the length of the string, low 𝛼 discourages long strings, high 𝛼 encourages.

4.3.2 Injecting variability into model

To explore the molecules that are located near the seed molecule in the latent space,

I have used two techniques that allow to sample from the seed cluster: addition of

Gaussian noise to 𝑧 and the use of temperature.

Gaussian noise

To increase the variability of the model I are adding the Gaussian noise with a mean

𝜇 and standard deviation 𝜎 to the latent vector 𝑧 before it is fed to the decoder.

Temperature

Another technique to improve the variability is to apply temperature to the output

vector right before applying the softmax function. Temperature 𝑇 is a value from 0

to ∞. As 𝑇 → ∞ all characters have the same probability of being the next symbol.

For 𝑇 → 0 the most probable symbol has a higher probability of being selected.

The resulting smoothed distribution increases the variability of sampling. Figure 4-4

demonstrates how the application of temperature smoothes the original distribution.
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Figure 4-4: Impact of temperature on distribution

4.4 Results and Discussion

In this section, I describe major results that were obtained during the experiments.

It starts with the generation of a focused library with a single seed molecule which

is followed by the description of the generation of a focused library using two seed

molecule. See Figure 4-5 for the graphical overview of the process.

4.4.1 Creating focused library with seed molecules

In this subsection, I discuss the optimization procedure for the sampling hyperpa-

rameters as well as present the results of the MOSES benchmark [34] in relation to

our method and previous ones.
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Figure 4-5: The general pipeline of the sampling process for one seed molecule
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Figure 4-6: Plots of Wasserstein-1 distance between distributions of molecules in the
generated and test sets
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MOSES baselines

MOSES provides several implemented methods to compare our results to. They can

be roughly divided into two categories: neural and non-neural. Neural methods use

artificial neural networks to learn the distribution of the training set. Character-level

recurrent neural network (CharRNN), Variation Autoencoder (VAE), Adversarial Au-

toencoder (AAE), Junction Tree VAE (JT-VAE), and Latent Vector Based Gener-

ative Adversarial Network (LatentGAN). Non-neural baselines include the n-gram

generative model (NGram), the hidden Markov model (HMM), and a combinatorial

generator. Non-neural baselines are conceptually simpler than neural ones. NGram

model collects the frequency of the n-grams in the training dataset and uses the re-

sulting distribution to sample new strings. For instance, during counting of 2-gram,

the model will inspect individual SMILES strings and record the statistics. For string

"C1CCC1C" the following statistics will be gathered C1: 2, CC:2, 1C:2. Later it will

be normalized and used for sampling. HMM uses the Baum-Welch algorithm for

the distribution learning. The combinatorial generator uses BRICS fragments of the

training dataset. To sample it randomly connects several fragments.

Moses metrics

Several metrics are provided by the MOSES benchmark. Uniqueness shows the pro-

portion of generated molecules that are within the training dataset. Validity describes

the proportion of generated molecules that are chemically sound, as checked by RD-

Kit [35]. Internal diversity measures whether the model samples from the same region

of chemical space, producing molecules that are valid and unique but differ in a single

atom; hence, are useless. Filters measures the proportion of generated set that passes

a number of medical filters. Since the training set contains only molecules that pass

through the filters, it is an implicit constraint imposed on the algorithm.

Fragment similarity (Frag) measures the similarity of BRICS fragments distribu-

tion contained in reference and generated sets. If the value is 1, then all fragments

from the reference set are present in the generated one. If the value is 0, then there are
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Model Valid (↑) Unique@1k (↑) Unique@10k (↑) IntDiv (↑) IntDiv2 (↑) Filters (↑) Novelty (↑)

Train 1 1 1 0.8567 0.8508 1 1
HMM 0.076±0.0322 0.623±0.1224 0.5671±0.1424 0.8466±0.0403 0.8104±0.0507 0.9024±0.0489 0.9994±0.001
NGram 0.2376±0.0025 0.974±0.0108 0.9217±0.0019 0.8738±0.0002 0.8644±0.0002 0.9582±0.001 0.9694±0.001
Combinatorial 1.0±0.0 0.9983±0.0015 0.9909±0.0009 0.8732±0.0002 0.8666±0.0002 0.9557±0.0018 0.9878±0.0008
CharRNN 0.9748±0.0264 1.0±0.0 0.9994±0.0003 0.8562±0.0005 0.8503±0.0005 0.9943±0.0034 0.8419±0.0509
AAE 0.9368±0.0341 1.0±0.0 0.9973±0.002 0.8557±0.0031 0.8499±0.003 0.996±0.0006 0.7931±0.0285
VAE 0.9767±0.0012 1.0±0.0 0.9984±0.0005 0.8558±0.0004 0.8498±0.0004 0.997±0.0002 0.6949±0.0069
JTN-VAE 1.0±0.0 1.0±0.0 0.9996±0.0003 0.8551±0.0034 0.8493±0.0035 0.976±0.0016 0.9143±0.0058
LatentGAN 0.8966±0.0029 1.0±0.0 0.9968±0.0002 0.8565±0.0007 0.8505±0.0006 0.9735±0.0006 0.9498±0.0006
Transmol 0.0694±0.0004 0.9360±0.0036 0.9043±0.0036 0.8819±0.0003 0.8708±0.0002 0.8437±0.0015 0.9815±0.0004

Table 4.1: Performance metrics for baseline models: fraction of valid molecules, frac-
tion of unique molecules from 1,000 and 10,000 molecules, internal diversity, fraction
of molecules passing filters (MCF, PAINS, ring sizes, charge, atom types), and novelty.
Reported (mean ± std) over three independent model initializations.

no overlapping fragments between generated and reference sets. Scaffold similarity

(Scaff) is similar to the Frag, but instead of BRICS fragments Bemis–Murcko scaf-

folds are used for comparison. The range of this metric is similar to Frag. Similarity

to the nearest neighbor (SNN) is a mean Tanimoto distance between a molecule in

the reference set and its closest neighbor from the generated set. One of the possi-

ble interpretations of this metric is precision; if the value is low, it means that the

algorithm generates molecules that are distant from the molecules in the reference

set. The limits of this metric are [0,1]. Fréchet ChemNet Distance (FCD) is a metric

that is supposed to correlate with internal diversity and uniqueness. It is computed

using the penultimate layer of the ChemNet, a deep neural network that is trained

for the prediction of biological activities. All four aforementioned metrics have also

been compared to the scaffold test dataset.

According to Table 4.1, Transmol has demonstrated the greatest internal diversity

Model FCD (↓) SNN (↑) Frag (↑) Scaf (↑)
Test TestSF Test TestSF Test TestSF Test TestSF

Train 0.008 0.4755 0.6419 0.5859 1 0.9986 0.9907 0
HMM 24.4661±2.5251 25.4312±2.5599 0.3876±0.0107 0.3795±0.0107 0.5754±0.1224 0.5681±0.1218 0.2065±0.0481 0.049±0.018
NGram 5.5069±0.1027 6.2306±0.0966 0.5209±0.001 0.4997±0.0005 0.9846±0.0012 0.9815±0.0012 0.5302±0.0163 0.0977±0.0142
Combinatorial 4.2375±0.037 4.5113±0.0274 0.4514±0.0003 0.4388±0.0002 0.9912±0.0004 0.9904±0.0003 0.4445±0.0056 0.0865±0.0027
CharRNN 0.0732±0.0247 0.5204±0.0379 0.6015±0.0206 0.5649±0.0142 0.9998±0.0002 0.9983±0.0003 0.9242±0.0058 0.1101±0.0081
AAE 0.5555±0.2033 1.0572±0.2375 0.6081±0.0043 0.5677±0.0045 0.991±0.0051 0.9905±0.0039 0.9022±0.0375 0.0789±0.009
VAE 0.099±0.0125 0.567±0.0338 0.6257±0.0005 0.5783±0.0008 0.9994±0.0001 0.9984±0.0003 0.9386±0.0021 0.0588±0.0095
JTN-VAE 0.3954±0.0234 0.9382±0.0531 0.5477±0.0076 0.5194±0.007 0.9965±0.0003 0.9947±0.0002 0.8964±0.0039 0.1009±0.0105
LatentGAN 0.2968±0.0087 0.8281±0.0117 0.5371±0.0004 0.5132±0.0002 0.9986±0.0004 0.9972±0.0007 0.8867±0.0009 0.1072±0.0098
Transmol 4.3729±0.0466 5.3308±0.0428 0.6160±0.0005 0.4614±0.0007 0.9564±0.0009 0.9496±0.0009 0.7394±0.0009 0.0183±0.0065

Table 4.2: Performance metrics for baseline models: Fréchet ChemNet Distance
(FCD), Similarity to a nearest neighbor (SNN), Fragment similarity (Frag), and
Scaffold similarity (Scaff); Reported (mean ± std) over three independent model
initializations. Results for random test set (Test) and scaffold split test set (TestSF)
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(IntDiv1 and IntDiv1) across all baselines. It can be also observed that among neural

algorithms Transmol demonstrates the greatest proportion of novel molecules, that

are not present in the training dataset. One of the important observations is that

Transmol’s internal diversity score exceeds the training dataset. This observation

might indicate the ability of Transmol to generalize well on the previously not seen

data.

Figure 4-7: The scatter plot of the grid search with the following parameters: beam
width, number of generation requests, actual number of generated smiles, number of
valid molecules, and fraction of valid molecules

Table 4.2 shows more sophisticated metrics that require comparison of the two
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molecular sets, reference and generated one: Fréchet ChemNet Distance (FCD), Sim-

ilarity to the nearest neighbor (SNN), Fragment similarity (Frag), and Scaffold sim-

ilarity (Scaff). In this table, it can be observed that Transmol has a relatively high

FCD score compared with neural methods and a comparable or lower score in rela-

tion to non-neural algorithms. It is a surprising result, considering the high scores of

the Transmol in internal diversity and quite high scores in uniqueness. Another ob-

servation is that Transmol demonstrates the superiority in SNN/Test and Scaf/Test

compared with non-neural baselines and is comparable to other neural algorithms. In

SNN/Test Transmol is a top-2 algorithm. Another thing to note is the TestSF col-

umn. The original authors of the benchmark recommend a comparison of the TestSF

columns when the goal is to generate molecules with scaffolds that are not present

in the training set. However, the comparison with caution as the test scaffold set

is not all-encompassing. It does not contain all possible scaffolds that are absent in

the training dataset. Taking into consideration that metrics in Table 4.2 compute

overlaps in the two sets, the TestSF part of the metrics should be taken with a grain

of salt.

Figure 4-6 demonstrates distribution plots of the baselines and Transmol output

compared to the test set. The distribution plots are similar to the histograms, but

instead of showing discrete bins, the distribution plot smoothes observations using

Gaussian kernel. The distribution plots compare 4 molecular properties: molecular

weight (MW), octanol-water partition coefficient (logP), quantitative estimation of

drug-likeness (QED), and synthetic accessibility score (SA). To quantify the distance

between the test set and the generated set the Wasserstein-1 distance was used (value

in brackets). The results show that the Transmol has a matching SA score, or better

than the original distribution while having a higher variance in other metrics. It

shows that the Transmol is not as close to the testing set distribution as other neural

algorithms, implying a better diversity, but it is not as far from it as some simpler,

combinatorial baselines.
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Figure 4-8: Proportions of molecule that satisfy 5 rules of thumb

4.4.2 Filters

To provide more comparison I also have filtered molecules by using heuristics that are

used in drug development. These filters were empirically devised using a database of

drug suitable compounds. For this comparison, Ihave used the Lipinski rule of 5 [29],

Ghose [14], Veber [47], rule of 3 [10], and REOS [48] filters. Figure 4-8 demonstrates

proportions of molecules that satisfy each rule.

As can be seen in the Figure 4-8 among the neural baselines Transmol has the

highest proportion of molecules that satisfy the rule of 3. In addition, among non-

neural algorithms, Transmol has the highest proportion of molecules that satisfy the

Ghose filter and REOS.
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4.4.3 Adjusting beam search

To find the optimal parameters for the beam search, a grid search has been conducted.

A random molecule from the test set has been selected for the testing. Figure 4-7

shows the relation between 3 parameters (Beam width, Topk(the desired number of

generated molecules), Generated (actual number of generated molecules) ), and 2

metrics (number of valid molecules and the fraction valid molecules in the generated

set). The chart demonstrates a dependency between beam width and topk(number

of generated molecules). In addition, for small numbers of topk, the fraction of valid

molecules is high. Similarly, Figure B-1 describes the relation between temperature,

Gaussian standard deviation, fraction of valid molecules and internal diversity IntDiv1

and IntDiv2.

4.4.4 Exploring chemical space using two seed molecules

After sampling of the model using a single seed a natural question to ask if the

approach could be extended further. In this section, I discuss the generation of a

focused library using two seed molecules. Figure 4-9 demonstrates an overview of the

sampling. Using the encoder network of the Transmol model we encode two molecules,

getting their latent representation. Then, they are averaged to get a latent vector

𝑧12 that is located in the middle between latent vector 𝑧1 and 𝑧2. After that, the

decoder is sampled using vector 𝑧12. To increase the chance of sampling from the

populated latent space I enumerate SMILES of seed molecules and construct pairs.

This twist increases the chances of sampling the middle point that contains valid

SMILES strings.

Since no known benchmark involves multiseed sampling in this subsection I de-

scribe a procedure of adjusting the weights. Figure 4-10 illustrates molecular sampling

from the latent distribution using two seed molecules. The resulting generated library

demonstrates a diversity of structural features that would be unattainable through

simple fragment substitution.
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Adjusting weights

After verification of the encoder, the natural way of proceeding would be trying to

generate intermediate representations of the molecules, and decode molecules that

resemble both seed one and seed two. See Figure 4-9 for the illustration of interme-

diate representation in the context of latent space. Additional comparisons of weight

distributions and the sampling reward of beam search (𝛼) can be found in Appendix

A, Tables A.1 to A.6.

4.4.5 Integration with cheMl.io

Currently anyone with the access to the internet is able to use the Transmol via the

cheml.io [53] website, see Figure 4-11. The form on the website allows generation

with one or two seed molecules as well as specification of some other parameters like

the weight of specific molecule and an 𝛼 parameter, which regulates the length of the

output molecule. The results are sent to the specified email address.
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Figure 4-9: The general pipeline of the sampling process for two seed molecule

Seed molecule 1

Seed molecule 2

Figure 4-10: Example sampling of two molecules
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Figure 4-11: Screenshot of the generation request form on cheml.io
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Chapter 5

Conclusions

In summary, an accessible way of using machine learning algorithms was provided as

the website cheML.io. Recent machine learning algorithms were investigated. The

resulting generated molecules have been inserted into a database that allows sub-

structure and similarity searches. When results are suboptimal, new molecules could

be generated on the user’s demand. A recent deep learning framework has been suc-

cessfully applied to the task of molecular generation using attention mechanisms. We

have benchmarked the resulting Transmol method utilizing the MOSES benchmark.

The results demonstrate a number of the advantages when using this attention-based

methodology in comparison with earlier approaches. In addition, such model archi-

tecture allows the generation of new focused molecular libraries using two seeds. I

believe that the proposed work will be helpful in the field of drug design, where novel

molecules are used for the creation of life-saving drugs.

53

https://cheML.io


54



Appendix A

Tables
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Seed molecule 1 Seed molecule 2

No Weight 1 Weight 2 Molecule 1 Molecule 2 Molecule 3 Molecule 4 Molecule 5

1 0.55 0.45

2 0.65 0.35

3 0.75 0.25

4 0.85 0.15

5 0.45 0.55

6 0.35 0.65

7 0.25 0.75

8 0.15 0.85

Table A.1: Comparison of weights for the first pair of molecules
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Seed molecule 1 Seed molecule 2

No Weight 1 Weight 2 Molecule 1 Molecule 2 Molecule 3 Molecule 4 Molecule 5

1 0.55 0.45

2 0.65 0.35

3 0.75 0.25

4 0.85 0.15

5 0.45 0.55

6 0.35 0.65

7 0.25 0.75

8 0.15 0.85

Table A.2: Comparison of weights for the second pair of molecules
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Seed molecule 1 Seed molecule 2

No Weight 1 Weight 2 Molecule 1 Molecule 2 Molecule 3 Molecule 4 Molecule 5

1 0.55 0.45

2 0.65 0.35

3 0.75 0.25

4 0.85 0.15

5 0.45 0.55

6 0.35 0.65

7 0.25 0.75

8 0.15 0.85

Table A.3: Comparison of weights for the third pair of molecules
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Seed molecule 1 Seed molecule 2

No
Sampling
reward

Length Tanimoto similarity 1 Tanimoto similarity 2 Tanimoto similarity (1+2) Molecule 1 Molecule 2 Molecule 3 Molecule 4 Molecule 5min max mean median min max mean median min max mean median min max mean median

1 4 13 20 16.2 16 0.223 0.486 0.376 0.369 0.189 0.521 0.275 0.256 0.46 0.885 0.651 0.645

2 3.7 13 20 16.2 16 0.223 0.486 0.371 0.367 0.189 0.521 0.265 0.25 0.46 0.885 0.635 0.638

3 3.4 13 20 15.9 16 0.223 0.486 0.368 0.369 0.168 0.521 0.262 0.242 0.46 0.916 0.63 0.633

4 3.1 11 21 16.2 16 0.223 0.486 0.374 0.378 0.168 0.487 0.255 0.242 0.46 0.916 0.629 0.637

5 2.8 10 21 15.9 16 0.223 1 0.39 0.377 0.166 0.487 0.262 0.246 0.46 1.3 0.652 0.635

6 2.5 10 23 16.2 16 0.223 1 0.389 0.37 0.166 0.521 0.262 0.246 0.46 1.3 0.651 0.628

7 2.2 10 22 16 16 0.223 1 0.386 0.368 0.162 0.521 0.26 0.241 0.46 1.3 0.645 0.618

8 1.9 5 22 15.6 16 0.175 1 0.381 0.372 0.159 0.521 0.265 0.241 0.334 1.3 0.646 0.617

9 1.6 1 22 14.7 15 0 1 0.37 0.365 0 0.521 0.271 0.248 0 1.3 0.641 0.616

10 1.35 1 19 14 15 0 1 0.364 0.358 0 0.702 0.28 0.255 0 1.3 0.644 0.63

11 1.3 1 20 13.6 15 0 1 0.363 0.363 0 0.516 0.288 0.272 0 1.3 0.651 0.628

12 1.2 1 19 13.3 14 0 1 0.356 0.356 0 0.702 0.284 0.265 0 1.3 0.64 0.633

13 1.05 1 19 12.6 13 0 1 0.349 0.354 0 0.516 0.289 0.283 0 1.3 0.639 0.639

14 0.9 1 19 11.7 12 0 1 0.339 0.353 0 0.516 0.291 0.294 0 1.3 0.629 0.642

15 0.75 1 19 10.9 11 0 0.893 0.328 0.352 0 0.524 0.289 0.29 0 1.18 0.617 0.634

16 0.6 1 19 9.53 10 0 0.893 0.31 0.333 0 0.516 0.278 0.287 0 1.18 0.588 0.633

17 0.45 1 17 8.23 8 0 0.706 0.287 0.314 0 0.516 0.268 0.294 0 1.12 0.555 0.627

18 0.3 1 16 7.39 7 0 0.694 0.263 0.305 0 0.516 0.253 0.286 0 1.12 0.516 0.596

19 0.15 1 14 6.45 6 0 0.694 0.236 0.246 0 0.516 0.233 0.258 0 1.12 0.469 0.502

20 0 1 14 6.03 6 0 0.492 0.222 0.22 0 0.516 0.223 0.238 0 1.01 0.445 0.468

Table A.4: Comparison of sampling reward for the first pair of molecules
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Seed molecule 1 Seed molecule 2

No
Sampling
reward

Length min Tanimoto mol1 min Tanimoto mol2 min Tanimoto sum min Molecule 1 Molecule 2 Molecule 3 Molecule 4 Molecule 5min max mean median min max mean median min max mean median min max mean median

1 2.5 13 23 17.3 17 0.258 0.438 0.346 0.348 0.18 1 0.355 0.268 0.438 1.32 0.701 0.657

2 2.1 13 26 15.7 15 0.229 0.5 0.352 0.327 0.176 1 0.343 0.317 0.476 1.32 0.695 0.67

3 1.7 10 22 15.4 15 0.228 0.5 0.352 0.329 0.176 1 0.346 0.318 0.476 1.32 0.698 0.645

4 1.35 1 26 14.8 15 0 0.498 0.348 0.374 0 1 0.321 0.288 0 1.32 0.669 0.646

5 1.3 1 22 14.3 15 0 0.5 0.344 0.334 0 1 0.332 0.31 0 1.32 0.676 0.677

6 1.2 1 20 14.4 15 0 0.498 0.341 0.373 0 1 0.321 0.305 0 1.32 0.662 0.652

7 1.05 1 20 12.9 15 0 0.5 0.313 0.337 0 1 0.302 0.301 0 1.32 0.615 0.641

8 0.9 1 20 12 14 0 0.5 0.305 0.329 0 1 0.295 0.293 0 1.32 0.599 0.634

9 0.75 1 20 10.7 13 0 0.5 0.284 0.322 0 1 0.276 0.288 0 1.32 0.559 0.613

10 0.6 1 20 9.92 10 0 0.5 0.278 0.322 0 1 0.273 0.291 0 1.32 0.551 0.625

11 0.45 1 18 9.1 8 0 0.498 0.271 0.323 0 0.702 0.261 0.291 0 1.08 0.533 0.625

12 0.3 1 18 8.4 8 0 0.498 0.257 0.312 0 0.702 0.249 0.281 0 1.08 0.506 0.598

13 0.15 1 19 7.26 7 0 0.516 0.236 0.259 0 0.524 0.227 0.249 0 1.04 0.463 0.541

14 0 1 17 6.71 7 0 0.547 0.226 0.203 0 0.556 0.22 0.206 0 1.1 0.446 0.409

Table A.5: Comparison of sampling reward for the second pair of molecules
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Seed molecule 1 Seed molecule 2

No
Sampling
reward

Length min Tanimoto mol1 min Tanimoto mol2 min Tanimoto sum min Molecule 1 Molecule 2 Molecule 3 Molecule 4 Molecule 5min max mean median min max mean median min max mean median min max mean median

1 6.7 36 36 36 36 0.36 0.36 0.36 0.36 0.426 0.426 0.426 0.426 0.786 0.786 0.786 0.786

2 6.1 36 36 36 36 0.36 0.36 0.36 0.36 0.426 0.426 0.426 0.426 0.786 0.786 0.786 0.786

3 5.5 36 36 36 36 0.36 0.36 0.36 0.36 0.426 0.426 0.426 0.426 0.786 0.786 0.786 0.786

4 4.9 36 36 36 36 0.36 0.36 0.36 0.36 0.426 0.426 0.426 0.426 0.786 0.786 0.786 0.786

5 4.3 36 36 36 36 0.36 0.36 0.36 0.36 0.426 0.426 0.426 0.426 0.786 0.786 0.786 0.786

6 3.7 36 36 36 36 0.36 0.36 0.36 0.36 0.426 0.426 0.426 0.426 0.786 0.786 0.786 0.786

7 3.1 36 36 36 36 0.36 0.36 0.36 0.36 0.426 0.426 0.426 0.426 0.786 0.786 0.786 0.786

8 2.5 36 36 36 36 0.36 0.372 0.365 0.362 0.426 0.5 0.453 0.435 0.786 0.862 0.818 0.807

9 1.9 30 44 35.6 36 0.349 0.42 0.373 0.367 0.409 0.501 0.447 0.433 0.784 0.862 0.82 0.82

10 1.35 1 32 9.55 9 0 0.531 0.322 0.362 0 0.531 0.322 0.363 0 1.06 0.644 0.724

11 1.3 1 20 9.13 9 0 0.406 0.234 0.234 0 0.406 0.233 0.234 0 0.812 0.467 0.469

12 1.2 1 32 9.07 7.5 0 0.547 0.297 0.348 0 0.547 0.297 0.352 0 1.09 0.594 0.704

13 1.05 1 32 7.76 7 0 0.547 0.264 0.258 0 0.547 0.264 0.258 0 1.09 0.528 0.516

14 0.9 1 13 6.33 6 0 0.547 0.244 0.219 0 0.547 0.244 0.219 0 1.09 0.487 0.438

15 0.75 1 13 6.34 6 0 0.547 0.239 0.203 0 0.547 0.239 0.203 0 1.09 0.477 0.406

16 0.6 1 13 6.25 6 0 0.547 0.228 0.203 0 0.547 0.228 0.203 0 1.09 0.456 0.406

17 0.45 1 13 5.98 6 0 0.547 0.216 0.188 0 0.547 0.216 0.188 0 1.09 0.432 0.375

18 0.3 1 13 5.73 6 0 0.547 0.204 0.156 0 0.547 0.204 0.156 0 1.09 0.408 0.312

19 0.15 1 13 5.6 6 0 0.547 0.196 0.156 0 0.547 0.196 0.156 0 1.09 0.393 0.312

20 0 1 12 5.48 6 0 0.547 0.188 0.156 0 0.547 0.188 0.156 0 1.09 0.377 0.312

Table A.6: Comparison of sampling reward for the third pair of molecules
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Appendix B

Figures

Figure B-1: The scatter plot of the grid search with the following parameters: temper-
ature, standard deviation of the Gaussian noise, fraction of valid molecules, IntDiv1,
and IntDiv2
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