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Abstract

Drug discovery is a notoriously difficult and slow process, with high re-

search and development costs and a decreasing success rate. Computer-

Aided Drug Design methods show promise in improving the efficiency of

early stage drug discovery, increasing the number of compounds that can

be evaluated per design cycle and allowing for pre-filtering of molecules

with fast computational methods before they are synthesised. However,

many of the compounds designed in silico are not synthesisable in prac-

tice or the synthesis routes towards them are not obvious. This leads

to computational resources being wasted on designing molecules that can

never be tested experimentally. This thesis explores new methods for

two approaches assessing and improving synthesisability in drug discov-

ery: retrosynthesis prediction and synthesisability-constrained molecule

generation.

First, the problem of retrosynthesis prediction for molecules containing

heterocyclic scaffolds is considered. Four domain adaptation approaches

are benchmarked to develop a single-step retrosynthesis prediction model

with improved performance for ring disconnections. Accuracy for hetero-

cycle formations and all reaction classes, as well as computational cost,

are considered. A further fine-tuning workflow for continual retraining

of the model with newly published data is introduced. The application

of the most versatile model, trained with a mixed fine-tuning strategy, is

then demonstrated in multi-step retrosynthesis in a retrospective analysis

for two drug-like compounds.

Next, the development of retro-active, a method for synthesisable molecule

generation and optimisation, is described. Retro-active generates molecules

based on a known synthesis route and a provided starting material pool.

The use of active learning for starting material selection allows for the

optimisation of the resulting product molecules for user-defined scoring



functions. A benchmark of starting material acquisition and product enu-

meration methods is included, as well as a comparison to alternative non-

machine learning-based starting material selection approaches. The ap-

plicability of retro-active for both ligand-based and structure-based drug

discovery is demonstrated.

The use case of retro-active is then extended to multi-parameter optimi-

sation, to simulate a real-life drug discovery scenario. The compounds are

optimised for their structural, physicochemical, and ADMET properties,

with a scoring function that combines physics-based and machine learning-

based scores. The robustness of the method is demonstrated with both

convergent and linear synthesis route topologies and ligands for different

target proteins.

The thesis concludes with final remarks regarding retrosynthesis predic-

tion and synthesisable molecule generation with retro-active, including

future research directions and challenges in the field.
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Chapter 1

Introduction

Pharmacological drug discovery is famously a time-consuming and expensive process,

with the median research and development investment to bring a new drug to market

recently estimated at $985.3 million.[1] Moreover, the productivity of drug discovery

seems to be decreasing with time and the failure rate of drug discovery projects is

rising.[2, 3] In recent years, the use of computational methods in early drug discovery

has become increasingly popular, with the goal of conserving resources and speeding

up the design process.[4] This widespread use of computational methods has been

enabled by the greater availability of cloud and graphics processing unit (GPU) com-

puting resources,[5] the developments in machine learning and deep learning method-

ologies,[6, 7] as well as the growth of virtual chemical spaces, such as make-on-demand

libraries,[8] and the growth in the number of 3D protein structures available due to re-

cent advances in crystallography,[9] cryo-electron microscopy[10, 11] and predictions

of machine learning models .[12–14]

However, despite those developments and the increasing utility of Computer-Aided

Drug Design (CADD), many of the molecules designed in silico are not possible

to synthesise in the laboratory, leading to computational resources and time being

wasted.[15] Fuelled by the belief that a greater focus needs to be placed on the syn-
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thesisability of the computationally designed molecules to take full advantage of the

computational methods for drug discovery, the aim of this thesis is to develop and

benchmark computational methods to test and guarantee molecule synthesisability.

This chapter provides an introduction to synthesisability prediction and synthesis

planning in the context of drug discovery. We begin with an overview of the early

drug discovery process and the computational methods involved in it. A discussion of

synthetic accessibility scores follows, together with an introduction to various reaction

prediction related tasks. Finally, the background to Computer-Aided Synthesis Plan-

ning (CASP) tools is presented, with an overview of approaches used in single-step

and multi-step retrosynthesis. We conclude with an outline of this thesis.

1.1 Drug Discovery

Drug discovery is the multidisciplinary process through which new medicines are

discovered. It can be split into the pre-clinical phase, consisting of (1) target identi-

fication and validation, (2) hit generation, (3) hit to lead, (4) lead optimisation and

(5) pre-clinical research stages, and the clinical trials phase, consisting of (6) phase

1, 2 and 3 clinical trials as well as (7) regulatory approval (Figure 1.1).[16] While

in recent years therapies based on more complex molecules, such as antibodies,[17]

peptides,[18] and PROTACs[19] have started to emerge, this thesis will discuss only

the aspects relevant to classical small molecule drug discovery.

The drug discovery process begins with target identification, the aim of which

is to find the biological component for the drug to target - this is most often a

protein: enzyme, receptor, ion channel or a transcription factor, but it could also be an

oligonucleotide such as DNA.[20, 21] The biological target should be one of the main

drivers of the disease of interest and its mode of action and in vivo knockout effects

are usually further studied during the target validation stage before committing to
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Figure 1.1: Stages in the drug discovery pipeline (left to right). Computational chem-
istry and cheminformatics methods are most commonly applied in the hit generation,
hit to lead and lead optimisation stages.

the drug discovery campaign. Other considerations might also be taken into account

at this point, such as availability of structural data or whether there is competition

working on similar targets.

Once the biological target is established, the process of finding small molecule

binders begins with the hit generation stage. The simplest approach is to search

literature, patents, and public databases for known binders to the protein of interest

or a similar target, and use them as a starting point. However, in many cases no

such data is available. Under those circumstances it is most common to use high

throughput screening (HTS) to identify potential hits. In HTS, thousands of com-

pounds can be simultaneously tested for binding affinity towards the target using

biological assays.[22] While very fast, this approach has a relatively high chance of

producing false positive results and the hit finding rate is quite low. Computational

methods can also be applied to perform HTS in what is referred to as virtual screen-

ing (VS), for example by performing protein-ligand docking.[23, 24] While faster than

traditional HTS, VS requires further experimental validation and the rate of finding

true hit molecules is even lower. An alternative approach to performing HTS using

compound libraries is fragment-based drug discovery.[25] It involves screening a set of

much smaller molecules, usually with molecular weight <300 Da, against the target
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of interest. While the founds hits are typically less potent than in traditional HTS,

the hit rate is significantly higher and the fragments can be grown, linked or merged

to improve affinity.[26, 27]

Once a set of hit compounds with reasonable activity towards the target has

been found, they are progressed to the hit to lead (or lead generation) stage.[16] The

main goal now is to modify and expand the hit molecules to improve their binding

affinity and selectivity towards the target, while also keeping in mind the pharma-

cokinetic properties. Structural modifications are applied to the hit molecules, most

commonly focusing on one area of the molecule at a time, to assess the structure-

activity relationship (SAR). A great focus is also placed on maintaining the so-called

”drug-likeness” of the molecules, often defined by obeying the Lipinski rule of 5,

describing the appropriate size, lipophilicity, and number of hydrogen bond donors

(HBDs) and hydrogen bond acceptors (HBAs) for the molecule.[28] As the drug dis-

covery campaign progresses and the compound potency improves, the most promising

molecules are advanced to the lead optimisation stage. Here, further improvements

to the molecule are made, often focusing on optimising multiple properties at the

same time. On top of activity and selectivity, the ADMET (absorption, distribution,

metabolism, excretion, and toxicity) properties of the lead candidate are considered,

such as solubility, cell permeability or hERG and CYP450 inhibition.

Traditionally during hit to lead and lead optimisation stages medicinal chemists

would rely on their expertise, intuition, and judgement to design compounds and

decide which structural modifications would be most promising. This would usually

be done in design-make-test-analyse (DMTA) cycles, where the chemists would iter-

atively design new compounds with the goal of optimising the property of interest,

synthesise them, test them in relevant biological assays, and analyse the results to

inform their subsequent design decisions (Figure 1.2).[29] With the developments in

computational chemistry methods, the efficiency and speed of this process can be
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Figure 1.2: Design-make-test-analyse (DMTA) cycle. In the lead generation and
optimisation stages of drug discovery, medicinal chemists go through iterative cycles
of hypothesis-driven design of new compounds, their synthesis, and testing to inform
the next design decisions.

improved by considering more molecules at the design stage and using in silico meth-

ods to pre-filter them, as well as standardising and rationalising the design decisions.

While computational methods are now commonly employed at the “design” stage of

the DMTA cycle (as discussed later in Section 1.2), their use to streamline the “make”

stage is less prevalent.

Once a promising lead candidate is identified it is progressed first to the pre-clinical

research stage, where further in vivo studies are performed to ensure its safety, and

then to clinical trials.[30] In phase 1 clinical trials only the human safety of the drug

and the potential dosage are studied on a small population of <50 subjects. The

therapeutic effect is only started to be considered during phase 2 trials, where a small

population of patients is assessed for the biological effect of the drug. Phase 3 trials
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involve a larger population of patients and study the effectiveness of the treatment.

Once the drug is confirmed to be safe and working, it can progress through regulatory

approval and be brought to market.

1.2 Computer-Aided Drug Design

Computational chemistry, cheminformatics, and machine learning methods can be

employed between the hit generation and lead optimisation stages of drug discovery

to address the issues of high cost, low efficiency, and long timelines in drug discovery,

in what is referred to as Computer-Aided Drug Design (CADD).[4, 31–34] The first

uses of CADD date back to the 1970s when quantitative structure-activity relationship

(QSAR) studies were first introduced.[35] Since then CADD has undergone several

hype and disillusionment phases[35] but nowadays its utility in drug discovery is

firmly established with most pharmaceutical companies employing it in their drug

discovery campaigns. CADD can be generally split into structure-based drug design

(SBDD), which utilises structural information about the target to design molecules,

and ligand-based drug design (LBDD), which only requires information about known

binders (ligands) towards the target. A brief overview of the most commonly used

techniques in CADD is provided below.

1.2.1 Virtual screening

Virtual screening is usually performed at the hit generation stage of drug discovery

and involves screening a large library of in silico defined molecules with a selected

computational method or model.[36–38] It can be applied both in structure-based

and ligand-based drug discovery, depending on the scoring function used.

When used for structure-based drug discovery, virtual screening usually involves

docking the molecule library into the active (or allosteric) binding site on the target
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protein.[23, 24, 39, 40] Traditional docking involves a conformational search of the

ligands within the defined binding site, followed by the scoring and ranking of se-

lected poses, usually by estimating their binding energy.[41–43] The scoring functions

used can be either physics-based,[44–46] knowledge-based,[47, 48] empirical,[41, 49]

or machine learning-based.[50, 51] While the binding mode prediction of most mod-

ern docking programs is very accurate, with a difference of <2Å between the true

and predicted poses considered to be good,[52] the predicted binding affinity values

are not as reliable. Recently, many docking methods dependent on deep learning

models have started to emerge, with the hope of reducing the computational cost of

docking.[53–56] In those methods, a machine learning model is trained on protein-

ligand complex structures and then used to predict the binding mode, replacing the

costly conformational search process. While the ligand pose prediction of these deep

docking methods is faster than traditional docking, more work needs to be done to

ensure the physical and chemical validity of the predicted structures before they can

be reliably employed in virtual screening, as revealed by recent benchmarks such as

PoseBusters.[57] Alternative approaches to improve docking efficiency and increase

the size of chemical space screened include combining traditional docking with active

learning to prioritise molecules for screening[58] or docking fragments or synthons

from a combinatorial library into the active site and enumerating the top scoring

ones.[59, 60]

In the case of ligand-based virtual screening, the compound library is compared to

a known ligand or set of ligands for the target protein.[61] While having the advantage

of not requiring the target protein structure to be known and a lower computational

cost, ligand-based virtual screening tends to be used less frequently as similarities be-

tween ligands are more difficult to translate to binding affinity or activity towards the

target. The simplest and quickest scoring functions in ligand-based virtual screening

are based on 2D molecule similarity, for example by using fingerprint similarity or
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employing specific substructure searches.[62] When a larger set of ligands is known,

QSAR models can also be trained and used to perform the screen. 3D-based meth-

ods tend to be more informative but also more computationally expensive. Those

can be purely shape-based, where conformers are generated for the compounds in

the screening library, superimposed onto the known actives and the shape overlay

is calculated.[62, 63] On the other hand, in pharmacophore-based screens, the 3D

overlay/similarity of other electronic and chemical features of the molecule is consid-

ered in addition to the steric features, such as location of positive/negative charges,

hydrophobic/hydrophilic areas, hydrogen bond donors and acceptors, or aromatic

rings.[63]

The size of compound libraries used to perform virtual screens is increasing,

together with improved computational methods and greater access to computing

power.[4, 64, 65] Smaller, traditional virtual screens might involve testing the com-

pounds available in-house, molecules present in literature-based databases or in-stock

compounds from vendor catalogues, with around 106 − 107 molecules being routinely

screened per run. However, recent years have seen the rise in popularity of virtual

on-demand databases (or combinatorial libraries), such as Enamine REAL.[66] These

libraries consist of a set of building blocks and a set of common and reliable 2- or

3-component reactions that can be applied to them, with the full compound library

obtained by enumerating the building blocks with compatible reactions. At around

1010 − 1015 compounds, it might be too computationally expensive to screen the

whole on-demand database with expensive 3D-based scoring functions, so cheaper

pre-filtering steps can often be employed to reduce the size of the chemical space.

While the reported synthesis success rate for compounds in those virtual combinato-

rial libraries is quite high, at over 80%, developing better and quicker synthesisability

prediction methods could aid in such pre-filtering steps to ensure all the screened

compounds can be made.
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1.2.2 De novo design

De novo design is a computational technique in drug discovery that aims to generate

novel compounds with the desired pharmacological or physicochemical properties.[67–

69] In contrast to virtual screening, which explores only a small fraction of the theo-

retical chemical space but scores it completely (with maximum 108 − 109 molecules

screened[23] out of the estimated 1023 − 1060 possible[70]), de novo design attempts

to explore the full chemical space but only score it sparsely by optimising the gen-

erated molecules towards the desired properties. Although when used nowadays de

novo design usually refers to deep learning based methods, the term dates back to

the 1990s and the use of rule-based transformation algorithms.

Some of the earliest rule-based algorithms relied on atom-by-atom generation of

molecules within a known binding pocket.[71, 72] While allowing for high structural

variety and finer control over the molecular properties, the size of chemical space that

could be accessed by those methods was impossible to fully explore. Moreover, the

synthesisability of the generated molecules was low, with no consideration being given

to what reactions would form the bonds between the added atoms. Fragment-based

algorithms (such as fragment growing[73–75] or linking[73, 74, 76]) and reaction-

based generation[77] addressed the issues of atom-based generation by limiting the

combinatorial space and introducing explicit synthesisability consideration, leading

to their greater popularity.

Another class of early de novo design algorithms, including genetic algorithms

and matched molecular pair analysis (MMPA), relied on rule-based transformations

applied to a known binder to create novel molecules instead of generating them com-

pletely from scratch. Genetic algorithms involve an iterative cycle of mutations or

crossovers being applied to the molecule population, scoring of the newly generated

compounds, and selection of the most optimal ones.[78] While they have been suc-

cessfully applied in drug discovery,[79] the need to manually define the genetic oper-

9



ations can be a limitation and significantly affect the outcome of the process. On the

other hand, matched molecular pair analysis involves mining a database of previously

published compounds for molecules differing by a single transformation.[80–82] The

observed trends in changes to molecule properties arising from this transformation

can then be used to inform subsequent design decisions. While MMPA has the ad-

vantage of using already published data (including data for different targets) and not

needing to run any time-consuming assays or calculations, the effect of the molecular

transformation can differ between projects, lowering MMPA’s reliability.[83]

The last 5 years have seen a huge growth in the use of deep learning for de

novo design (deep generative modelling), starting with the SMILES-based molecular

autoencoder developed by Gómez-Bombarelli et al.[84] Since then, both text-based

(SMILES[85] and SELFIES[86]) and graph-based (2D topological graphs and 3D geo-

metric graphs) molecular representations have been used for de novo molecule gener-

ation with a variety of deep learning algorithms: variational autoencoders,[84, 87, 88]

recurrent neural networks,[89, 90] generative adversarial networks,[91, 92] normalizing

flows,[93], autoregressive models,[94, 95] and diffusion models.[96, 97]

Deep generative modelling has traditionally been split into two task: distribu-

tional learning and goal-based design, with the latter further split into conditional

generation and molecule optimisation.[68, 98] In distributional learning, the under-

lying chemical distribution of a set of molecules (usually known binders) is learned

and new molecules are sampled from this distribution. The practical applications of

distributional learning are limited to the creation of virtual screening libraries or the

generation of molecules structurally similar to known actives that can then be used

as a starting point for optimisation with other methods. On the other hand, goal-

based generation, which aims to generate molecules with a set of desired properties,

is much more common in drug discovery. The models can be conditioned towards

specific pharmacological or physicochemical properties (such as binding affinity or
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ADMET), to change or retain molecular substructures, or to optimise the molecule

for interactions with a known target structure. Goal-based generation is routinely

applied in lead optimisation, scaffold hopping and linker design.[99]

Together with the growth in the number of available deep generative modelling

methods, benchmarks have started to emerge that compare their performance, begin-

ning with the GuacaMol benchmark.[98] While the ability of the methods to optimise

the generated molecules towards desired properties and the chemical validity of the

generated compounds are usually assessed, synthesisability is not considered as fre-

quently. Meanwhile, these methods can have the tendency to exploit the reward

function and produce complex and improbable molecules, with a high proportion of

synthetically inaccessible molecules being generated as highlighted by Gao et al.[15]

While the use of synthesisability scores or synthesis planning tools (described later

in Sections 1.3 and 1.5) has been widely adopted in de novo generation workflows

(either at post-processing or included in the reward function) following the work of

Gao et al., the synthesisability of de novo generated molecules is still viewed as an

ongoing challenge.[68]

1.2.3 Molecular property prediction

Another very common use of machine learning in drug discovery is the application of

molecular property models for prediction of activity and physicochemical and phar-

macokinetic properties in what is often referred to as quantitative structure-activity

relationship (QSAR) or quantitative structure-property relationship (QSPR) mod-

elling.[100–102] Those models can be utilised either in virtual screening workflows,

as part of the reward function in de novo generation or to score human-designed

molecules in lead optimisation.

The earliest applications of QSAR started with linear models that correlated a

single molecular property or descriptor to the compound activity towards the target
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protein.[103] Later, the use of machine learning models has been adopted in order

to model the relationship between multiple molecular features and the compound

activity. Random Forests (RFs) have been widely used for this tasks, due to their

reliable prediction performance across various datasets and the easy interpretability

of the feature contributions to the final prediction.[104–106] In recent years the use

of deep learning algorithms has also become prevalent - however, while they might

improve the predictive performance marginally, they suffer from interpretability is-

sues.[107–109] While QSAR models are now widely adopted and successfully used in

many drug discovery campaigns, one of their limitations is that they still struggle

with prediction of “activity cliffs” - molecules which are structurally very similar but

differ greatly in their binding affinity.[110, 111]

Apart from predicting binding affinity or activity, machine learning models have

also been applied to prediction of many physicochemical and ADMET properties,

which are often given more consideration in later stages of drug discovery such as

lead optimisation. For physicochemical properties, many models have been devel-

oped to predict lipophilicity of the compounds, defined by either the octanol–water

partition coefficient (log P) or pH-dependent distribution coefficient (log D), and

tend to perform well for molecules within the training data distribution.[112–114]

On the other hand, solubility prediction is considered to be more difficult and while

models have been developed, their performance is significantly worse.[115–118] The

last commonly predicted physicochemical property is cell permeability, with models

developed for Madin-Darby canine kidney (MDCK) cells,[119] the parallel artificial

membrane permeability assay (PAMPA)[120] and the human colon adenocarcinoma

(Caco-2) cell line.[121] Out of the ADMET properties, absorption is one of the most

reliably predicted, with many human intestinal absorption models.[122, 123] For dis-

tribution, models of both plasma protein binding,[124, 125] and blood-brain barrier

permeation[126] have been published, with the latter being a more difficult task.
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Metabolism prediction can be split into predicting the sites[127, 128] and the iso-

forms responsible[129] for the metabolism. While the developed models are relatively

successful, the main focus remains on CYP450-mediated metabolism. Excretion is

one of the more difficult and rarer ADMET properties to model due to the complex

mechanisms behind it, however models to predict the volume of distribution[130]

and human plasma clearance[131] have been developed. On the other hand, toxicity

prediction has been extensively studied and benchmarked, for example in the Tox21

challenge.[132]

While the growth in the number of QSAR/QSPR models published in recent years

might seem optimistic for their use in accelerating drug discovery, several concerns

regarding their real-life application and the rigour of statistical testing remain.[133]

The practical applicability of the deep learning models is often limited, when the

incremental improvement in performance comes at a cost of a much longer com-

puting time.[101] Moreover, the relevance of the datasets used to benchmark those

methods, such as MoleculeNet,[134] to real-world drug discovery is questionable.[135,

136] Finally, random splitting of the datasets can lead to overestimation of the mod-

els’ performance, sometimes even to above what is realistic given the experimental

errors.[137]

1.3 Synthetic accessibility prediction

Determining synthetic accessibility of computationally-designed molecules is an im-

portant task in drug discovery, to be better able to select or optimise molecules

proposed for experimental testing. While many tools have been created with the aim

of predicting synthetic pathways towards molecules (as discussed later in Section 1.5),

their prediction time is very slow due to the complex nature of the problem. Synthetic

accessibility (or synthetic complexity) scores are a useful surrogate for synthesis plan-
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ning tools, with a much shorter prediction time, albeit at the cost of reduced accuracy

and not providing the synthesis route.

The earliest efforts in predicting synthetic complexity relied on expert-selected

molecular descriptors.[138–140] In 2009 Ertl et al. introduced the synthetic acces-

sibility score (SAscore), which combined a ”fragment score” (based on substructure

frequency in molecules from PubChem[141]) and a ”complexity penalty” (that ac-

counts for rings, macrocycles, stereochemistry and size of the molecules).[142] While

still widely used to this date and implemented in RDKit,[143] SAscore tends to un-

derestimate the accessibility of large and complex molecules containing known sub-

structures.

Early work also attempted to explicitly capture the synthetic chemists’ opin-

ions and intuition and convert it into a synthetic accessibility score or use it to

select weights for the components of synthetic complexity scores.[144, 145] How-

ever, with the task of manually assessing molecule synthesisability being relatively

time-consuming, the collected dataset sizes were quite modest, with between 100-

4000 molecules being scored by only 5 chemists. Together with a low agreement

between the chemists when ranking the molecules based on synthetic accessibility,

this highlighted the difficulties in taking a human-based approach.

With the continuing developments in machine learning and deep learning, more

ML-based synthetic accessibility scores started emerging in the last 15 years. Those

can be generally split into two categories: substructure-based approaches[146–148]

and reaction-based approaches.[149–155]

In substructure-based approaches, the similarity of structural features to those

present in previously synthesised molecules is captured in order to assess synthetic ac-

cessibility. SYBA (SYnthetic Bayesian Accessibility) was trained to classify molecules

into easy-to-synthesise and hard-to-synthesise, with the hard-to-synthesise molecules

in the training set being artificially generated.[147] GASA (Graph Attention-based
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assessment of Synthetic Accessibility) followed a similar approach, but used a graph

representation for the molecules and was much more successful at distinguishing the

effect of small structural differences on synthesisability.[146]

Conversely, in reaction-based approaches, the knowledge from known synthesis

pathways is used to train the models. SCScore (Synthetic Complexity score) was

trained on Reaxys[156] data with the assumption that a product of a reaction is

more synthetically complex than the reactants.[153] Neeser et al. follow the same ap-

proach to pre-train their Focused Synthesizability score (FSscore), but then fine-tune

it with human feedback for improved performance on chemical areas of interest.[155]

On the other hand, both Retrosynthetic Accessibility score (RAscore)[149] and Ret-

roGNN[151] depend on data generated by retrosynthesis prediction tools to assess

synthesisability. Extending this idea, Calvi et al. provide the option to include in-

formation about intermediates at inference to boost the performance of their Leap

score.[150] Focusing on medicinal chemistry-relevant reactions, Kim et al. trained

DFRscore (Drug-Focused Retrosynthetic score) to predict the number of reaction

steps based on a curated set of reaction templates.[154]

The recent study of Skoraczynski et al.[157] benchmarked four of the most pop-

ular synthetic accessibility scores: SAscore,[142] SYBA,[147] SCScore[153] and RAs-

core.[149] They found that SAscore and RAscore reflected the outcome of synthesis

planning tools quite well and could be reliably used as their surrogates. However,

with the only rule-based score among the benchmarked, SAscore, performing the

best, they highlighted the need to include the human chemists’ intuition in synthesis-

ability scoring and showed that there is still room for improvement for the ML-based

scores.
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Figure 1.3: Overview of common reaction prediction related tasks in machine learning.
(a.) In forward reaction prediction, the product of a reaction is predicted based on
the input reactants. (b.) In retrosynthesis prediction, either just the reactants are
predicted based on the input product (single-step retrosynthesis) or the full synthetic
route (multi-step retrosynthesis). (c.) Reaction optimisation aims to select the best
conditions (solvent, catalyst, temperature) to achievie the highest product yield. (d.)
In atom mapping, the correspondence between atoms in the product and reactants is
established. Models for various reaction (e.) regression and (f.) classification tasks
have been developed to assess reaction performance and aid in prediction analysis.
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1.4 Reaction prediction tasks

Although not as popular as molecular property prediction in drug discovery, machine

learning has also been applied to various reaction-related prediction tasks, such as re-

action product prediction, retrosynthesis prediction, reaction condition optimisation,

atom-mapping, or various regression and classification tasks (Figure 1.3).[158–160]

Even though not all of those tasks relate directly to predicting molecule synthesis-

ability, they can be used in drug discovery in DMTA cycles to select molecules made

through reactions with the most likelihood of success or the shortest/easiest synthesis

route.

Forward reaction prediction

The task of forward reaction prediction (Figure 1.3a) is defined as the prediction

of a reaction product given the reactants (and potentially also the reagents) as input.

In most cases this is a qualitative prediction of the major reaction product, with

yield and selectivity prediction defined as separate tasks. While forward reaction

prediction models cannot be directly used to assess molecule synthesisability, they

are often employed to check the predictions of retrosynthesis models.

The early work in forward reaction prediction treated it as a multi-class classifi-

cation problem, with the goal being to predict the reaction type or reaction template

most applicable to the reactants, which then implicitly defines the reaction prod-

uct.[161–163] Both Wei et al.[161] and Segler et al.[162] trained their models to pre-

dict the most likely template based on a concatenated or summed reactant fingerprint

representation. Coley et al. employed a two-step approach, where first a library of

general templates was applied to the reactants and then a machine learning model

was used to rank the predicted products.[163] While showing very good performance

on their test sets, the applicability of those models is limited to the chemistry encoded

in the extracted templates.

In recent years, the use of template-based models in forward reaction predic-
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tion has almost disappeared, as they are outperformed by template-free methods:

both translation-based and graph-edit based. In translation-based approaches, a

sequence-based representation of molecules is used (usually SMILES) and the prod-

uct prediction problem can be cast as a reaction to product translation, and therefore

approaches for neural machine translation can be adopted. The first models were

based on recurrent neural networks,[164, 165] but a major breakthrough came with

the application of the Transformer architecture by Schwaller et al. in their Molec-

ular Transformer.[166] Later developments in translation-based approaches utilised

the Transformer architecture, but employed pretraining,[167] updated the SMILES

representation,[168] or made use of graph-aware encoders[169, 170] with the aim of

improving performance.

Coley et al. developed a graph-edit based approach involving a two-stage pipeline,

where two separate graph convolutional networks are used first to identify reactive

sites by predicting scores for each bond change and then to re-rank the products of

the most likely bond changes.[171] An alternative approach was used by Sacha et

al., who represented the reaction as a sequence of graph edits (bond or atom dele-

tion/addition/edit) that can be applied to the reactants.[172] In a pseudo-mechanistic

approach, Bradshaw et al. instead choose to model the sequence of electron flow in

ELECTRO.[173]

While the performance of template-free models surpasses 90% top-1 accuracy on

general benchmarks, recent work has focused on improving their performance on

specialised reaction classes. Pesciulessi et al. used transfer learning to improve the

Molecular Transformer for carbohydrate reactions.[174] Zhang et al.[175] and Wang

et al.[176] followed a similar approach for Baeyer-Villiger and Heck reactions respec-

tively. Kreutter et al.[177] and Probst et al.[178] extended the Molecular Transformer

for use with biocatalysed reactions, representing the enzymes either by their names

or Enzyme Commission numbers.
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Retrosynthesis prediction

Retrosynthesis prediction (Figure 1.3b) can refer to either the prediction of the

reactants given a product of the reaction (single-step retrosynthesis) or the prediction

of a full synthesis route towards a molecule (multi-step synthesis planning).[179–181]

Single-step retrosynthesis might initially look like the inverse to forward synthesis

prediction, and indeed similar machine learning approaches have been applied to

both problems. However, while forward synthesis prediction can be thought of as

a one-to-one function, with only a single reaction product assumed to be possible,

retrosynthesis prediction is a one-to-many problem, with often many chemically valid

ways of synthesising the same molecule. This makes the retrosynthesis prediction

task more ambiguous and the evaluation and comparison of the developed methods

more difficult.

As the retrosynthesis prediction task is directly involved in molecule synthesis-

ability prediction and is one of the main subjects of this thesis, it will be discussed

separately in more detail in Section 1.5.

Reaction condition prediction

Connected to retrosynthesis prediction is the task of reaction condition (or reagent)

prediction (Figure 1.3c). As most retrosynthesis prediction models are not trained

with reagent data included, a separate model is often used to recommend the most

optimal conditions, i.e., those expected to result in the highest reaction yield. These

models can be global[182, 183] (trained on a variety of reaction classes) or local[184,

185] (specific to one reaction type). While the global models of Maser et al.[182]

and Gao et al.[183] have shown an improved performance over the popularity base-

line (most common reagent selected), the issues of noise and bias in literature data

impacting model performance have recently been highlighted by Beker et al.[186]

Although the models mentioned above have been trained to predict the chemical

identity of reagents, they are not capable of providing other, more physical, reaction
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conditions, such as concentrations, order of addition or purification methods. To solve

this problem Vaucher et al. developed a model to predict experimental procedures,

however the identity of all chemicals (including reagents) was required as input.[187]

Recent years have also seen an increase in popularity for reaction optimisation

methods, which aim to improve the reaction outcome through iterative cycles of

prediction and experiments. Among those, the use of Bayesian Optimisation is the

most prominent,[188, 189] with methods based on active learning with surrogate ML

models or deep reinforcement learning also developed.[190, 191]

Atom mapping

The task of atom mapping (Figure 1.3d) involves the creation of a mapping be-

tween the atoms present in the reactants and the product of a reaction. Atom map-

ping is usually performed to assist in other reaction prediction tasks, for example to

separate reactants from reagents or extract reaction templates for forward reaction

prediction, retrosynthesis, or reaction classification.

Traditional approaches for atom mapping were either optimisation-based, which

focused on minimising the number of broken and formed bonds in a reaction, or

involved maximum common substructure (MCS) algorithms.[192] However, the effi-

ciency and accuracy of those methods were low and atom mapping was viewed as a

difficult problem. An alternative approach was based on matching expert-encoded

rules (templates) to the reaction, with NameRxn being the most prominent exam-

ple.[193] In recent years, deep learning approaches have started to emerge and have

shown promising results. Schwaller et al. developed RXNMapper, which mapped the

reaction based on attention weights of a Transformer model.[194] A similar unsuper-

vised learning strategy was applied in the GraphomerMapper, but using a graph-based

Transformer and training on a larger reaction dataset.[195] Even more recently, Chen

et al. developed LocalMapper, which was trained on human-labelled atom mapping

data, with an active learning loop used to improve labelling efficiency.[196]
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Regression tasks

While there are many reaction-related regression tasks, such as reaction rate con-

stant and selectivity prediction, yield prediction (Figure 1.3e) is one of the most

directly relevant to synthesisability and reaction performance assessment. Most yield

prediction models to date have been trained on high-throughput experimentation

(HTE) datasets, such as the Buchwald-Hartwig amination,[197–200] Suzuki-Miyaura

cross-coupling,[197, 198, 201] Negishi reaction,[198] or alcohol deoxyfluorination[202]

datasets. Both simple machine learning models, such as Random Forests and Sup-

port Vector Machines,[198, 200, 202] as well as deep learning models, such as the

YieldBERT of Schwaller et al.,[197] have been used for this tasks, generally showing

good performance on HTE data. Less success has been seen for more diverse datasets,

such as patent data from the USPTO dataset or literature data from Reaxys.[197,

203] The reasons for this are most likely two-fold: the noisiness of the experimental

data, with reactions yields being commonly acknowledged as difficult to reproduce

by organic chemists; and the increased diversity of the data and confusing underlying

trends, such as the change in yield distribution based on reaction scale uncovered by

Schwaller et al.[197]

Out of the other regression tasks, reaction rate constant prediction is also often

undertaken, although most work focuses on models for a specific reaction mecha-

nism, such as SN1 or SN2 reactions.[204–206] Most models for reaction selectivity

focus on predicting the reaction site (in a classification task),[207–209] but regression-

based models that quantify stereoselectivity or enantioselectivity have also been in-

troduced.[210, 211]

Reaction classification

Historically, the most prominent software for reaction classification (Figure 1.3f)

is NameRxn, which depends on expert-encoded rules and uses a 3-tier reaction type

classification system.[193] In recent years, machine learning models have started to
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emerge for reaction classification based on different reaction fingerprint representa-

tions, but most often trained to predict the reaction labels assigned by NameRxn.

Schneider et al. developed a reaction fingerprint based on the difference in atom-pair

fingerprints of products and reactants, with the reagent data added as their physico-

chemical properties.[212] This fingerprint was then used to train a classification model

for 50 reaction classes from NameRxn (out of now over 1800). Probst et al. also used

a differential reaction fingerprint for reaction classification, but made no distinction

between reactants and reagents.[213] Schwaller et al. developed a Transformer-based

reaction classification model, and the output of its encoder can also be used as a

reaction fingerprint (rxnfp).[214]

The use of reaction classification in reaction prediction workflows is limited. Early

work in forward reaction prediction or retrosynthesis used reaction type as model in-

put to aid the prediction. On the other hand, reaction classification is more commonly

used in retrospective analysis, for example to look at trends in reactions performed

in medicinal chemistry or to analyse predictions of other models.[215]

1.5 Computer-Aided Synthesis Planning

Retrosynthesis is the thought process of iteratively disconnecting a molecule into

smaller fragments, breaking bonds for which there are known reactions that can

form them, until all remaining fragments are commercially available.[216] Before the

introduction of Computer-Aided Synthesis Planning (CASP) tools and searchable

databases of reactions, synthetic chemists would need to go through this process

every time they wanted to make a new molecule. In computational chemistry, ret-

rosynthesis prediction (or CASP) is usually split into two separate tasks: single-step

retrosynthesis, where models are trained to predict the most likely set of precursors

for a molecule, and multi-step retrosynthesis, where those models are used with tree
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search algorithms to predict full synthesis routes (Figure 1.4a).

The earliest efforts in computational retrosynthesis prediction (Figure 1.4b) date

back to 1970s and Corey’s work on LHASA (Logic and Heuristics Applied to Syn-

thetic Analysis).[217] For a long time retrosynthesis prediction tools relied on the

iterative application of expert-defined reaction rules (templates), with Chematica

(now Synthia) being one of the most prominent examples.[218, 219] However, the

task of manually curating the templates is laborious and time-consuming, render-

ing this approach inefficient. A breakthrough in retrosynthesis prediction came with

Segler et al.’s work in 2018,[220] that signified a move from expert-based methods

to the broad application of deep learning. Their approach utilised a neural network

to select the most promising templates in single-step retrosynthesis and combined it

with Monte-Carlo Tree Search (MCTS) to streamline multi-step retrosynthesis. Coley

et al. and Genheden et al. adopted a similar approach, with the use of MCTS and

template-based models, to create their open-source tools (ASKCOS[221] and AiZyn-

thFinder[222]) which are widely used to this day. While the template-based approach

has been very successful, it has the downside of depending on the template extrac-

tion process, which can be either time-consuming (when manual) or prone to error

(when automated). To circumvent this, template-free approaches have been devel-

oped, with the first sequence-to-sequence model published by Liu et al.[223] Since

then a plethora of both sequence-based and graph-based approaches have been de-

veloped, with IBM RXN being the first open-access (but not open-source) software

employing a template-free approach.[224, 225]

A brief overview of methods used for single-step retrosynthesis and multi-step

retrosynthesis is provided below.
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Figure 1.4: Overview of retrosynthesis prediction. (a.) Retrosynthesis prediction
can be split into two tasks: single-step retrosynthesis, where one disconnection is
predicted at a time, and multi-step retrosynthesis, where a full route is predicted.
(b.) A timeline of the most important developments in retrosynthesis prediction.
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1.5.1 Single-step retrosynthesis

1.5.1.1 Models

The methods used for single-step retrosynthesis can be generally split into template-

based and template-free models, with the latter further split into sequence-based and

graph-based approaches.

Template-based approaches rely on reaction templates, which are substructure

patterns that describe the atom and bond changes between the product molecule and

reactants. Deep-learning template-based approaches have started to gain popularity

with the move from manual template curation to automatic extraction of templates

from reaction databases with the help of atom mapping. NeuralSym was trained

to predict the most likely template based on the extended connectivity fingerprints

of the reactants.[162] Fortunato et al. improved the performance of this approach

and expanded the chemistry scope using pretraining and data augmentation.[226]

Nowadays, the state-of-the-art template-based model is LocalRetro, which divides the

templates into atom-change, bond-change and multiple-change templates in order to

be better able to focus on the local environment of the reaction.[227]

Sequence-based methods treat the task of retrosynthesis prediction as a product-

to-reactant translation problem, which is enabled by the use of a text-based SMILES

representation. Liu et al. pioneered this approach with their model based on long

short-term memory (LSTM) cells,[223] however this architecture was soon replaced

by the Transformer, starting with the work of Karpov et al.[228] Later work aimed

to improve the performance by applying SMILES syntax correction,[229] perform-

ing data augmentation,[230] and using pre-training strategies.[167] Irwin et al. have

shown that while pre-training significantly improved the top-1 accuracy of the Trans-

former model, it also decreased the top-10 accuracy, indicating the reduced diversity

of the predictions.[167] Other approaches, such as that of Zhong et al.,[168] focused
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on improving the reaction representation as a means of model performance improve-

ment. They created root-aligned SMILES with a tightly aligned one-to-one mapping

between product and reactant SMILES that reduced the edit distance and therefore

relieved the model from learning the complex syntax. By combining this representa-

tion with the data augmentation strategy proposed by Tetko et al.[230] they achieved

state-of-the-art performance for sequence-based methods. On the other hand, Ucak

et al. treat the retrosynthesis problem as a translation between the atomic environ-

ments, instead of SMILES, in their RetroTRAE and achieve a further incremental

increase in top-1 accuracy.[231] Most recently, Han et al. have introduced an iterative

sequence editing model that works on SMILES and achieves top-1 accuracy of 60.8%,

outperforming all other models on the USPTO-50k benchmark.[232]

In contrast to sequence-based approaches, graph-based approaches use a graph

representation of the product and apply a sequence of graph edits to convert it into

plausible reactants. The most representative model is MEGAN, which uses a graph

encoder-decoder architecture to predict an edit action (deletion, addition, or modifi-

cation of atom/bond) given the product or intermediate structure.[172] Graph2Edits

employed the same principle of applying graph edits, but simplified the neural net-

work architecture and adjusted the edit actions to increase the top-1 accuracy to

55.1%.[233] Several semi-template based approaches have also been developed, which

follow a two-step approach of first breaking the product into synthons and then pre-

dicting the reactants based on those synthons.[234, 235]

1.5.1.2 Datasets

Most open-source single-step retrosynthesis methods are developed on the USPTO

(United States Patent and Trademark Office) dataset of reactions extracted by Lowe

et al.,[236] or its subsets developed for benchmarking: USPTO-50k,[237] USPTO-

MIT,[238] or USPTO-FULL.[239] While USPTO-50k is most commonly employed
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for retrosynthesis benchmarking, the small size and limited diversity of the reactions

can lead to overestimation of performance for real-life applications. USPTO-MIT is

much bigger at about 400k reactions, but less diverse than USPTO-50k and does

not include any stereochemistry. USPTO-FULL is both the biggest and most diverse

subset, at around 1M reactions.

While the wide use of the USPTO dataset can be attributed to it being the

only publicly available dataset, many commercial reaction datasets are much greater

in size. Their reaction sources can include either patent data, as is the case for

Pistachio (over 13M reactions),[240] or both literature and patent data, as in the

Chemical Abstracts Service[241] (CAS, over 150M reactions) and Reaxys[156] (over

70M reactions). The diversity of the literature-based data is also higher than that of

patent datasets, and they occupy distinct chemical spaces, as highlighted by Thakkar

et al.[242]

The noisiness of the reaction datasets remains a large issue in retrosynthesis pre-

diction. To this end, Toniato et al. proposed a dataset de-noising framework that

was based on the phenomenon of catastrophic forgetting in neural networks, with the

reactions that are ”forgotten” during training being assumed to be noise rather than

true data.[243] In an alternative approach, atom mapping can also be used to clean

datasets, with only the reactions that can be mapped retained as correct.[242]

1.5.1.3 Metrics

The most commonly used metric for assessing single-step retrosynthesis prediction

models is top-k accuracy, which corresponds to the proportion of test reactions for

which at least one correct reactant set (matching the ground truth) appears in the

top-k predictions. Variations on this metric have been employed to make it less

stringent, for example by only considering the main, largest reactant as in MaxFrag

accuaracy.[230] While easy to implement, top-k accuracy has been criticised in recent
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years for not reflecting real-life applications of retrosynthesis when only classifying

ground truth matches as correct predictions - while if a prediction matches the ground

truth it is expected to be correct, there can also be other possible correct disconnec-

tions not matching the ground truth which will not be accounted for by the top-k

accuracy.[224, 244] The alternative proposed is to use round-trip accuracy, which

employs a forward reaction prediction model to predict the proportion of the pro-

posed disconnections that are chemically viable.[224] While inclusive of the correct

but not ground truth disconnections, the dependence of this approach on another

machine learning model (often trained on the same data) can introduce errors into

the evaluation. Other less commonly used, evaluation metrics include top-k invalid

rate (for SMILES in sequence-based models), human expert evaluation, and reaction

class diversity.[224]

1.5.2 Multi-step retrosynthesis

In multi-step retrosynthesis a synthesis route tree is constructed by the recursive

application of single-step models to the target molecule until a suitable stop condition

is reached: either all building blocks are available in the provided building block stock

(usually a commercial molecule database or in-house compound catalogue) or the

maximum number of iterations or synthesis tree depth has been reached. With the

extremely large reaction space and the exponential growth of the tree at each layer,

exhaustive searches are not viable, and so a number of graph search algorithms have

been proposed for this task, such as MCTS,[220] Retro* [245] or beam search.[224]

All of those algorithms follow the same general framework with three phases:

selection, expansion and update (Figure 1.5). First, the most promising molecule

node is selected, based on a value function (using heuristics or a surrogate model).

The node is then expanded, usually with a single-step model, to produce a set of

precursor molecule nodes. Some filtering may follow to discard impossible or unlikely
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reactions. The values of all molecule nodes along the expanded pathway are then

updated in preparation for the next selection step. In MCTS there is a rollout step

before the update, where the predicted precursors are evaluated with further iterative

expansion, often using a more lightweight model.[220] Retro* (based on A* search)

replaces the need for this rollout step by including the prediction of route cost in their

value function.[245]

Unlike for single-step retrosynthesis, which has many quantitative metrics such as

top-k and round-trip accuracy, the historical evaluation of multi-step retrosynthesis

has mostly been performed by humans and qualitative in nature.[220] Recently, Gen-

heden et al. introduced the PaRoutes benchmark, which included full synthesis route

data extracted from the USPTO dataset.[246] They also proposed a number of quan-

titative metrics to be used with this benchmark, such as average search time, number

of solved targets, number of route clusters, or tree edit distance to the reference route.

Maziarz et al. provide a software framework (Syntheseus) for retrosynthesis bench-

marking and propose a number of best practises in how multi-step retrosynthesis

should be performed and benchmarked.[244]

1.6 Thesis aims and outline

This thesis aims to develop and benchmark machine learning methods that improve

the synthesisability of compounds created and selected in Computer-Aided Drug De-

sign, either through improving synthesis planning tools or generating molecules with

a focus on their synthesisability.

Chapter 1 provided an introduction to uses of machine learning for medicinal and

organic chemistry in drug discovery with a particular focus on synthesisability and

synthesis prediction. An overview of the drug discovery process and Computer-Aided

Drug Design was first provided, before a detailed background on synthetic accessi-
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Figure 1.5: A generalised example iteration of a multi-step retrosynthesis algorithm.
The synthesis route is represented as a tree with reaction and molecule nodes. First,
the node to expand is selected based on a value function. Then, a single-step model
is used to predict its precursors. The predictions are then evaluated and the value
function is updated.
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bility scores, reaction prediction tasks, and Computer-Aided Synthesis Planning was

presented.

In Chapter 2, the theoretical background is introduced for the cheminformatics

and machine learning methods used in this thesis. First, different molecule and reac-

tion representations are discussed. Then, an overview of machine learning methods,

including dataset splitting strategies, the models used, and training approaches in

low data availability scenarios, is presented.

Chapter 3 outlines the development of a heterocycle-focused single-step retrosyn-

thesis prediction model. Four domain adaptation approaches are benchmarked in

order to improve the performance for ring-breaking disconnections. Moreover, a pro-

tocol is introduced for further training of the model as new reaction data becomes

available. Finally, the applicability of the model in drug discovery is demonstrated in

two retrospective case studies for newly published small molecule probes.
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Chapter 2

Theory

This chapter provides the necessary computational background to the methods pre-

sented in this thesis. We will begin with an overview of the chemical data represen-

tations that can be used for machine learning and cheminformatics methods. Then,

the machine learning models used later in this thesis will be introduced. Finally, a

description of model training approaches in low data availability scenarios is provided.

2.1 Chemical data representations

This thesis focuses on two types of chemical entities: molecules and reactions. An

overview of most commonly used representations for both of them is provided below.

The representations that will be used later in this thesis are SMILES, SMARTS, and

fingerprints for molecules and their substructures, and reaction SMILES, reaction

SMARTS, and reaction fingerprints for reactions.

2.1.1 Molecule representations

The most intuitive molecule representation is a graph representation (Figure 2.1a),

with atoms represented as nodes and bonds as edges. While the traditional graph

32



• SMILES:

O=C1N([C@H](C(=O)N)CC)CCC1

O N

O

NH2
c. String-based 
representation

a. Graph representation

d. Feature-based 
representation

b. Chemical table

• InChI:

1S/C8H14N2O2/c1-2-
6(8(9)12)10-5-3-4-
7(10)11/h6H,2-
5H2,1H3,(H2,9,12)/t6-/m0/s1

26 26  0     1  0  0  0  0  0999 V2000
-1.6080    0.0129   -1.9613 O   0  0  0  0  0  0  0  0  0  0  0  0
2.8869   -0.7536    0.5572 O   0  0  0  0  0  0  0  0  0  0  0  0

-0.4043    0.0188    0.0618 N   0  0  0  0  0  0  0  0  0  0  0  0
1.3881   -2.0416   -0.6127 N   0  0  0  0  0  0  0  0  0  0  0  0
-0.6702   -0.3064    1.4430 C   0  0  0  0  0  0  0  0  0  0  0  0
0.9318    0.3256   -0.4010 C   0  0  1  0  0  0  0  0  0  0  0  0
…
1.0184    3.7635    0.2629 H   0  0  0  0  0  0  0  0  0  0  0  0
0.5273   -2.1033   -1.1466 H   0  0  0  0  0  0  0  0  0  0  0  0
1.9063   -2.9039   -0.4807 H   0  0  0  0  0  0  0  0  0  0  0  0

1  9  2  0  0  0  0
2 11  2  0  0  0  0
3  5  1  0  0  0  0
3  6  1  0  0  0  0
…

10 21  1  0  0  0  0
12 22  1  0  0  0  0
12 23  1  0  0  0  0
12 24  1  0  0  0  0

M  END

• Structural keys 
(e.g., MACCS)

• Hashed fingerprints 
(e.g., ECFP)

…00101110100011100101…

Figure 2.1: Most common molecule representations: (a.) graphs, (b.) chemical tables,
(c.) string-based representations and (d.) feature-based representations.

33



representation is a 2D representation, 3D information, such as stereochemistry or

atomic coordinates, can be encoded as node attributes. While graph representations

have been directly used as input for some deep learning architectures (such as graph

neural networks), they also serve as a starting point for the construction of other

molecule representations discussed below.

One of the issues with graphs is the high memory requirement for the storage of

this representation, with the size of matrices or tables that contain them growing as a

function of the square of the number of atoms. Chemical tables, an example of which

is Molfile, (Figure 2.1b) are closely related to the graph representation but are more

memory efficient due to the way they encode the atom and bond data. The atom data

is stored in the atom block, with atomic coordinates and atom types included, while

the bond data is stored in the bond block, where bonds are defined by the indices of

atoms that belong to them.

String-based representations (Figure 2.1c) are even more storage efficient, with

the molecules described as a 1D sequence of characters that can convey 2D, and even

some elements of 3D structure information (such as chirality). The first, and to this

day the most commonly used, string-based representation is the Simplified Molecular

Input Line Entry System (SMILES) developed by Weininger et al. in 1988.[85] In

this system atoms are represented by their element symbol (lower case denoting an

aromatic atom), with additional characters used for different types of bonds and

structural features: ‘=’ and ‘#’ for double and triple bonds, ‘@’ and ‘@@’ to denote

chirality, ‘\’ and ‘/’ to describe stereochemistry at a double bond, parentheses to

show a branched chain and numbers to link atoms connected in a ring (Figure 2.2).

The SMILES string is constructed by starting at a random node in the molecular

graph and traversing through it, adding each atom to the string. Due to the nature

of their construction, there can be multiple valid SMILES strings describing the same

molecule This redundancy would be a problem in many machine learning applications,
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Cl

O

N

HO

N#Cc1ccccc1

ClC(C1CCCCC1)=O

O[C@@H](CCC)CC

Figure 2.2: Example SMILES representations of molecules. Representative substruc-
tures and substrings are highlighted in the same colour (grey or orange).

so methods to canonicalise the representation are usually employed.[247]

An additional downside of SMILES strings is that not every generated string cor-

responds to a valid chemical structure. This has been a problem when using SMILES

with generative models or genetic algorithms, and has lead to the development of

SELF-referencIng Embedded Strings (SELFIES).[86] However, the use of SELFIES

has not been widely adopted, potentially due to their more complex syntax and

greater string length.

An alternative string-based representation are the InChIs (International Chem-

istry Identifier).[248] They consist of three text blocks containing the chemical for-

mula, atom connectivity and hydrogen atom information. A hashed version of InChIs,

InChI keys is also available. However, the less intuitive representation in InChIs is

likely the cause of their much lower popularity when compared to SMILES.

SMILES Arbitrary Target Specification (SMARTS) are an extension of the SMILES

representation that has been specifically designed for substructure searching.[249] On

top of the characters used in SMILES, it contains symbols meant to represent more
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general constructs, such as any atom (‘*’) or any bond (‘∼’). Moreover, logical oper-

ators can be used to combine patterns into more complex queries.

In contrast to the previously described representations which retain atomic infor-

mation and can be converted back to the 2D molecular graph, feature-based repre-

sentations (Figure 2.1d) extract higher level structural or physicochemical properties.

They can be split into structural keys and hashed fingerprints. Structural keys, such

as MACCS,[250] encode the absence or presence of predefined structural motifs into

a bit vector. On the other hand, in hashed fingerprints the features encoded depend

on the molecule itself. The most popular algorithm of this type are the Extended

Connectivity Fingerprints (ECFPs), often calculated with the Morgan algorithm and

then known as Morgan fingerprints.[251] They belong to the class of circular finger-

prints and are generated by iteratively assessing the circular environment of each

atom with increasing radius. The identifiers of each atom are updated with its neigh-

bours until the maximum radius is reached. They are then converted to a single

integer value through hashing, and the list of those integers forms a basis for the

fingerprint. At the last step the identifiers are deduplicated and converted to the bit

string representation.

2.1.2 Reaction representations

The SMILES system used for molecule representation can also be extended to reaction

data (Figure 2.3). In reaction SMILES the reactants, reagents, and products are sep-

arated by ‘>’ (in the format reactants>reagents>products), with the reagents being

optional or sometimes combined with reactants (reactants and reagents>>products).

The molecules on the same side of the reaction are then further separated by a

period. Reaction SMILES can also include the atom mapping, with the mapping

represented as numbers after the ‘:’ symbol. Analogously to the SMARTS represen-

tation for molecular patterns, reaction SMARTS can be used to represent reaction
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O-[c:1].Cl-P(-Cl)(=O)-[Cl:2]>>[c:1]-[Cl:2]

O=P(Cl)(Cl)[Cl:12].O[c:1]1[n:2][cH:3][n:4]c2[cH:5][c:6]([Cl:11])[c:7]([Cl:10])[cH:8][c:9]21
>>c12[n:4][cH:3][n:2][c:1]([Cl:12])[c:9]1[cH:8][c:7]([Cl:10])[c:6]([Cl:11])[cH:5]2

O=P(Cl)(Cl)Cl.OC1=NC=NC2=C1C=C(Cl)C(Cl)=C2>>ClC1=NC=NC2=CC(Cl)=C(Cl)C=C12

Reaction SMILES:

Reaction SMILES with atom mapping:

Reaction SMARTS corresponding to the reaction template:

O
PCl
Cl

Cl

OH

N

NCl

Cl

N

N

Cl
Cl

Cl

+

Figure 2.3: String-based reaction representations: reaction SMILES without and
with atom mapping, and reaction SMARTS corresponding to the template. Reaction
template is highlighted in grey on the reaction scheme.

patterns and transformations. Most reaction templates extracted for retrosynthesis

and reaction-based enumeration come in this format.

In the same way as in molecular feature-based representations, reactions can also

be represented through fingerprints. The most commonly used fingerprints are ei-

ther based on the difference in atom-pair fingerprints of products and reactants,[212,

213] or based on the learned representation of the encoder of a BERT (Bidirectional

Encoder Representations from Transformers) model.[214]

2.2 Machine learning

Machine learning is a subfield of artificial intelligence (AI) that focuses on the study

and development of statistical algorithms which aim to learn patterns from data.

Such models can generalise to unseen data, performing tasks without pre-programmed

instructions.[252] Machine learning can be split into supervised, unsupervised, and

reinforcement learning, with the focus of this thesis being supervised learning. In
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supervised learning models are trained on labelled data, with the input and output

values for each datapoint being known. Common supervised learning algorithms

include: Linear Regression, Logistic Regression, Random Forests, Support Vector

Machines and Neural Networks.

The aim of supervised learning is to learn the parameters of a predictive model that

minimise a loss function describing the difference between the target and predicted

value. In practice, the dataset is first divided into training, test, and (optionally)

validation sets. The model is fit on the training set to optimise the data-dependent

parameters of the model. The predictions of the fitted model on the validation set

might be used to estimate its performance to optimise non-data-dependent parameters

of the model (“hyperparameters”). Finally, the model is used to make predictions on

a test set to assess its performance on unseen data. The use of a test set is important

to check for over-fitting, a phenomenon where the model matches/memorises the

training set too closely and is not able to generalise to new data. While early work

used random splitting strategies to split the data into training, validation, and test

sets, the use of more complex splitting strategies such as scaffold-based, time-based,

or Tanimoto similarity-based splits has been advocated to better assess the model’s

generalisability.

Deep learning is a subset of machine learning that uses artificial neural networks

to learn from raw data instead of hand-crafted features, with popular deep learning

applications including computer vision and natural language processing.[252, 253]

Neural networks usually consist of multiple layers, with the input layer receiving the

input data, the output layer generating the output, and intermediate layers (known

as hidden layers) processing and transforming the data. The layers are formed from

individual neurons, and perform non-linear transformations on their input, typically

of the form:

h = σ(Wx+ b) (2.1)
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where W is a learnable weight matrix, x is a vector of inputs, b is a learnable vector

of biases and σ is an optional non-linear activation function. The output h is then

used as input for the next layer or provided as the output of the model. During model

training, the weights are iteratively updated to minimise a predefined loss function.

Most of the methods used for loss optimisation are gradient-based, such as stochastic

gradient descent. These algorithms use a step size defined by the learning rate, one

of the neural network’s hyperparameters. The gradient-based optimisation of multi-

layer neural network is enabled by backpropagation, a chain rule-based algorithm

which adjusts the network’s parameters each training epoch.[254]

The two main machine learning models used in this thesis are Random Forests

and the Transformer, and as such they are described in detail below.

2.2.1 Model architectures

2.2.1.1 Random Forest

Random Forest (RF) is an ensemble of decision trees, in which every tree is trained on

a random subset of the training set and with a random subset of features to prevent

over-fitting.[255] For regression tasks, the output of RF is calculated as the mean of

the predictions given by every tree.

During the training process of a regression decision tree the dataset is recursively

split based on key features, starting with the root question node. When a new decision

node is added, all possible data splits are considered and the feature boundary that

minimises the mean squared error of the new nodes is selected. This process is

repeated until the stopping condition is reached, for example maximum tree depth.

Each leaf node is then assigned a target value, most commonly based on the average

of the samples present in that node. The tree can then be used to make predictions

on new data by traversing down in starting from the root and following the path

determined by the new sample’s features (Figure 2.4).
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Figure 2.4: Example of a decision tree for a regression task. x1, x2 and x3 denote
different features.

While individual decision trees are very computationally efficient and interpretable,

they are prone to over-fitting. The ensembling process used in RFs improves the per-

formance and renders them robust to over-fitting, while retaining the interpretability

and short training time, making this one of the more popular models for drug discov-

ery tasks.

2.2.1.2 Transformer

The Transformer architecture was introduced by Vaswani et al. in 2017 and was a

major breakthrough in the field of machine translation.[256] The original Transformer

was developed for translation between languages with strings of text used as input.

Transformers have an encoder-decoder architecture, where the encoder converts the

input sequence of symbols into a context vector and the decoder uses this representa-

tion together with previously generated symbols to predict the output sequence in an

auto-regressive process. The encoder and decoder consist of several stacked encoder

or decoder blocks (6 in the original Transformer paper, but it can vary), with each
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encoder block made up of a self-attention and a feed-forward layer, and each decoder

block consisting of a self-attention, a encoder-decoder attention, and a feed-forward

layer (Figure 2.5).

Multi-head attention

One of the key features of the Transformer model is the attention mechanism,

which allows it to attend to different (and positionally distant) parts of the input

data simultaneously. While attention was used in previous work,[257] Vaswani et al.

introduced the concept of multi-head attention.

Attention takes as input the query (Q), key (K), and value (V ) matrices. The Q,

K and V matrices are created by multiplying the matrix of packed embeddings by a

set of trainable weight matrices. The matrix product of Q and the transposed K is

calculated and then scaled down by
√
dk (where dk is the dimensionality of K), before

applying a softmax function to obtain the attention weights of the values. The final

attention score is the product of those attention weights and V and is computed as:

Attention(Q,K, V ) = softmax(
QKT

√
dk

)V (2.2)

In multi-head attention this process is followed multiple times in parallel (8 in the

original Transformer paper), but with different weight matrices used to produce Q,

K and V for each head. The multi-head attention is then obtained by concatenating

the heads and transforming them with trainable output weights:

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

where

headi = Attention(QWQ
i , KWK

i , V W V
i ) (2.4)

The use of multi-head attention improves the performance of the attention layer

by allowing it to attend to different patterns simultaneously.
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Figure 2.5: Architecture of a Transformer model. The input sequence is first em-
bedded and positional information is encoded. The embeddings then enter a series
of encoder blocks, each consisting of a multi-head attention layer (turquoise) and a
point-wise feed-forward neural network (orange). After each of those layers, the resid-
ual connections are added and the layer is normalised. The output of the encoder
block is the learned representation, which is then passed to the decoder. The input for
the decoder is the previously predicted output, which also undergoes embedding and
positional encoding. The decoder block consists of a self-attention layer, an encoder-
decoder attention layer, and a point-wise feed forward neural network, with addition
of residual connections and layer normalisation between each of those layers. The
final output, which is a token probability vector, is obtained after passing through a
linear and a softmax layer.
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Tokenisation and input embedding

The input sequence is first split into words, sub-words or characters in a process

known as tokenisation. For chemistry applications using SMILES, Schwaller et al.

suggested a tokenisation into individual characters of the SMILES string (mostly

corresponding to individual atoms).[166] The set of tokens used for a model is known

as its vocabulary.

Each input token is then turned into a vector using an embedding algorithm. The

embedding only happens in the first encoder block and each of the resulting vectors

flows through its own path in the encoder.

Positional encoding

The Transformer model as described so far has no way to account for the order of

the input tokens. To solve this issue in the original Transformer a positional encoding

vector was added to each embedding before it is passed to the first encoder block. The

positional encoding used there are sine and cosine functions of the token positions,

but more recent approaches use positional encodings learned during training.[258]

Output generation

To convert the vector of floats output by the last decoder block into a predicted

token it goes through a final linear and a softmax layer. The linear layer projects

the output vector into a much larger logits vector that is the size of the model’s

vocabulary, with each logit corresponding to the score of a unique token. Those

scores are then turned into probabilities by passing through the softmax layer and

the token with the highest probability is selected as the prediction at this step time.

2.2.2 Training approaches in low data regimes

Chemical data is costly and time consuming to acquire. As such, many tasks in drug

discovery, including those presented in this thesis, suffer from data scarcity. Two

distinct machine learning approaches, transfer learning and active learning (Figure
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Figure 2.6: ML approaches for low data scenarios: (a.) transfer learning and (b.)
active learning.

2.6), can be used in such scenarios and are employed in this thesis. A brief overview

of each approach is included below.

2.2.2.1 Transfer learning

In transfer learning (Figure 2.6a) the knowledge learned from one task or dataset

(source) is used to boost performance for another separate, but related, application

(target).[259] As such, this approach is most applicable for tasks for which little data

(labelled or unlabelled) is available, but data for either a similar task or the same

task but from a different domain can be acquired.

Transfer learning can be split into three categories based on the differences in

source and target tasks and domains. In the inductive transfer learning setting, the

source and target tasks are different. The same is true for the second category,

unsupervised transfer learning, but here the focus is solely on solving unsupervised

tasks in the target domain. Finally, in transductive transfer learning the source and

target tasks are the same but the domains are different. The work presented in this
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thesis fits into the latter category.

One approach to transfer learning is feature extraction, where a pre-trained model

is used as a fixed feature extractor. The final layers of this model are removed and

replaced with new layers specific to the target task. The original layers are frozen

and only the weights of the new layers are trained on the target dataset. In practice,

during fine-tuning some of the pre-trained model’s layers may be unfrozen and also

trained with the new dataset.

A related concept to transfer learning is multi-task learning, where several differ-

ent, but conceptually similar, tasks are learned at the same time, sharing an internal

representation.[260] In contrast to transfer learning, all tasks are treated as equal here

and knowledge transfer happens in all directions.

2.2.2.2 Active learning

Active learning (AL) can be applied in situations where there is an abundance of

unlabelled data, but the labelling process is costly. AL involves an iterative cycle

of model training, followed by prediction of the unlabelled data, the results of which

form the basis for the selection of next samples to be labelled (Figure 2.6b).[261] Most

approaches (including ours) use pool-based sampling for evaluation of the unlabelled

data with the machine learning model, where labels are predicted for the whole un-

labelled dataset.[262] This can be time- and memory-intensive, so alternatives such

as stream-based selective sampling have been proposed.[263] In traditional AL the

only goal is to improve the performance of the model and the strategies used to select

samples for labelling reflect this, often being based on the uncertainty of the model’s

prediction or the expected effect on model error.

In the context of drug discovery, AL is most frequently applied in molecule screens,

either for more costly in silico methods or experimental screens, where a surrogate

machine learning model is trained to predict the output of those methods. Here, the
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goal of AL is not only to improve the surrogate model’s performance but also to select

highly scoring molecules for labelling. As such, sample acquisition methods based

more on exploitation, such as highest predicted score, might be more applicable.[264]
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Chapter 3

Improving prediction of

ring-breaking disconnections using

transfer learning

Heterocycles are important scaffolds in medicinal chemistry that can be used to mod-

ulate the binding mode as well as pharmacokinetic properties of drugs. The impor-

tance of heterocycles has been exemplified by the publication of numerous datasets

containing heterocyclic rings and their properties. However, those datasets lack syn-

thetic routes towards the published heterocycles. Consequently, heterocycles with

uncommon and novel substitution patterns, as well as theoretically designed novel

scaffolds are not easily synthetically accessible by basing the proposed routes on pre-

vious literature. While retrosynthesis prediction models could usually be used to assist

synthetic chemists, their performance is poor for heterocycle formation reactions due

to low data availability.

This chapter explores different ways of overcoming the low data availability prob-

lem and improving the performance of single-step retrosynthesis prediction models for

ring-breaking disconnections. Four domain adaptation approaches are benchmarked

47



against a general retrosynthesis model and models trained only on ring formation

data. Out of the domain adaptation approaches, the mixed fine-tuned model is shown

to be the most versatile, achieving top-1 accuracy of 36.5% and top-1 ring-breaking

round-trip accuracy of 62.1%. Furthermore, a workflow for further fine-tuning the

model is introduced to facilitate effective model retraining on new reaction data as

it becomes available. Finally, the applicability of the mixed fine-tuned model in drug

discovery is demonstrated by recreating synthetic routes towards two drug-like targets

published last year.

The work presented in this chapter was previously published as a preprint: Wiec-

zorek, E. et al. Transfer learning for Heterocycle Synthesis Prediction. ChemRxiv

(2024). The training and evaluation of the template-based model and the predictions

for multi-step case studies presented in this chapter were performed by Josh Sin.

3.1 Introduction

Heterocycles are key motifs in drug design, with 85% of the top 200 best-selling

small molecule drugs of 2022 featuring heterocyclic rings (Figure 3.1).[266] The het-

erocyclic scaffolds can determine and restrict the shape of the molecule, helping to

maintain key protein-ligand interactions. Moreover, through bioisosteric replacement

of the rings with other heterocycles, pharmacokinetic and toxicological properties of

lead compounds can often be improved.[267–269] Although numerous virtual libraries

document theoretically synthesisable heterocyclic scaffolds,[270] synthetic pathways

towards novel heterocycles remain underexplored, with the focus in medicinal chem-

istry being on ring derivatisation rather than ring formation.[215, 271]

Employing Computer-Aided Synthesis Planning (CASP) tools (see Section 1.5)

to predict synthetic pathways towards those scaffolds could stimulate the exploration

of novel heterocyclic molecules, potentially fueling new therapeutic breakthroughs.
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Figure 3.1: Example top 50 best-selling small molecule drugs in 2022 across different
disease areas. Heterocycle substructures are highlighted in blue.

However, despite the high efficacy of CASP tools on general reaction datasets, pre-

dicting retrosynthetic disconnections for specific, less prevalent areas of chemistry re-

mains a significant challenge due to dataset bias.[174, 272] Unfortunately, heterocycle

formation reactions are an example of such underrepresented reaction class, account-

ing for only 5% of reported chemical reactions in the USPTO dataset,[236] the reac-

tion dataset most commonly used to train retrosynthesis models.[272] This indicates

the necessity to improve the performance of retrosynthesis models for ring-breaking

disconnections in order for them to be useful in synthesis planning for heterocycle-

containing molecules.

Recently, transfer learning, a machine learning approach where knowledge learned

from one task is used to boost the performance on a related task (see Section 2.2.2.1),

has been successfully introduced for reaction prediction tasks in low data scenarios.

Two transfer learning approaches, fine-tuning and multi-task learning, have been

applied for the forward reaction prediction of carbohydrate reactions[174] and Heck
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reactions[176], as well as forward reaction and retrosynthesis prediction of enzymatic

reactions[177, 178]. While both of those transfer learning approaches depend on the

use of a large general reaction dataset and a smaller specialised dataset for training the

model, they differ in how those datasets are used for model training: sequentially in

fine-tuning (first longer pre-training on the general dataset and then short fine-tuning

on the specialised dataset) and simultaneously in multi-task learning. Improvement

was seen for the specialised task with both approaches, however each approach comes

with different limitations. For example, in the reported examples, fine-tuning showed

a quick training time and increased accuracy for reactions of interest but showed low

performance for common reactions. Conversely, multi-task learning maintained good

performance across reaction types but required longer training time, making it less

suitable for frequent retraining as new data emerges.

While the use of transfer learning in reaction prediction is relatively novel, it

has become widespread in other, more popular, machine learning applications, such

as machine translation. In those areas, many different transfer learning (or domain

adaptation) approaches have been developed that address the aforementioned limi-

tations. For example, in mixed fine-tuning the sequential and simultaneous nature

of, respectively, fine-tuning and multi-task learning are combined: the pre-trained

model is fine-tuned on both the general and specialised dataset.[273] Meanwhile, in

ensemble decoding it is the models’ predictions themselves that are combined at the

inference time - usually from a pre-trained and a fine-tuned model.[274] In both cases,

this allows for a shorter training time without a significant loss in performance on the

general dataset. As the task of adapting reaction prediction models towards specific

reaction classes can be compared to adapting translation models for niche applica-

tions, it should be possible to use these domain adaptation approaches developed for

language translation in retrosynthesis prediction.

This work aims to benchmark and use the various domain adaptation approaches
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Figure 3.2: Overview of the domain adaptation approach used for training
heterocycle-focused retrosynthesis prediction models in this study. All models are
trained on both (i) a large dataset of all reaction classes and (ii) a much smaller
dataset of only ring formations to, respectively, gain an understanding of general
chemistry rules and ring disconnections.
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discussed above to enhance the performance of CASP tools for heterocycle retrosyn-

thesis by using them to train sequence-to-sequence (seq2seq) single-step retrosynthesis

prediction models (Figure 3.2). We compare those methods to the template-based

approach reported by Thakkar et al., ‘Ring Breaker’, trained specifically for ring-

forming reaction prediction.[272] To train these models we use a large dataset of all

reaction types based on USPTO (’General ’) and a smaller dataset of just heterocycle

formations (’Ring ’). Our results show that the mixed fine-tuned model is the best for

multi-step retrosynthesis, with a 10% increase in accuracy over the baseline for het-

erocycle formations and similar performance for other reactions. We test the model

on recently developed heterocycle formations and demonstrate how it can be further

fine-tuned to improve its accuracy on this new data. Finally, we demonstrate the

applicability of the mixed fine-tuned model by predicting retrosynthetic routes for

two recently published heterocycle-containing drug-like targets.

3.2 Materials and Methods

3.2.1 Data curation

Three separate dataset were used in this work: the General, Ring and Recent datasets.

BothGeneral and Ring datasets were used to train and benchmark the seq2seq models

using various transfer learning strategies. The Recent dataset was used for further

fine-tuning experiments. The details of each dataset’s preparation are included below.

3.2.1.1 General and Ring Datasets

In this study, we utilised the USPTO dataset preprocessed by Pesciullesi et al.[174],

containing ∼1.2M reactions from a wide variety of reaction classes. This dataset is

henceforth referred to as the General dataset.

Additionally, we curated a dataset of ∼165k ring formation reactions, referred
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here to as the Ring dataset, comprising about 80k reactions extracted from academic

journals (CJHIF dataset[275]) and 80k reactions from additional patent data (Pis-

tachio dataset, accessed 28th June 2022, version 2022Q1).[240] Both datasets first

underwent a series of standardisations and validity filters. The reactions were canon-

icalised: each component was separately canonicalised with RDKit and the reactants

were sorted alphabetically, ions in salts (and other fragments belonging together) were

separated by ”∼”. Duplicate entries were removed together with reactions already

present in USPTO. Reactions with more than one product were filtered out. Reagents

in CJHIF were converted into the SMILES format with Chemical Identifier Resolver

(https://cactus.nci.nih.gov). Reactions in CJHIF were atom-mapped with RXNmap-

per and entries with mapping confidence <50% were removed.[214] For Pistachio,

the ring formation reactions were extracted based on the assigned reaction superclass

”Heterocycle formations” (82,486 reactions). For CJHIF, the reactions were extracted

based on the difference in the number of rings in the product and in the reactants

as calculated by RDKit (83,623 reactions). Reactions from the two sources were

then combined and duplicates dropped, resulting in the final Ring dataset containing

165,216 reactions.

A TMAP[276] visualisation of the chemical space of the datasets is shown in

the Figure 3.3, indicating that ring-breaking reactions occupy distinct areas of the

chemical space. The TMAP was created using rxnfp[214] embeddings.

3.2.1.2 Recent Dataset

For further fine-tuning experiments we manually extracted a set of 1,475 hetero-

cycle formations from 47 scientific publications from 2022 reporting new method-

ologies for heterocycle synthesis, referred to as the Recent dataset. The articles

used as the source of data are included in Appendix B. The preprocessed reactions

can be found at https://github.com/duartegroup/Het-retro/tree/main/data/
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recent_dataset.

3.2.1.3 Dataset splitting

The General dataset splits were retained from the original source.[174] The dataset

was split randomly with a 90:5:5 train:validation:test set ratio, ensuring that all re-

actions with the same product were included in the same split.

The Ring dataset was split into train, validation, and test sets with 90:5:5 ratio

based on the Tanimoto similarity of reaction products[277] using DeepChem.[278]

Additionally, we performed a random split of the Ring dataset and trained the mixed

fine-tuned model on the randomly split dataset to assess the effect of dataset splitting

(Appendix C).

Due to the smaller size, the Recent dataset was split randomly into a train, vali-

dation and test sets with a ratio of 80:10:10.

The exact sizes for each dataset split are included in Table 3.1.

Table 3.1: Training, validation and test set sizes for each dataset used in this study.

Dataset Train Validation Test

General 1,090,034 60,430 60,548

Ring 148,694 8,260 8,262

Random Ring 148,749 8,276 8,191

Recent 1,180 147 148

3.2.2 Model training and inference

Two different single-step retrosynthesis model architectures were used in this study:

sequence-to-sequence and template-based models. All domain adaptation strategies

described in Section 3.2.2.2 were attempted with sequence-to-sequence models, specif-

ically Transformers. A template-based model was also trained for comparison, follow-
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ing the approach of Ring Breaker.[272] The details of the models’ hyperparameters

and the domain adaptation strategies are included below.

3.2.2.1 Model architectures and hyperparameters

Sequence-to-sequence models

The Transformer models were trained using the OpenNMT-py package.[279]

The datasets were first preprocessed:

onmt_preprocess -train_src ${DATASET}/tgt-train.txt

${DATASET_TRANSFER}/product-train.txt -train_tgt ${DATASET}/src-train.txt

${DATASET_TRANSFER}/reactant-train.txt -train_ids general ring

-valid_src ${DATASET_TRANSFER}/product-valid.txt -valid_tgt

${DATASET_TRANSFER}/reactant-valid.txt -save_data ${DATADIR}/mft_retro

-src_seq_length 3000 -tgt_seq_length 3000 -src_vocab_size 3000

-tgt_vocab_size 3000 -share_vocab

An example command used to train the mixed fine-tuned model is included below:

onmt_train -data $DATADIR/mft_retro -save_model

$MODELDIR/mft_model -save_checkpoint_steps 1000

-data_ids general ring --data_weights $WEIGHT1 $WEIGHT2

-seed $SEED -gpu_ranks 0 -train_steps 256000 -param_init 0

-param_init_glorot -train_from $MODELDIR/retro_model_pretrained.pt

-max_generator_batches 32 -batch_size 6144 -batch_type tokens

-normalization tokens -max_grad_norm 0 -accum_count 4

-optim adam -adam_beta1 0.9 -adam_beta2 0.998 -decay_method noam

-warmup_steps 8000 -learning_rate 2 -label_smoothing 0.0

-layers 4 -rnn_size 384 -word_vec_size 384

-encoder_type transformer -decoder_type transformer
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-dropout 0.1 -position_encoding -share_embeddings

-global_attention general -global_attention_function softmax

-self_attn_type scaled-dot -heads 8 -transformer_ff 2048

--tensorboard -tensorboard_log_dir $DATADIR/logs

All hyperparameters (apart from number of training steps and dataset weights)

were kept constant for all models and used as in the work of Pesciullesi et al.[174]

The -train from argument was used for fine-tuned and mixed fine-tuned models to

provide a path for the pre-trained model. The -data weights argument was used for

multi-task and mixed fine-tuned models to set the dataset weights.

The following command was used to make predictions:

onmt_translate -model $MODELDIR/retro_mft_model.pt

-src $DATADIR/ring_dataset/product-test.txt

-output $PREDDIR/retro_mft_ring_predictions_top5.txt

-n_best 5 -beam_size 5 -max_length 300 -batch_size 64 -gpu 0

The code used to train the models is available at https://github.com/duartegroup/

Het-retro and the trained models are available at https://figshare.com/articles/

journal_contribution/Transfer_Learning_for_Heterocycle_Retrosynthesis/25723818.

Template-based model

We trained a single-step template-based retrosynthesis prediction model on only

ring-forming reactions based on the approach used by Thakkar et al. in ‘Ring Breaker’.[272]

Our dataset comprised reactions from the Ring dataset and ring formations extracted

from the General dataset. Atom-mapping of reaction data was conducted using RXN-

Mapper,[194] and reaction templates were subsequently extracted using RDKit[143]

and RDChiral.[280] We used TensorFlow[281] to construct the multilabel classifica-

tion neural network for prediction. The template-based model architecture utilises a

multi-label classification neural network with one dense layer and was adapted from
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‘Ring Breaker’. We scanned various neural network hyperparameters using the model

cross-entropy loss and top-1/3/5 reactant accuracy to identify the best-performing hy-

perparameter set. The scanned hyperparameters are summarised in Table 3.2. After

the scan, we selected a dense layer size of 512 and a dropout rate of 0.8. All other

hyperparameters were retained as in ’Ring Breaker’.

Table 3.2: Template-based neural network hyperparameters scanned.

Hyperparameter Values scanned

Dense layer size 128, 256, 512, 1024

Dropout rate 0.5, 0.7, 0.8

3.2.2.2 Domain adaptation approaches

Four different domain adaptation approaches were benchmarked in this study: fine-

tuning, multi-task learning, mixed fine-tuning and ensemble decoding (Figure 3.4). A

baseline model was pre-trained on the General dataset for 250k steps (32 epochs) for

further use in fine-tuning, mixed fine-tuning and ensemble decoding. Additionally,

we trained a ring-only model as a second baseline, training it for 250k steps (244

epochs) on the Ring dataset only.

For both fine-tuning and multi-task learning, we followed the approach previously

taken by Pesciullesi et al.[174] and used the number of training steps and dataset

weight ratio that was found to be optimal in that study (Figure 3.4a). Therefore,

the fine-tuned model was trained for 6000 steps (6 epochs) starting from the baseline

model. The multi-task model was trained from scratch for 250k steps on both the

General and Ring datasets with a 9:1 dataset weight ratio.

As mixed fine-tuning was not previously used for reaction prediction tasks, we

benchmarked the effect of the number of fine-tuning steps and the dataset weight

ratio (Appendix A). The final mixed fine-tuned model was trained on the General
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Figure 3.4: Overview of domain adaptation approaches used in this work for hete-
rocycle retrosynthesis prediction. (a) Methods previously used for forward reaction
prediction and retrosynthesis. Fine-tuning consists of pre-training a baseline model
on a large dataset of all reaction classes, which is then fine-tuned on a smaller dataset
of only reactions of interest. In multi-task learning, the model is trained on both
datasets at the same time. (b) Methods previously only used in NLP tasks. In mixed
fine-tuning, the baseline model is fine-tuned on both datasets. In ensemble decoding
the prediction is made jointly with the baseline and fine-tuned model.
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and Ring datasets with a weight ratio of 1:1 for 6000 steps starting from the baseline

model (Figure 3.4bi).

Ensemble decoding was performed using the in-built OpenNMT-py functionality

by providing two models at the inference time: the baseline and fine-tuned models

(Figure 3.4bii). In this implementation, the final prediction is made by averaging the

prediction distributions of both models.

3.2.3 Evaluation metrics

All the models described above were tested on the Ring and General datasets to

assess their performance for ring-breaking disconnections and other reaction types.

Two classes of metrics were used to evaluate the models (Figure 3.5):

• Recall-based metrics (top-N accuracy and reactant accuracy) that historically

have been most commonly used to assess retrosynthesis prediction models and

measure how well the models can recover the ground truth reactants from the

test set.

• Precision-based metrics (round-trip accuracy, coverage, and ring-breaking round-

trip accuracy), a newer set of metrics that aim to measure the chemical validity

of the models’ predictions.[224]

A description of each metric is included below.

Top-N accuracy: The proportion of test reactions where at least one of the top-

N predictions contains all the ground truth precursors (reactants and reagents). As

both reactants and reagents were used for model training, they were both included

in this assessment, making this a harsher metric for our model than models trained

only on reactant data.

Reactant accuracy: The proportion of test reactions where at least one of the

top-N predictions contains all the ground truth reactants. This metric aligns more
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Figure 3.5: The workflow for calculating model metrics demonstrated on an example
test reaction. To calculate the recall-based metrics the top-N predictions (here N=3)
of the retrosynthesis model are compared to the ground truth test reaction. To
calculate the precision-based metrics a forward reaction prediction model is used to
predict the top-1 product of the output of the retrosynthesis model and this prediction
is compared to the initial model input. The top-N accurate (middle) and round-trip
accurate (right) predictions are highlighted.

closely with traditional top-N accuracy for models trained only on reactant data.

The reactants were separated from reagents using the role assignments provided in

the CJHIF and Pistachio datasets.

Round-trip accuracy: The proportion of all top-N predictions which are round-

trip accurate. A round-trip accurate prediction is defined as a set of predicted pre-

cursors that, when used as input for a forward reaction prediction model, reproduce

the original product molecule as a top-1 prediction.

Coverage: The proportion of test reactions for which at least one of the top-N

predictions is round-trip accurate.

Ring-breaking round-trip accuracy: The proportion of all top-N predictions

which are round-trip accurate and correspond to a ring breaking disconnection. A

ring breaking disconnection is defined as one where the sum of the number of rings

in the reactants is lower than the number of rings in the product, as calculated with

RDKit.[143] The predicted reactants were separated from reagents through atom
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mapping with RXNMapper[194] for the purpose of calculating this metric.

For all precision-based metrics, the forward reaction prediction model used was a

multi-task model trained on the Ring and General datasets following the approach

of Pesciullesi et al.[174] Table 3.3 contains the top-1/3/5 accuracies of this multi-

task model together with the same metrics for a baseline forward reaction prediction

model.

Table 3.3: Accuracy of the forward reaction prediction models on the General and
Ring test sets.

Test set

Model General Ring

top-1 top-3 top-5 top-1 top-3 top-5

Baseline 78.0% 84.5% 86.7% 61.3% 76.9% 79.4%

Multi-task 78.4% 86.1% 87.3% 74.3% 88.3% 89.8%

3.2.4 Multi-step retrosynthesis

For the case studies, to adapt the trained single-step retrosynthesis prediction models

to multi-step route planning tools, we used a neural-based A* search algorithm based

on Retro*.[245] Multi-step route planning tools were constructed for both the baseline

and mixed fine-tuned single-step models. The default search parameters were used

as in Retro*. The stock molecule database chosen was eMolecules (version accessed

with Retro* code implementation from Chen et al.[245], 11th January, 2019). Only

the lowest cost route as output by Retro* was considered.
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3.3 Results

3.3.1 Benchmarking domain adaptation approaches

We commenced our study by comparing the performance of different domain adap-

tation approaches, focusing on methods previously used for chemical reaction pre-

diction (i.e., multi-task learning and fine-tuning) and methods employed in the NLP

domain (mixed fine-tuning and ensemble decoding) (Figure 3.4). These approaches

were benchmarked against the baseline and ring-only models as the two extremes of

the training approaches: one trained only on the General data and one only on the

Ring dataset. Additionally, the methods were compared to a template-based model

trained following the strategy adapted by Ring Breaker,[272] as a benchmark against

the only other heterocycle-specific retrosynthesis prediction model. The performance

of all models was first tested on the Ring test set to measure the improvement in pre-

diction of the ring-breaking disconnections and then on the General test set to assess

their suitability for use in multi-step retrosynthesis, where other reaction classes also

need to be predicted well.

3.3.1.1 Performance for ring-breaking disconnections

Figure 3.6 showcases the trends in the models’ performance on the Ring test set

with more detailed metrics for all models included in Table 3.4 (recall-based metrics)

and Table 3.5 (precision-based metrics). Our results show that on the Ring test set,

the fine-tuned model outperforms all other approaches, achieving a top-1 reactant

accuracy of 40.5% (Figure 3.6A). Moreover, 69.5% of all its top-1 predictions are

chemically valid and correspond to ring-breaking reactions (Figure 3.6B). The three

other domain adaptation approaches also show improvement over the baseline model

with top-1 reactant accuracies of around 36% and top-1 ring-breaking round-trip

accuracies of around 62%. However, they perform similarly to the ring-only model,
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Figure 3.6: Comparison of model performance for ring-breaking disconnections. (A)
Top-1 reactant accuracy and (B) top-1 ring-breaking round-trip accuracy are shown
for the Ring test set. All domain adaptation approaches (blue); multi-task, fine-
tuned, mixed fine-tuned (Mixed FT) models and ensemble decoding (Base+FT); are
compared to the two baselines (grey); baseline and ring-only model; and the template-
based (Template) model (yellow). All reported accuracies are from single model train-
ing runs due to resource constraints.
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Table 3.4: Recall-based metrics assessing all models’ performance on the Ring test
set for top-1/3/5 predictions.

Model Reactant accuracy Top-N accuracy

top-1 top-3 top-5 top-1 top-3 top-5

Baseline 26.9% 35.9% 38.9% 6.5% 11.0% 12.6%

Ring-only 37.2% 47.5% 50.9% 11.4% 17.9% 19.9%

Multi-task 35.0% 47.1% 50.4% 9.1% 17.3% 19.7%

Fine-tuned 40.5% 51.5% 54.5% 11.1% 19.0% 21.7%

Mixed fine-tuned 36.5% 48.6% 51.6% 10.1% 17.6% 19.8%

Ensemble decoding 36.3% 48.5% 52.7% 7.9% 14.1% 16.1%

Template-based 37.6% 49.2% 53.6% 6.8% 8.8% 9.6%

which is able to achieve reasonable accuracy due to the larger dataset size than that

used in previous studies.[174] The same trends are observed for top-3/5 reactant

accuracy and top-1/3/5 accuracy, with the top-N accuracy being significantly lower

than reactant accuracy for all models due to the difficulty in predicting the exact

reagents with many combinations of conditions being viable (Table 3.4).

While the observed improvement for the domain adaptation approaches over base-

line isn’t as high as reported in previous studies (13.6% increase in top-1 reactant

accuracy for fine-tuned model here vs 27.0% for carbohydrate reactions and 28.6%

for Heck reactions),[174, 176] there are two key aspects to note. Firstly, the men-

tioned studies used transfer learning for forward reaction prediction, not retrosynthe-

sis, which is considered to be a much easier task, only having one ”correct” answer.

Moreover, heterocycle formations are a much larger and more diverse class of reac-

tions than Heck reactions or even carbohydrate reactions, making it more difficult for

the model to learn all the different reactivities.

We then compared our domain adaptation approaches to previously designed

approaches for heterocycle retrosynthesis, based on the Ring Breaker model.[272]

When considering reactant accuracy, the fine-tuned model performs better than the

template-based model trained only on ring formation data while all other domain
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Table 3.5: Precision-based metrics assessing all models’ performance on the Ring test
set for top-1/3/5 predictions.

Model Round-trip accuracy Coverage Ring-breaking r-t accuracy

top-1 top-3 top-5 top-1 top-3 top-5 top-1 top-3 top-5

Baseline 75.9% 73.7% 72.0% 75.9% 84.7% 86.9% 51.4% 49.7% 48.2%

Ring-only 63.5% 59.6% 56.6% 63.5% 73.2% 76.4% 59.5% 56.6% 53.9%

Multi-task 77.9% 76.5% 75.1% 77.9% 86.3% 88.2% 58.5% 57.6% 56.5%

Fine-tuned 72.1% 70.4% 69.1% 72.1% 81.7% 84.4% 69.5% 68.1% 67.0%

Mixed fine-tuned 74.6% 73.3% 71.8% 74.6% 84.4% 86.9% 62.1% 61.3% 59.9%

Ensemble decoding 71.8% 69.7% 68.0% 71.8% 82.2% 84.7% 63.9% 62.1% 60.2%

Template-based 53.4% 38.9% 31.8% 53.4% 66.7% 70.1% 51.6% 37.7% 30.8%

adaptation approaches (and the ring-only model) are worse than the template-based

model (Figure 3.6A). While the top-N accuracy of the template-based model is lower

than for any of the benchmarked domain adaptation approaches, this can be at-

tributed to the applied templates not containing reagents (by definition). However,

when considering precision-based metrics (Table 3.5), the template-based model per-

forms significantly worse than the other approaches, with the round-trip accuracy and

ring-breaking round-trip accuracy sharply decreasing for top-3 and top-5 predictions.

This rapid decrease (from 53.4% top-1 to 31.8% top-5 round-trip accuracy) is in con-

trast to the Transformer-based models which maintain high round-trip accuracy from

top-1 to top-5 (e.g., 74.6% vs 71.8% for the mixed fine-tuned model). The low round-

trip accuracy could indicate the template-based model’s inability to apply multiple

templates to one molecule. Hence, it is likely that the Transformer-based models

learn a wider range of chemistry than the template-based model, which is limited in

diversity when it comes to disconnection strategies. However, it is important to note

that the forward reaction prediction model used for calculating round-trip accuracy

is also a Transformer model and is trained on the same reaction data (but with re-

versed labels). This could be biasing the metric towards the our domain adaptation

approaches and mean that the difference in round-trip accuracy between them and
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the template-based model is not as significant as it seems. A more objective way of

calculating metrics such as round-trip accuracy could be to use a different model to

predict reaction viability instead of the forward reaction prediction model, however,

we were not able to train such a model for this work due to lack of negative reaction

data.

Interestingly, even though each of the domain adaptation approaches increases

the ring-breaking round-trip accuracy by at least 7% when compared to the baseline

model, the same trend is not observed when considering just the round-trip accuracy

or coverage of the predictions (Table 3.5). For example, for the mixed fine-tuned

model, the top-1 ring-breaking round-trip accuracy increases by over 10%, while the

top-1 round-trip accuracy decreases by 1%. The same trend can be observed for all

other approaches apart from the multi-task model, where the round-trip accuracy in-

creases but not as much as the ring-breaking round-trip accuracy. This indicates that

the main improvement between the various models trained using transfer learning

and the baseline model is in the type of disconnection suggested, i.e. ring-breaking

versus more common reaction types, and not in turning chemically invalid discon-

nections into valid ones. It also suggests that while the molecules in the Ring test

set were synthesized using ring formation reactions, there are other chemically viable

disconnections available.

Indeed, comparing the predictions of the baseline and mixed fine-tuned model

revealed that the former often suggested more common reaction types, such as func-

tional group interconversions (FGIs) or protection/deprotections, instead of the ground-

truth heterocycle formation predicted by the mixed fine-tuned (Figure 3.7). For in-

stance, in example 3.7A, the mixed fine-tuned model correctly identifies a click reac-

tion to generate the triazole from two fragments of similar complexity. In contrast,

the baseline model only suggests a more trivial N-alkylation reaction. Similarly, for

3.7B. the mixed fine-tuned model suggests a condensation reaction to form the central
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Figure 3.7: Example top-1 predictions of the mixed fine-tuned and baseline models for
Ring test set molecules. All predicted reactants and reagents are shown. For all the
examples shown, the mixed fine-tuned prediction was accurate, whilst the baseline
prediction was valid but not ring breaking. The disconnections suggested by the
mixed fine-tuned model are highlighted in blue, while the disconnections suggested
by the baseline model are highlighted in grey.
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benzimidazole ring, while the baseline model suggests a functional group interconver-

sion, which would be more suitable earlier in the synthetic route. In 3.7C. and 3.7D.

the baseline model predicts simple halogenation reactions rather than ring discon-

nections. Interestingly, although the mixed fine-tuned model’s prediction is accurate

for 3.7D., it was not counted as round-trip accurate due to the forward model pre-

dicting a condensation reaction with both the carboxylic acid and the nitro group

instead of just a single condensation with the former. This highlights a limitation of

metrics based on round-trip accuracy, where the model’s prediction is only assessed

by another model that is not 100% accurate instead of comparing the prediction to

those reported in the literature or assessed by skilled organic chemists. Finally, in

3.7E. the mixed fine-tuned model correctly predicts the disconnection of indazole,

while the baseline model suggests a Boc protection of the indazole nitrogen without

simplifying the molecule. While the ability of the model to suggest protection reac-

tions is notable, as they are crucial parts of synthetic routes, this specific protection

is unnecessary and might lead the model to predict a cycle of protection/deprotection

reactions, preventing further disconnections of the molecule.

3.3.1.2 Performance for other reaction classes

When tested on the General test set, the domain adaptation approaches exhibit al-

most the opposite trend to the performance on the Ring test set (Figure 3.8, Table 3.6

and Table 3.7). Performance of the fine-tuned model drastically decreases compared

to the baseline model, with the top-1 reactant accuracy dropping from 26.4% to 11.4%

and top-1 round-trip accuracy from 87.4% to 52.6% (Figure 3.8). The performance

of the ring-only baseline is even poorer, with only 2.0% top-1 reactant accuracy and

21.8% top-1 round-trip accuracy. Meanwhile, the metrics for the mixed fine-tuned

and multi-task model only change marginally, dropping by at most 2%. Ensemble

decoding falls in between, with a top-1 reactant accuracy of 22.7% and top-1 round-
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Figure 3.8: Comparison of model performance for all reaction classes. (A) Top-1
reactant accuracy and (B) top-1 round-trip accuracy are shown for the General test
set. All domain adaptation approaches (blue); multi-task, fine-tuned, mixed fine-
tuned (Mixed FT) models and ensemble decoding (Base+FT); are compared to the
two baselines (grey); baseline and ring-only model; and the template-based (Template)
model (yellow).
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Table 3.6: Recall-based metrics assessing all models’ performance on the General test
set for top-1/3/5 predictions.

Model Reactant accuracy Top-N accuracy

top-1 top-3 top-5 top-1 top-3 top-5

Baseline 26.4% 34.3% 36.8% 14.5% 21.5% 23.7%

Ring-only 2.0% 2.7% 3.0% 0.4% 0.7% 0.8%

Multi-task 26.1% 33.9% 36.5% 13.6% 20.6% 22.7%

Fine-tuned 11.4% 16.1% 17.8% 2.7% 4.6% 5.3%

Mixed fine-tuned 24.8% 32.7% 35.2% 12.5% 19.1% 21.0%

Ensemble decoding 22.7% 30.1% 32.3% 9.3% 14.2% 15.6%

Template-based 2.1% 2.4% 2.4% 0.5% 0.6% 0.6%

trip accuracy of 77.9%. The same trends are observed when considering the metrics

for top-3/5 predictions (Table 3.6 and Table 3.7).

The template-based model performs similarly to the ring-only model and much

worse than any of the domain adaptation approaches, with top-1 reactant accuracy

of 2.1% and top-1 round-trip accuracy of 18.1% (Figure 3.8). With the training data

for this model including only ring-forming templates, such low performance is to be

expected. Interestingly, when considering top-3 and top-5 metrics, the increase in

reactant accuracy (Table 3.6) and coverage (Table 3.7) are lower for the template-

based model when compared to the ring-only model and the decrease in round-trip

accuracy (Table 3.7) is higher. This is similar to the trends observed when testing on

the Ring dataset and supports the conclusion that the sequence-to-sequence models

are capable of providing more diverse disconnections.

While the low accuracy of the ring-only and template-based models can be easily

explained by the lack of non-ring forming reactions in their training sets, the drop

in performance observed with the fine-tuned model can most likely be attributed to

catastrophic forgetting - the tendency of neural networks to forget previously learned

information when trained on new data. This drop can be disregarded if the models

are only intended for one-step ring disconnection. However, it becomes problematic
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Table 3.7: Precision-based metrics assessing all models’ performance on the General
test set for top-1/3/5 predictions.

Model Round-trip accuracy Coverage

top-1 top-3 top-5 top-1 top-3 top-5

Baseline 87.4% 85.4% 83.7% 87.4% 93.4% 94.7%

Ring-only 21.8% 20.0% 18.9% 21.8% 29.7% 33.5%

Multi-task 87.5% 86.0% 84.5% 87.5% 93.4% 94.7%

Fine-tuned 52.6% 49.7% 48.4% 52.6% 67.1% 71.7%

Mixed fine-tuned 85.4% 83.2% 81.3% 85.4% 92.2% 93.7%

Ensemble decoding 77.9% 75.7% 74.1% 77.9% 87.5% 89.9%

Template-based 18.1% 13.2% 10.6% 18.1% 24.7% 27.2%

for multi-step retrosynthesis as the fine-tuned, ring-only or template-based models

will not be able to disconnect the linear intermediates obtained after disconnecting

the ring. In that case, either the mixed fine-tuned or multi-task model would be more

suitable.

3.3.1.3 Suitability for use in multi-step retrosynthesis tools

Overall, both multi-task learning and mixed fine-tuning show improved performance

for ring-breaking disconnections while retaining the ability to predict other reaction

classes. While the fine-tuned model performs best for heterocycle disconnections, it

is not suitable for multi-step retrosynthesis due to catastrophic forgetting. Ensemble

decoding ranks in the middle, not being as good at ring disconnections as the fine-

tuned model, but also performing worse for other reaction classes than the mixed

fine-tuned model. While both the ring-only and the template-based models perform

better for ring disconnections than all domain adaptation approaches but fine-tuning,

their complete inability to predict other reaction classes prevents them from being

used for multi-step retrosynthesis on their own.

When considering time and computational resources, fine-tuning and mixed fine-

tuning are the two most optimal domain adaptation approaches. With the assumption
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that a pre-trained model is available, the fine-tuning time is ∼40 times shorter than

the training time for multi-task learning (∼40 minutes vs ∼28 hours on 1 x NVIDIA

Tesla V100 GPU in our case). While the same training time would be needed for en-

semble decoding as for fine-tuning or mixed fine-tuning, the inference time is doubled

due to two models being employed. While this difference is not as impactful when

making predictions at scales of hundreds of molecules (such as might be the case in

one academic lab), it becomes significant in higher throughput scenarios.

With all the above considerations in mind, mixed fine-tuning appears preferable

for use in multi-step retrosynthesis tools due to its good performance for both ring

disconnections and other reaction classes and significantly shorter training time com-

pared to multi-task learning (which is especially significant if planning to frequently

retrain the model as new data becomes available). Due to this, we perform all further

experiments and comparisons with the mixed fine-tuned model, as the most versatile

and best performing one.

3.3.2 Further fine-tuning on recent heterocycle formations

While the mixed fine-tuned model has shown good performance on the Ring test set,

many reactions present there are based on common, textbook chemistry and would be

obvious disconnection ideas for a trained synthetic chemist. To evaluate whether the

mixed fine-tuned model could predict newer reactions and extrapolate to unknown

disconnections, we extracted 1.5k heterocycle ring-forming reactions from 47 papers

published in 2022 detailing new heterocycle formation methodologies (here referred

to as Recent dataset). While the model was, unsurprisingly, unable to predict the

exact reported reactions, it provided ring-breaking round-trip accurate top-1 predic-

tions for 30.4% of the molecules. This indicates that while the reported reactions are

new, potentially more efficient or greener routes than those reported already, many

of the heterocycles formed were already synthetically accessible (Figure 3.9A). Inter-
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estingly, the routes suggested by our model often resembled the ground truth (3.9Ai.-

iii.). For example, both the mixed fine-tuned model and literature suggested the same

Friedländer synthesis for quinoline (Figure 3.9Ai.). In the literature synthesis, there

is an additional oxime intermediate; however, the mixed fine-tuned model’s prediction

follows the direct approach previously taken for trifluoromethane-substituted quino-

lines by Jiang et al.[282] On the other hand, the reaction predicted in Figure 3.9Aii,

while at the same site as the literature disconnection, does not have similar exam-

ples in the literature and does not look chemically viable. This is a case where the

model prediction might serve as an idea generator, but probably couldn’t be executed

directly.

Although the mixed fine-tuned model found valid ring-breaking disconnections for

almost a third of the molecules in the Recent test set, when compared to the top-1

ring-breaking round-trip accuracy on the Ring test set, this proportion is lower by

30%. Therefore, this indicates that the Recent test set includes a higher number

of heterocycles unknown to our model and therefore considered synthetically inac-

cessible. If the model was trained on those new heterocycle formations, it could

potentially explore a new region of the chemical space. To address this, we further

trained the mixed fine-tuned model using the Recent dataset. This updated 2022

fine-tuned model was trained on the three datasets: General, Ring and Recent for

another 6,000 steps starting from the mixed fine-tuned model, with a dataset weight

ration of 4:4:1 (Figure 3.9B). The top-1 accuracy of this 2022 fine-tuned model is

shown in Figure 3.9C. This updated 2022 fine-tuned model exhibited only a slight

decrease in accuracy on the General and Ring test sets while showing an increased

top-1 reactant accuracy on the Recent test set (89.9%). This illustrates that the

model can be fine-tuned to incorporate new reaction data without significantly com-

promising performance on previously learned tasks. While we used a small dataset

of heterocycle formations here, this approach could be applied to a larger dataset or
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B. C.

Figure 3.9: Recent reaction prediction. (A) Example valid predictions of the mixed
fine-tuned model on the Recent test set. All predicted reactants and reagents are
shown. (B) The further fine-tuning approach: the mixed fine-tuned model is further
trained on all three datasets. (C) Top-1 accuracy for the baseline, mixed fine-tuned
and further fine-tuned model on General, Ring and Recent test sets. Reactant accu-
racy is reported for the Ring and Recent test sets.
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reaction data for different reaction classes of interest.

3.3.3 Multi-step case studies

The previous sections demonstrated the mixed fine-tuned model’s performance on

single-step retrosynthesis tasks, however, in most real-life scenarios, multi-step ret-

rosynthesis prediction is much more applicable than single-step retrosynthesis. There-

fore, to assess the practical use of the mixed fine-tuned model in synthesis planning

for drug-like targets, we constructed a multi-step retrosynthesis prediction tool using

neural-guided A* Search, based on the algorithm used in Retro*.[245] Two drug-like

targets were chosen as case studies: CZS-035 and ADD (Figure 3.10), for which

syntheses were reported in 2023. The exact reactions employed in these syntheses are

therefore absent in our training set, which contains reactions from patents and litera-

ture up to 2022. For comparison, we also built an analogous multi-step retrosynthesis

tool employing the baseline single-step model, maintaining identical search settings.

The first case study, CZS-035, is a ligand for polo-like kinase 4 (PLK4) and

a warhead component used to synthesise a therapeutic PROTAC for breast cancer

treatment, discovered by Sun et al. [283] (Figure 3.10A). Both the baseline and mixed

fine-tuned multi-step models successfully identify retrosynthetic routes for CZS-035

from purchasable precursors in our stock molecule database. Both models accurately

reproduce the protection of nitrogen with Boc (A1) as seen in the literature synthe-

sis.[283] Both models also correctly identify the two SNAr disconnections used in the

literature to reproduce B1 and B2. However, the mixed fine-tuned model uniquely

identifies the final ring disconnection of pyrazole in B1 to C1 and C2, which aligns

with the literature approach. In contrast, the baseline model suggests the more com-

plex and more expensive pyrazolopyrimidine C3 as the final purchasable precursor.

This result showcases the enhanced performance of the mixed fine-tuned model for

predicting key ring disconnections for multi-step routes, overcoming catastrophic for-
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A. Retrosynthetic disconnections suggested by the mixed fine-tuned and baseline multi-step models for CZS-035

i) Mixed fine-tuned model

ii) Baseline model

B. Retrosynthetic disconnections suggested by the mixed fine-tuned compared to the literature route for ADD

i) Mixed fine-tuned model

ii) Literature route
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Figure 3.10: Example synthetic routes found by the mixed fine-tuned model for
molecules of clinical interest. (A) Comparison of the retrosynthetic routes for CZS-
035 predicted by (i) mixed fine-tuned and (ii) baseline models. (B) The retrosynthetic
route for ADD (i) predicted by the mixed fine-tuned model compared to (ii) the liter-
ature route. The baseline model failed to predict a complete route for this compound.

77



getting and correctly identifying all non-ring breaking disconnections of CZS-035.

We note that the ability of seq2seq models over template-based models to simulta-

neously suggest protections and SNAr disconnections in different sites as in A1 is a

unique advantage.

The second case study was ADD (compound 15d in ref [284]), a merged human

butyrylcholinesterase (hBChE) inhibitor/cannabinoid receptor 2 (hCB2R) ligand and

a therapeutic target for preventing learning impairments in Alzheimer’s disease (Fig-

ure 3.10B).[284] The baseline multi-step model failed to identify a synthetic route,

while the mixed fine-tuned model predicts retrosynthetic disconnections similar to

the literature route (Figure 3.10). Reagents were omitted from the literature route to

focus on the core synthons. While the mixed fine-tuned model deviated by not repro-

ducing the carbamate disconnection of ADD to benzyl-protected phenol D1, instead

using the pre-synthesised phenyl carbamate E2, it proposed subsequent disconnec-

tions featuring the same cyclisation, reduction, and SNAr as the literature route to

mutually predicted reactants E1, F1, G1, and G2. This further reaffirms the im-

proved ring-breaking performance in multi-step retrosynthesis of the mixed fine-tuned

model, where the baseline model failed for the benzoimidazole scaffold in ADD.

These results demonstrate the capability of the mixed fine-tuned multi-step model

in suggesting tractable synthetic routes for newly-discovered, complex drug-like tar-

gets containing heterocycles. This highlights its potential as a tool for synthetic

chemists, aiding them in designing synthetic routes towards novel heterocycle-containing

therapeutics.

3.4 Conclusions

In this chapter, we compared four different transfer learning approaches: fine-tuning,

multi-task learning, mixed fine-tuning, and ensemble decoding, with the aim to im-

78



prove the performance of seq2seq retrosynthesis prediction models for ring-breaking

disconnections. We have found that mixed fine-tuning performs best overall, with

short training time, top-1 reactant accuracy for ring formations increased by 10%

compared to the baseline model, and a barely decreased accuracy on other reaction

classes. The accuracy for ring formations is comparable to the template-based model

we trained based on Ring Breaker; however, themixed fine-tuned model vastly outper-

forms the template-based model in other reaction classes. While the fine-tuned model

performs best for ring formations, with top-1 reactant accuracy of 40.5%, its perfor-

mance significantly drops for other reaction classes due to catastrophic forgetting.

This makes it unusable for multi-step retrosynthesis, which requires disconnection of

both rings and linear intermediates.

We have also introduced a new metric, the ”ring-breaking round-trip accuracy”, to

assess the performance of the models for ring-breaking disconnections. By comparing

the round-trip accuracy and ring-breaking round-trip accuracy of the baseline and

mixed fine-tuned models, we have shown that both models suggested viable discon-

nections for a similar proportion of molecules. However, the key improvement in the

mixed fine-tuned model was the type of disconnection suggested. While the baseline

model suggests common reactions, such as protections/deprotections or functional

group interconversions, which were either unnecessary or better suitable earlier in the

synthetic route, the mixed fine-tuned model favoured ring formation reactions, with

62.1% of disconnections being ring-breaking round-trip accurate.

We then introduced a method for further fine-tuning the model on additional reac-

tion data. By using this further mixed fine-tuning we have substantially improved the

model’s top-1 reactant accuracy on ring formation reactions published in 2022 from

0% to 89.9% without significantly compromising performance for older ring formation

reactions or other reaction classes. While this approach has been applied to a small

dataset of less than 1.5k heterocycle formations, it has the potential to be scaled up
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for a larger dataset or a different reaction class. The limitation of the established fur-

ther fine-tuning workflow is the need for access to all the datasets the model has been

previously trained on, which might not always be available in the case of proprietary

datasets. Future work could focus on exploring continual learning approaches that

don’t require access to data, for example generative or feature replay.[285]

Finally, we showcased the practical utility of the mixed fine-tuned model by using

it for multi-step retrosynthesis of two newly-discovered, complex drug-like compounds

containing heterocycles. This illustrates how the model can be used to assist syn-

thetic and medicinal chemists, aiding them in designing synthetic routes towards

novel heterocycle-containing therapeutics. While the above qualitative analysis indi-

cates that the mixed fine-tuned model outperforms the baseline model when applied

in multi-step retrosynthesis, conducting a quantitative analysis on a larger set of

heterocycle-containing molecules is crucial to establish whether the differences in the

performance of the single-step models fully translate to the multi-step predictions.
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Chapter 4

Exploiting validated synthesis

plans with active learning

Recent computational advancements have significantly accelerated the drug discov-

ery process; however, in silico design of molecules often results in compounds that,

despite possessing the desired properties, are not synthetically feasible. One ap-

proach to address this issue involves integrating retrosynthesis prediction tools, such

as the one discussed in Chapter 3, into the molecular design workflow to filter out

molecules that cannot be synthesised. Nonetheless, the computational cost and time

required to perform retrosynthetic analysis on every generated molecule are substan-

tial, highlighting the inefficiencies of this approach. A more effective strategy involves

considering synthetic feasibility during the molecule generation phase rather than as a

post-hoc filter. Recently, deep learning methods have emerged that incorporate syn-

thetic accessibility metrics directly into the objective function, optimising for both

desired properties and feasibility simultaneously. Despite these advances, traditional

enumeration-based approaches remain widely used, wherein molecules are generated

from predefined molecular fragments and reaction transformations, providing a prac-

tical and more reliable means of incorporating synthetic constraints into the drug
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design process.

This chapter discusses the design and application of retro-active, a framework

to generate synthesisable molecules optimised for user-defined scores. Retro-active

generates molecules based on a provided synthesis route and a provided stock of

building blocks (usually a commercial or in-house molecule library) available for enu-

meration. This approach facilitates the exploitation of the established chemistry in

hit-to-lead and lead optimisation stages of drug discovery projects to rapidly access

and test new compounds. The use of active learning for building block selection allows

retro-active to efficiently optimise the product molecule analogues for user-defined ob-

jective functions. In validation studies, retro-active successfully recovered 59% and

69% of the top-scoring ground truth molecules when employing objective functions

relevant to ligand-based and structure-based drug discovery, respectively, while eval-

uating only approximately 7% of the total chemical space. Furthermore, retro-active

demonstrated robust performance across various synthesis routes, generating drug-

like molecules tailored to a range of optimisation tasks, including multi-parameter

optimisation, thereby underscoring its versatility and potential utility in drug discov-

ery applications.

A manuscript detailing the work presented in this chapter was in preparation at

the time of submission.

4.1 Introduction

Computational methods such as virtual screening or de novo design have emerged

as significant contributors to the drug discovery process by substantially accelerating

the Design-Make-Test-Analyse (DMTA) cycles and expanding the chemical space of

molecules that can be explored (as discussed in Section 1.2).[4, 286] Synthesisability

of the in silico designed molecules is crucial for progressing them to experimental
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validation, however it is often considered as an afterthought or overlooked. Gao et

al. recently highlighted this issue, noting the low proportion of synthetically fea-

sible compounds produced by de novo generative models.[15] Since then, synthetic

accessibility has gained increased attention within the field of molecular generation,

with a range of strategies employed to address this challenge.[287] These strategies

include the incorporation of synthesisability filters and the implementation of biases

or constraints within the generative models (and other tools) to favour the production

of synthesisable molecules (Figure 4.1). An overview of those general strategies for

synthesisable molecule generation, together with their strengths and limitations, has

been provided below.

The most straightforward strategy for obtaining synthesisable molecules involves

post-hoc filtering (Figure 4.1A), where synthesis routes for previously generated

molecules are predicted using a retrosynthesis prediction tool[220–222, 225] or, for

a quicker but less reliable filter, a synthesisability score[142, 149, 153] is calculated

(as described in Sections 1.5 and 1.3 respectively). However, this approach can prove

slow and inefficient, with computational resources being wasted at both the genera-

tion and scoring stage, when only ∼30% of the molecules generated by deep learning

models are synthesisable.[15] The alternative that is steadily gaining popularity in-

volves integrating a bias towards synthesisability directly into the generative model

(Figure 4.1B). This can be achieved either through careful curation of the train-

ing set, ensuring only synthetically accessible molecules with desirable properties are

present, or by incorporating a synthesisability metric into the model’s objective func-

tion. Such metrics may include synthesisability scores or simpler heuristics describing

molecular complexity, such as SMILES length, the number of stereocenters, or the

substructures present. The recent work by Guo et al. has shown that, for sufficiently

sample-efficient generative models, even a retrosynthesis model can be included in

the objective function.[288]
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Figure 4.1: Strategies for synthesisable molecule generation. (A) In post-hoc filtering,
molecules obtained from a generative model are filtered based on the predictions of
a retrosynthesis tool or a synthesisability score. (B) Generative models can also be
biased towards synthesisable molecules, either through curation of the training set
or by including synthesisability metrics in the objective function. (C) In reaction-
constrained generation, molecules are obtained by constructing a synthesis route from
bottom up, through selection of building blocks and reaction actions. (D) In route-
based enumeration, molecules are constructed based on provided synthesis routes, by
exchanging the building blocks and propagating the changes from the bottom up to
arrive at product molecule analogues.
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Another recently emerging strategy for synthesisable molecule generation is the

use of reaction-constrained generative models (Figure 4.1C).[77, 173, 289–297] In

this approach product molecules are obtained based on a forward synthesis route,

theoretically guaranteeing synthesisability. The route is generated from the bottom

up, with building blocks selected by the model and combined through the application

of pre-defined reaction templates or a forward reaction prediction model. While this

approach shows promise, some concerns remain about the validity of the generated

synthesis routes and the breadth of chemical space explored by those models.[287]

A simpler, non-machine learning approach involves enumerating analogues of

product molecules based on a predefined synthesis route and available building block

stock (Figure 4.1D).[32, 298–300] This method restricts the generated compound

space to theoretically synthetically accessible molecules; however, it lacks an inher-

ent mechanism for optimising the molecules against a specific objective function.

Instead, desired properties can either be achieved through careful selection of the

building blocks or post-hoc filtering of the product molecules with the objective func-

tion. However, due to the combinatorial explosion associated with the exhaustive

enumeration of all possible building block combinations, scoring the entire possible

product space becomes impractical even for relatively simple systems. This is why

most work to date has focused on enumerating either one building block at a time or

significantly restricting the number of building blocks enumerated at each position.

Active learning (AL) is a commonly employed strategy in drug discovery when

exploring prohibitively large chemical spaces and employing expensive objective func-

tions.[58, 261, 264, 300, 301] This method involves an iterative cycle where molecules

are scored in small batches, and these scores are used to train a machine learning

model that serves as a computationally efficient surrogate for the objective func-

tion. The surrogate model is then employed to guide the selection of the next set

of molecules to evaluate. Active learning has been previously integrated with route-
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based enumeration, for generation of cyclin-dependent kinase 2 inhibitors.[300] In

this approach, product molecules were first enumerated using the PathFinder tool,

followed by the use of active learning to select the best molecules based on predicted

potency. While this approach has improved the computational efficiency of the filter-

ing stage, the explored chemical space was still restricted by the number of product

molecules that could be enumerated and stored in memory.

Here we introduce retro-active, a novel route-based enumeration framework for

molecular generation that employs active learning to identify and prioritise the most

promising building blocks for enumeration. Unlike previous approaches that apply

active learning at the product molecule level, retro-active leverages active learning

during the building block acquisition phase, allowing for the efficient exploration of

significantly larger chemical spaces. Retro-active can optimise product molecules for

a range of objective functions, including ligand-based and structure-based metrics, as

well as multi-parameter optimisation (MPO).

4.2 Retro-active

The retro-active tool was developed during my work at Exscientia to generate synthe-

sisable molecules optimised for user-defined objective functions. Retro-active designs

molecules based on a provided synthesis route, by exchanging the building blocks

in the route and enumerating product molecule analogues. It also simultaneously

optimises the product molecules for the provided objective function in a computa-

tionally efficient way through the use of active learning. A detailed description of the

retro-active workflow and the implemented building block acquisiton and product

enumeration methods are included below.
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Figure 4.2: Overview of the retro-active workflow. The workflow is split into three
stages: route setup, active learning and final acquisition. Given a synthesis route
and a building block stock as input, retro-active returns a pool of product molecules
obtained using the given synthesis route but starting from different building blocks.

87



4.2.1 Overview of workflow

The retro-active workflow (Figure 4.2) can be split into three distinct stages:

• Route setup, where the synthesis route is prepared for later stages and com-

patible building block pools are obtained.

• Active learning, the exploration-focused stage, where models are trained to

predict scores for building blocks in an iterative cycle of building block acquisi-

tion, product enumeration, and scoring.

• Final acquisition, the exploitation-focused stage, where the trained models

are used to select a large batch of highest scoring building blocks that are

enumerated to form the final product molecule pool together with molecules

scored in the previous stage.

The expected input for retro-active is a synthesis route together with a database

of available building blocks (a stock of molecules, usually from a commercial cata-

logue or available in-house). In the first stage, all reactions in the synthesis route are

atom-mapped in order to extract reaction templates. Then, for each of the starting

materials in the synthesis route, the reaction templates are used to assign the sub-

structures (functional groups) that need to be present in this building block for it

to be able to undergo all relevant reactions in the synthesis route. Those assigned

necessary substructures are then used to extract all compatible building blocks from

the building block database through substructure matching. This step completes the

route setup stage.

The active learning stage begins with a random acquisition of building blocks from

each compatible building block pool. Then, combinations of those building blocks are

enumerated and the new product molecules are obtained after forward enumeration

through the prepared synthesis route. Next, each product molecule is scored with the

objective function. The obtained scores are used to train a machine learning model
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for each of the starting materials in the route, that given a building block predicts the

score of a product molecule containing that building block. Those models are then

used to acquire the next batch of building blocks based on their predicted scores.

This process is repeated a set number of iterations (also referred to later as loops),

with the surrogate models being retrained every iteration on all previously scored

molecules. The models trained during the last iteration are then used for the final

acquisition stage.

In the final acquisition stage the previously trained models are used to acquire

a large batch of building blocks, typically much larger than the batches acquired

during the active learning iterations. The building blocks are always acquired from

the entire compatible building block pool, regardless of the acquisition method chosen

for the active learning stage (see section 4.2.2). Then, all combinations of the acquired

building blocks are enumerated and the product molecules are obtained after forward

enumeration through the prepared synthesis route. Finally, all product molecules are

scored with the objective scoring function and returned together with the product

molecules scored during the active learning stage.

4.2.2 Acquisition and enumeration strategies

Three building block acquisition strategies and two product enumeration strategies

were implemented as part of retro-active. A brief description of each strategy is

included below.

Acquisition:

• Random acquisition - Building blocks are selected through random sampling

from the whole building block pool. This strategy is only used for the initial

loop of active learning.

• Greedy acquisition - Building blocks are selected based on the score predicted
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by the surrogate models, with the highest scoring building blocks selected. If

selected, building blocks remain in the building block pool and can be selected

again in a later AL loop.

• Explorative acquisition - Building blocks are selected based on the score

predicted by the surrogate models, with the highest scoring building blocks

selected. Once selected, building blocks are removed from the building block

pool and cannot be selected again in a later AL loop.

Enumeration:

• Exhaustive enumeration - A cartesian product of the acquired building block

sets, i.e. all possible combinations of acquired building blocks are enumerated.

• Hypercube enumeration - A Latin hypercube sample of the Cartesian prod-

uct of the acquired building block sets, i.e. a sample from the exhaustively

enumerated product space that aims for the most equal coverage of the ac-

quired building blocks in the sampled product molecules. In all experiments

number of sampledproductmolecules ≥ number of acquiredbuilding blocks, so

each building block is guaranteed to contribute to at least one selected product

molecule.

4.3 Materials and Methods

In this study, retro-active was benchmarked on three synthesis routes towards active

molecules for different target proteins, using a variety of objective functions. The

methodology associated with those experiments is included below.
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4.3.1 Protein and molecule preparation

Protein/ligand systems: In this study, three different protein/ligand systems

were used for experiments: AZD5438 bound to CDK2 (PDB: 6GUH),[302] infigra-

tinib bound to FGFR1 (PDB: 3TT0)[303] and lasmiditan bound to 5-HT1F (PDB:

7EXD).[304]

Docking receptors: The relevant protein structures were prepared for docking us-

ing Exscientia’s internal pipeline based on OpenEye’s Spruce tool.[305]

Reference ligands: The reference ligand conformers used to calculate ROCS over-

lay were taken directly from the relevant co-crystal structures.

Conformer generation: The enumerated product molecules went through a series

of preparation and conformer generation steps before docking/ROCS overlay. The

preparation step used an internal pipeline based on OpenEye tools to standardise the

molecules, enumerate tautomers (using Oequacpac) and enumerate unspecified stere-

ochemistry centres (using Omega). The conformer generation step used OpenEye tool

Omega to get a maximum of 5 conformations for the 1M space benchmark experi-

ments, 10 conformations for ROCS overlay in other experiments and 20 conformations

for docking in other experiments.

4.3.2 Synthesis route preparation

The synthesis route for AZD5438 was predicted using IBM RXN.[225] For infigratinib

and lasmiditan, literature routes were used with minimal modifications.[306, 307]

All reactions in the synthesis routes were atom-mapped using rxnmapper[194] and

reaction templates were extracted using rdchiral-cpp,[280] setting no special groups

to True and template radius to 0 (with the exception of the route for lasmiditan where

the radius was set to 1).
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4.3.3 Building block stock

All building blocks used in this study were extracted from Exscientia’s internal version

of MCule (accessed Sept. 18, 2023).[308] The building block stock contained 5,613,802

molecules.

4.3.4 Model training

In all experiments the model used was a Random Forest regressor, trained using scikit-

learn[309] with the default hyperparameters. The models were trained to predict the

value of the relevant objective function for the product molecule, given the Morgan

fingerprint of the building block. 2048-bit Morgan fingerprints were used with a radius

of 2. These fingerprints were precomputed using RDKit[143] and cached to minimise

inference time. During each active learning loop the models were retrained on all

molecules scored during this and all previous loops.

4.3.5 Scoring functions

4.3.5.1 ROCS

Both 3D shape similarity and 3D shape and pharmacophore similarity were computed

using OpenEye’s ROCS tool.[63] The molecules were prepared as described in sec-

tion 4.3.1. The ROCS score for a molecule was defined as the highest score achieved

by any of its conformers: ROCS ShapeTanimoto for 3D shape similarity and ROCS

TanimotoCombo for 3D shape and pharmacophore similarity. The ShapeTanimoto

score ranges between 0-1, with a higher score indicating more similar molecules. The

TanimotoCombo score ranges between 0-2 and is a sum of ShapeTanimoto and Col-

orTanimoto scores.
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4.3.5.2 Docking

Docking was performed using the OpenEye HYBRID tool.[310] The molecules were

prepared as described in section 4.3.1. Five poses were docked for each molecule and

the docking score for a molecule was defined as the Chemgauss4 score for the lowest

scoring pose. For MPO experiments, the negative of the docking score was used and

divided by 20.

4.3.5.3 Multi-parameter optimisation

Each multi-parameter optimisation (MPO) objective function was defined as a weighted

geometric mean of ROCS/docking score (referred to below as Shape score), Quanti-

tative Estimate of Drug-likeness (QED),[311] and various ADMET properties:

i+5
√

Shape scorei ×QED × hERGI score× PXR score×MDCK score× logD score

The Shape scores were obtained as described in sections 4.3.5.1 and 4.3.5.2 with the

remaining scores described below.

QED: The QED score was calculated using RDKit. No transformations were neces-

sary as the score is in the 0-1 range, with a higher score being more desirable.

hERGI: Exscientia’s internal regression model was used to predict the pIC50 value

for hERG. The pIC50 values were transformed into the hERGI score:

hERGI score = (pIC50− 8)/(4− 8)

so that typically obtained pIC50 values corresponded to a hERGI score in the 0-1

range, with the molecules likely to inhibit hERG obtaining a lower hERGI score.

PXR: Exscientia’s internal classification model was used to predict pregnane X re-

ceptor (PXR) activation. A PXR score value of 0 was assigned for molecules that
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were predicted to activate PXR and a value of 1 was assigned for molecules that did

not, so that a low score corresponded to molecules likely to upregulate the undesired

metabolism.

MDCK: Exscientia’s internal regression model was used to predict log10(AB Papp)

for Madin-Darby canine kidney (MDCK) cell permeability. The output was trans-

formed into the MDCK score:

MDCK score = (log10(ABPapp) + 1)/(2 + 1)

so that typically obtained permeability values corresponded to a MDCK score in the

0-1 range, with the molecules likely to be permeable obtaining a higher MDCK score.

logD: Exscientia’s internal regression model was used to predict logD. The predicted

logD value was transformed into the logD score:

logD score =


1√
2π
e−

(logD−1)2

2 if logD < 1

1 if 1 ≤ logD ≤ 3

1√
2π
e−

(logD−3)2

2 if 3 < logD

so that all values were in the 0-1 range with values closer to the optimal logD range

receiving a higher logD score.

4.4 Results

Initial benchmarking of retro-active was conducted on the synthesis route towards

AZD5438, a potent inhibitor of cyclin-dependent kinase 1,2 and 9 (CDK1/2/9), which

is shown in Figure 4.3.[312] Out of the four starting materials in the route, three

were considered for replacement (highlighted in green, orange and blue) as only they

affected the structure of the final product. For each of those starting materials a pool
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of compatible building blocks was extracted from the building block stock, containing

720,920, 150,128 and 720,920 molecules respectively and leading to a product molecule

space of over 1016 molecules.
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Figure 4.3: Synthesis route towards AZD5438. The green, orange and blue boxes
contain building blocks considered for replacement, with the corresponding substruc-
ture highlighted in the product molecule in the same colour. The size of the com-
patible building block pool and the enumerated product space is included next to
the molecules; numbers in brackets are for the 1M product space experiments. The
compatible building blocks were selected based on containing the substructures high-
lighted in gray.

4.4.1 Benchmarking retro-active on 1M product space

For the first stage of benchmarking, to allow for full enumeration of product space and

comparison to ground truth scoring, only two building blocks in the route were con-

sidered for replacement: the 5-bromo-1-isopropyl-2-methyl-1H-imidazole (blue) and

the 1-bromo-4-(methylsulfonyl)benzene (green). For each of those starting materials,

1,000 building blocks were randomly sampled from their respective compatible build-

ing block pools, creating a product space of 1M molecules. This section describes the

95



results of benchmarking retro-active conducted on that 1M product space, focusing

on its ability to recover ground-truth top-scoring molecules and the distributions of

scores for the molecules it selects. In each of the benchmarking experiments, five loops

of active learning, with ∼2,000 molecules scored per loop, were followed by a final

acquisition of 250x250 building blocks (corresponding to 62,500 product molecules).

This means that in each run of retro-active ∼7% of the enumerated product space

was scored.

4.4.1.1 Comparison of acquisition and enumeration strategies

To begin with, all combinations of the available building block acquisition methods

(explorative and greedy acquisition) and product enumeration methods (hypercube

and exhaustive enumeration) were benchmarked with two objective scoring functions:

ROCS TanimotoCombo score and the docking score for CDK2 (Figure 4.4). For ex-

periments with hypercube enumeration, 100x100 building blocks were acquired every

loop but only 2,000 product molecules were enumerated for scoring. For experiments

with exhaustive enumeration, to obtain a comparable number of molecules to score

per loop, only 45x45 building blocks were acquired, leading to 2,025 molecules being

scored per loop. Six retro-active runs were performed for each method combination,

with every run starting from a different random state.

Overall, the combination of explorative acquisition and hypercube enumeration

performed the best, with, on average, 59% of the top-scoring molecules recovered for

ROCS and 69% for docking (Figure 4.4A). The difference in performance between

the methods was more pronounced in the case of docking than ROCS. In each case

explorative acquisition + hypercube enumeration was followed by greedy acquisition

+ hypercube enumeration, and explorative acquisition + exhaustive enumeration,

with greedy acquisition + exhaustive enumeration performing the worst. However,

for ROCS scoring, greedy acquisition + hypercube enumeration and explorative ac-
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Figure 4.4: Comparison of all combinations of available acquisition and enumeration
methods: explorative acquisition (EA), greedy acquisition (GA), hypercube enumera-
tion (HE) and exhaustive enumeration (EE) for scoring with ROCS TanimotoCombo
and docking score. (A) Proportion of ground-truth 100 top-scoring molecules acquired
by retro-active. The average of six runs is shown, with the error bars representing the
standard error. (B) Violin plots showing the distribution of scores for the top-1000
molecules selected by retro-active for a single randomly selected run.
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quisition + exhaustive enumeration were both within error of explorative acquisition

+ hypercube enumeration. Meanwhile, for docking, explorative acquisition + hyper-

cube enumeration performed significantly better than the other three methods, which

all recovered between 44% and 50% of the top scoring molecules. It is noteworthy

that the initial random state can significantly affect the outcome of active learning

(see Appendix D). For example, for the combination of explorative acquisition and

hypercube enumeration scored with ROCS, in four out of the six runs between 68%

and 75% of the top scoring molecules were found but in the other two runs this num-

ber was twice as low with only 32% and 34% of the top molecules recovered. While

less variability was observed in the case of docking, there were still significant dif-

ferences between runs with 52% of top-scoring molecules recovered in the worst run

and 81% in the best run for explorative acquisition + hypercube enumeration. The

overall better performance and less variance for docking score vs ROCS is unexpected

and might be an artifact of the sub-sampled building block space - repeating the ex-

periments with different sampling of the building block pools could be beneficial to

establish if that is the case.

Figure 4.4B shows the distributions of ROCS and docking scores for the top-1000

molecules selected by retro-active. For ROCS, the molecules obtained using hypercube

enumeration score significantly better than those obtained with exhaustive enumera-

tion, however less difference is observed between the two acquisition methods. Even

though explorative acquisition + hypercube enumeration recover 70% of ground-truth

top-scoring molecules in the run visualised here, while greedy acquisition + hypercube

enumeration only recover 61%, this difference is not reflected in the score distribution.

For docking, molecules obtained with explorative acquisition + exhaustive enumera-

tion score significantly worse than the other three methods. This is not surprising,

as the active learning run visualised in Figure 4.4B was the worst one out of the six

repeats for explorative acquisition + exhaustive enumeration with only 36% of top-
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scoring molecules recovered. However, yet again, the score distributions do not reflect

that explorative acquisition + hypercube enumeration recovered 14 more top-scoring

molecules than the next best performing method. This shows that retro-active is still

able to obtain good scoring molecules even when it doesn’t recover all the ground

truth best molecules.

The above results establish that the combination of explorative acquisition and

hypercube enumeration leads to best, or at least comparable to other methods, perfor-

mance for retro-active. This is not surprising, as this combination of acquisition and

enumeration methods should lead to most different building blocks being acquired and

present in molecules scored during active learning, allowing the surrogate models to

learn more of the building block chemical space. In light of those results, explorative

acquisition and hypercube enumeration were used in all subsequent experiments.

4.4.1.2 Effect of number of AL iterations

While five iterations of active learning were used in the previous experiment following

the results from earlier internal studies, we wanted to observe whether the same

number of iterations would also be most optimal for retro-active. To study this, retro-

active was used with the parameters described in the previous section for explorative

acquisition and hypercube enumeration but with different numbers of active learning

iterations, covering each value between zero and five. The distributions of scores

for the top-1000 molecules and the proportion of ground truth top-scoring molecules

that were recovered after each loop are shown in Figure 4.5 for scoring with ROCS.

The greatest improvement in the obtained molecules is seen after the first loop of

active learning, with each subsequent loop bringing a smaller improvement than the

previous one. The difference between four and five iterations is minimal, both in the

distribution of scores for the top-1000 molecules and the proportion of ground truth

top-scoring molecules recovered (72% vs 73%). While the score distribution differs
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Top-100 molecules:

Figure 4.5: Effect of loop number on the performance of retro-active. The distribu-
tions of ROCS TanimotoCombo score are shown for the top-1000 molecules selected
after 0-5 loops of active learning together with the ground truth top-1000 molecules.
The proportion of ground truth top-100 molecules recovered is provided on the right.

greatly from the ground truth top-1000 molecules, running retro-active for as many

as ten loops did not improve the score distribution or allow for recovery of more than

80% of ground truth top-scoring molecules. This indicated that there is a limit to how

well the surrogate models can learn the mapping between the building block and the

resulting product molecule score, or even how well that mapping can be described,

with the molecule score being also affected by building blocks at other positions in

the route. In light of those results, and with the same trend observed for docking,

it was established that five active learning iterations were optimal for retro-active,

balancing good performance with reasonable run time.

4.4.1.3 What is retro-active missing?

To determine why retro-active was not able to retrieve all ground truth top-scoring

molecules, we analysed the building blocks present in those molecules and the ef-

fect their structural differences had on whether they were acquired by retro-active or

not. The ground truth top-100 molecules contained 12 different building blocks re-
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Figure 4.6: Analysis of building blocks present in ground truth top-100 product
molecules. The bar charts represent the frequency with which each building block
appears in the top-100 products, with the coloured portion indicating how often
that block was present in one of the 73 molecules recovered by retro-active. Build-
ing blocks replacing 5-bromo-1-isopropyl-2-methyl-1H-imidazole (blue) are shown on
the left and building blocks replacing 1-bromo-4-(methylsulfonyl)benzene (green) are
shown on the top. The top-100 molecules are represented as circles placed at the
intersection of the building blocks they contain: orange if the molecule was recovered
by retro-active and grey if not. Structures of selected building blocks are shown.

placing 5-bromo-1-isopropyl-2-methyl-1H-imidazole and 55 building blocks replacing

1-bromo-4-(methylsulfonyl)benzene (Figure 4.6). The 5-bromo-1-isopropyl-2-methyl-

1H-imidazole position was mostly substituted by three building blocks which together

covered 83% of the top-product space. On the other hand, the distribution for 1-

bromo-4-(methylsulfonyl)benzene replacements was more even, with the majority of

building blocks appearing in the top-scoring products only once or twice and the most

frequent building block appearing 12 times.

Out of the 12 building block analogues of 5-bromo-1-isopropyl-2-methyl-1H-imidazole,

11 were acquired by retro-active in the final acquisition step. All of those 11 building

blocks contained a five membered aromatic ring with two nitrogens, either imida-

zole or pyrazole, mimicking the substructure found in the original building block.

Conversely, the building block that was not found by retro-active did not contain a

heterocyclic core, instead being an iodobenzene derivative. This structural difference

could have contributed to the building block not being selected in the final acquisition
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stage, especially since it was also not in any of the product molecules scored during

the active learning stage.

The top building blocks at the 1-bromo-4-(methylsulfonyl)benzene position were

much more poorly recovered. Only 39 out of the 55 building blocks present in the

top-scoring products were acquired in the final acquisition step. Unlike for the 5-

bromo-1-isopropyl-2-methyl-1H-imidazole replacements, there were no obvious struc-

tural differences between the building blocks at this position that were acquired by

retro-active and those that were not. Moreover, the surrogate model’s inability to

select those building blocks in the final acquisition stage can’t always be attributed to

poor exploration of the chemical space surrounding them during the active learning

stage, with 7 out of the 16 building blocks present in the scored product molecules.

Overall, retro-active recovered all the building blocks appearing at least four times

in the top-100 product molecules, but struggled with the less frequently appearing

building blocks. With structural differences not accounting for all the building blocks

that were not recovered, it is possible that the score distributions for all product

molecules containing those building blocks were not sufficiently different from those

for other top-scoring building blocks and therefore the surrogate model was not able

to prioritise them.

As an aside, even if the surrogate models were able to learn the mapping be-

tween the building block structure and the product molecule score perfectly, it would

still require at least 55x55=3025 product molecules to be enumerated to recover the

top 100. The inefficiency in building block sampling could in theory be mitigated

by uneven acquisition of building blocks from each position, for example guided

by the building blocks’ scores. Even then, at least 12x55=660 product molecules

would need to be enumerated. However, for the system explored in this experiment,

the distributions of building block scores at the two positions were not sufficiently

different to support meaningful asymmetrical sampling, with 243 and 257 building
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blocks corresponding to the 5-bromo-1-isopropyl-2-methyl-1H-imidazole and 1-bromo-

4-(methylsulfonyl)benzene positions in the overall 500 top-scoring building blocks.

4.4.1.4 Comparison to non-ML based selection

Finally, Retro-active was compared to other building block selection methods, ones

not based on machine learning models, to establish whether using active learning

for building block selection helped retro-active obtain better scoring molecules. The

benchmarked methods included:

• selection based on only hypercube enumeration - 1,000 product molecules are

obtained through hypercube enumeration (so that each building block is sam-

pled exactly once) and scored; building blocks present in the highest scoring

product molecules are selected

• selection based on highest tanimoto similarity of the building block fingerprints

• random selection

For each of the non-ML based methods 250x250 building blocks were acquired and

enumerated exhaustively to form 62,500 product molecules. Six repeats were per-

formed for random selection and selection based on hypercube enumeration. For

retro-active the same setup was used as described in section 4.4.1.1 for explorative

acquisition + hypercube enumeration.

Figure 4.7 shows the results of benchmarking retro-active against these non-ML

based methods. For docking, retro-active significantly outperforms all other methods,

with selection based on only hypercube enumeration coming second and recovering

45.5% ground truth top-scoring molecules. The difference between active learning

and selection based on hypercube enumeration is smaller for ROCS, with the latter

recovering 51% of the ground truth top-scoring molecules, which is within error of
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Figure 4.7: Comparison of retro-active (AL) to non-ML based building block se-
lection methods: based on scores from one round of hypercube enumeration (Only
HE), fingerprint similarity (2D sim) and random selection for scoring with ROCS
TanimotoCombo and docking score. (A) Proportion of ground-truth 100 top-scoring
molecules acquired by retro-active. The average of six runs is shown, with the er-
ror bars representing the standard error. (B) Violin plots showing the distribution
of scores for the top-1000 molecules selected by each method for a single randomly
selected run.
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retro-active. However, the distribution of both ROCS and docking scores for the top-

1000 molecules is better for retro-active than for selection based on only hypercube

enumeration. Both random selection and selection based on 2D similarity perform

much worse than retro-active. Interestingly, in the case of both ROCS and docking,

random selection recovers a higher proportion of ground truth top-scoring molecules

than selection based on 2D similarity, but has a worse distribution of scores for the

top-1000 molecules.

The fact that both retro-active and selection based on only hypercube enumera-

tion significantly outperform the other two methods shows the benefit of including

product molecule scoring in the building block selection process. Moreover, the bet-

ter performance of retro-active demonstrates that the surrogate models used in active

learning can utilise the scores to select even more advantageous building blocks.

4.4.2 Multi-parameter optimisation

Having benchmarked retro-active for simple objective scoring functions, we wanted

to determine whether it could be used to obtain molecules optimised for multiple

objectives. AZD5438 was again used as a starting molecule, with the same synthesis

route as used previously (Figure 4.3). However, for the multi-parameter optimisation

(MPO) experiments, all three relevant building blocks were considered for replace-

ment, with the entire compatible building block pools used - leading to a possible

product space of over 1016 molecules.

The MPO objective function used for this experiment was formulated to resemble

an example MPO score that would be used in a lead-optimisation stage of a drug

discovery project. It included scores describing shape similarity, drug-likeness of the

molecules and absorption, distribution, metabolism, excretion and toxicity (ADMET)

properties:

• 3D shape similarity as described by the ROCS ShapeTanimoto score
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• Quantitative Estimate of Drug-likeness (QED),[311] accounting for properties

such as molecular weight, logP, number of hydrogen bond donors and acceptors,

etc.

• Inhibition of hERG, an ion channel responsible for the potassium cation flux in

the heart muscle cells, which is the most common cause for drug cardiotoxicity

• Activation of pregnane X receptor (PXR), which up-regulates the expression of

proteins involved in drug clearance

• logD, a measure of drug lipophilicity

• Cell permeability, calculated for Madin-Darby canine kidney (MDCK) cells

The MPO objective function is a geometric mean of scores for the above properties,

each with weight 1 (for a detailed description see section 4.3.5.3).

4.4.2.1 Comparison to other selection methods

Retro-active was first benchmarked against random selection and a set of molecules

from ChEMBL.[313] For retro-active, explorative acquisition and hypercube enumer-

ation were used per previous experiments. The active learning was run for five it-

erations, with 20,000x20,000x20,000 building blocks acquired each loop and 40,000

product molecules enumerated and scored. In the final acquisition stage, 60x60x60

building blocks were acquired and enumerated into 216,000 product molecules. This

corresponded to 416,000 product molecules being scored in total by retro-active. To

allocate a similar number of calls to the objective function for random selection,

75x75x75 building blocks were randomly sampled and enumerated exhaustively to

obtain 421,875 product molecules. For the ChEMBL molecules, all molecules with

associated activities for CDK2 were extracted and scored.

Figure 4.8A shows the distribution of scores for the top-1000 highest scoring

molecules (according to the MPO score) obtained by each of those methods. The PXR
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MPO: 0.839
ROCS: 0.763
QED: 0.768

MPO: 0.842
ROCS: 0.670
QED: 0.772

MPO: 0.843
ROCS: 0.812
QED: 0.715

MPO: 0.844
ROCS: 0.743
QED: 0.772

MPO: 0.842
ROCS: 0.744
QED: 0.784

MPO: 0.839
ROCS: 0.749
QED: 0.735

Figure 4.8: Performance of retro-active for multi-parameter optimisation. (A) Com-
parison of score distribution for the 1,000 highest scoring molecules obtained by retro-
active (AL, in orange), random selection of building blocks (Random, in blue) and
molecules from ChEMBL with associated activities for CDK2 (ChEMBL, in green).
The shown scores are ROCS ShapeTanimoto, QED, hERG pIC50, logD, MDCK
log10(AB Papp) and the MPO score. The PXR activation score distribution is not
provided as all top-1000 molecules were predicted to be inactive. The red lines rep-
resent commonly acknowledged thresholds for the scores where relevant, while the
arrows represent whether a higher (up) or lower (down) score is more desirable. (B)
Example molecules from top-10 obtained after active learning. The ROCS shape
overlay with AZD5438 is visualised, with the QED, ROCS ShapeTanimoto and MPO
scores provided below.
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activation score distribution is not provided as all top-1000 molecules were predicted

to be inactive. The molecules selected by retro-active significantly outscore those ob-

tained through random selection according to the MPO score and all of its other com-

ponents. For the three ADMET properties, hERGI, logD and MDCK permeability,

the majority of molecules returned by retro-active are below (or above for MDCK) the

commonly acknowledged acceptable threshold: logD<3, hERG pIC50<5 and MDCK

log10(AB Papp)>0.3. When compared to the ChEMBL molecules, molecules ob-

tained by retro-active have a similar, but sharper, distribution of the MPO score.

For some of the MPO components, such as QED, molecules from ChEMBL tend to

have a better score, while for others, most notably ROCS, the molecules obtained

by retro-active score better. However, overall it can be concluded that retro-active

can optimise molecules for multiple objectives at the same time and return molecules

with drug-like properties, resembling those present in ChEMBL.

Examples of top-scoring molecules obtained by retro-active are shown in Figure

4.8B. When looking at the top-10 scoring molecules, the main pyrimidine core of

AZD5438 is replaced by only two building blocks, thiophene and 3-fluoropyridine.

There is more variety in the building blocks selected at the other two positions in the

route, although the imidazole-based building block is most often replaced by other

imidazole or pyrrazole derivatives. While most of the acquired product molecules look

drug-like, a more extensive building block database curation process could be imple-

mented in the future to remove building blocks with potentially unsuitable properties

or functionality, such as the isonitrile group present in the second molecule in Figure

4.8B.

Finally, retro-active was compared to hypercube enumeration, used as a more

difficult benchmark than random selection (see section 4.4.1.4). For hypercube enu-

meration 720,920 product molecules were first scored and then a further 65x65x65

building blocks present in highest scoring molecules were selected and enumerated
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Figure 4.9: Benchmarking multi-parameter optimisation with retro-active vs selection
based on only hypercube enumeration. Comparison of score distribution for the 1,000
highest scoring molecules obtained after a standard retro-active run (AL, in orange),
building block selection based on scores from one round of hypercube enumeration
(HE, in blue) and a longer retro-active run, with the same scoring budget as only
hypercube enumeration (LongAL, in green). The shown scores are ROCS ShapeTan-
imoto, QED, hERG pIC50, logD, MDCK log10(AB Papp) and the MPO score. The
PXR activation score distribution is not provided as all top-1000 molecules were pre-
dicted to be inactive.

to form 274,625 molecules, with 995,545 molecules scored in total. For retro-active,

in addition to the standard run discussed above, a longer run was performed with a

similar number of molecules being scored when compared to scoring based on only

hypercube enumeration. For the long retro-active run, twelve iterations of active

learning were performed with 20,000x20,000x20,000 building blocks acquired each it-

eration (using greedy acquisition) and 40,000 product molecules enumerated, with

a final acquisition of 80x80x80=512,000 product molecules and 992,000 molecules

scored in total. The distribution of scores for the top-1000 highest scoring molecules

obtained by each of those methods are shown in Figure 4.9. Even though over twice

as many molecules were scored in selection based on hypercube enumeration than in

the standard retro-active run, the molecules obtained by retro-active had, on average,
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Figure 4.10: Effect of number of active learning iterations on multi-parameter op-
timisation. The distributions of ROCS ShapeTanimoto, QED, hERG pIC50, logD,
MDCK log10(AB Papp) and MPO score are shown for top-1000 molecules obtained
from retro-active after 0-5 loops of active learning (L0 to L5).

a higher MPO score. The distributions of scores for all the MPO components were

also either better for retro-active (ROCS ShapeTanimoto and QED) or comparable

(ADMET properties) to hypercube enumeration. The molecules obtained after the

longer retro-active run had even better properties, with the MPO score and all of

its components much improved when compared to selection based off only hypercube

enumeration. However, the high computational cost of obtaining the scores for all six

components of the MPO for almost 1M molecules means that the longer retro-active

runs are less feasible to use and were not adopted for further experiments.

4.4.2.2 Effect of number of AL iterations

Similarly to the experiments performed for single-objective functions, the effect of the

number of active learning iterations on multi-parameter optimisation was also studied.

Retro-active was run with the same configuration as described in the previous section

but with a final acquisition step performed every iteration (as in section 4.4.1.2).
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Figure 4.10 shows the distributions of scores for the top-1000 molecules that would be

obtained if retro-active was run with between zero and five active learning iterations.

The MPO score distribution improves with every loop, with the mean score increasing

and the distribution becoming sharper. As in previous experiments (section 4.4.1.2),

the greatest improvement is seen during the first iteration, with the changes becoming

smaller each subsequent iteration. The distributions of scores for the components of

the MPO score also improve with every iteration. For some, such as hERG inhibition

or MDCK permeability, the scores after only one iteration are already very good and

further improvements are marginal. For other components, such as QED or ROCS

ShapeTanimoto, the improvement is more consistent across iterations, potentially

because they have a more complex relationship to the building block structure and

the surrogate models require more data to learn it. Even with the different trends

in how the scores are optimised, the above results demonstrate that both the MPO

score and all its components can be optimised by retro-active in five iterations of

active learning, similarly to what was previously shown for single-objective scoring

functions.

4.4.3 Case studies

Having benchmarked retro-active on AZD5438, we wanted to observe whether the

same performance would be obtained for other systems. Two synthesis routes to-

wards known therapeutics were chosen with different route topologies: one linear

route and one convergent route. In both cases, retro-active was used with five itera-

tions of active learning, with 5,000x5,000x5,000 building blocks acquired and 10,000

product molecules enumerated and scored every loop. At the final acquisition stage

77x77x77 building blocks were acquired and enumerated to form 456,533 product

molecules, which in total amounted to 506,533 molecules being scored. For both case

studies retro-active was compared to random selection of 80x80x80=512,000 product
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molecules and a set of molecules from ChEMBL with known activities for the relevant

target protein. The effect of active learning iterations was also studied as in section

4.4.2.2.

4.4.3.1 Infigratinib

The first case study was infigratinib, a fibroblast growth factor receptor (FGFR)

inhibitor that was initially marketed for cholangiocarcinoma.[314] The synthesis route

used is shown in Figure 4.11 and is a shortened version of the literature route towards

this molecule.[307] Only three of the building blocks were considered for replacement

to restrict the possible product molecule space and the number of molecules scored

during each active learning iteration. The MPO function used for scoring was a

weighted geometric mean of QED and the ADMET properties described in section

4.4.2 (each with weight=1) and the ROCS TanimotoCombo score (with weight=2).

The distribution of the MPO scores and its components for the top-1000 highest

scoring molecules obtained by retro-active compared to random selection and known

binders of FGFR1 from ChEMBL are shown in Figure 4.12A. Similarly to the results

obtained for AZD5438, retro-active is able to retrieve molecules with better score

distributions for the MPO score and all its components than random selection for the

synthesis route towards infigratinib. Almost all of the top-scoring molecules are below

the threshold for hERG pIC50 and above the threshold for MDCK permeability. How-

ever, the average logD of the obtained molecules is higher than it was for AZD5438,

potentially due to the larger size of infigratinib. Despite this, the molecules obtained

by retro-active still have a better MPO score than the known binders of FGFR1 from

ChEMBL, mostly aided by the higher ROCS TanimotoCombo scores. The distri-

bution of hERG pIC50 and logD is similar, but sharper, for molecules obtained by

retro-active when compared to the molecules from ChEMBL. The ChEMBL molecules

have a better QED score and MDCK permeability, as was the case for AZD5438, but
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Figure 4.11: Synthesis route towards infigratinib. The green, orange and blue boxes
contain building blocks considered for replacement, with the corresponding substruc-
ture highlighted in the product molecule in the same colour. The size of the com-
patible building block pool and the enumerated product space is included next to
the molecules. The compatible building blocks were selected based on containing the
substructures highlighted in gray.
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Infigratinib

MPO: 0.928
ROCS: 1.250 
QED: 0.664

MPO: 0.918
ROCS: 1.266
QED: 0.589

MPO: 0.913
ROCS: 1.248 
QED: 0.627

MPO: 0.905
ROCS: 1.105 
QED: 0.698

Figure 4.12: Performance of retro-active for infigratinib. (A) Comparison of score
distribution for the 1,000 highest scoring molecules obtained by retro-active (AL, in
orange), random selection of building blocks (Random, in blue) and molecules from
ChEMBL with associated activities for FGFR1 (ChEMBL, in green). The shown
scores are ROCS TanimotoCombo, QED, hERG pIC50, logD, MDCK log10(AB Papp)
and the MPO score. The PXR activation score distribution is not provided as all
top-1000 molecules were predicted to be inactive. The red lines represent commonly
acknowledged thresholds for the scores where relevant, while the arrows represent
whether a higher (up) or lower (down) score is more desirable. (B) The reference
compound with pharmacophores considered by ROCS highlighted in colour. (C)
Example molecules from top-20 obtained after active learning. The ROCS shape
and pharmacophore overlay with infigratinib is visualised, with the QED, ROCS
TanimotoCombo and MPO scores provided below.
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retro-active still improves those scores over random selection.

Selected top scoring molecules retrieved by retro-active are shown in Figure 4.12C,

with their shape and pharmacophore overlap with infigratinib visualised. The phar-

macophores for infigratinib are provided as reference in Figure 4.12B. Within the top-

20 molecules obtained by retro-active, more variety in the sampled building blocks was

seen for the terminal building blocks than for the core, similarly to what was observed

for AZD5438. The ShapeTanimoto score for the top molecules was much higher than

the ColourTanimoto score (∼0.7 vs ∼0.5) showing that optimising for shape similar-

ity was an easier task than for pharmacophore similarity. The low ColourTanimoto

score can be mostly attributed to the lack of pharmacophores corresponding to the

two oxygens on 1,5-dichloro-2,4-dimethoxybenzene and in some cases the nitrogen on

1-ethylpiperazine. It is possible that because 1,5-dichloro-2,4-dimethoxybenzene is

quite a complex and substituted building block, there are not many other compat-

ible building blocks in the pool that would be able to replicate both its shape and

pharmacophores, making it difficult for retro-active to find them.

In regard to the performance across different active learning iterations, the increase

in average MPO score was yet again observed with every AL iteration (as shown in

Figure 4.13). Significant improvement was seen during the first three iterations with

further changes being more marginal. Interestingly, the same behaviour was not

exhibited by all the components of the MPO score. The logD distribution improved

after the first AL iteration, but then got worse again, most likely as a trade-off to

improve the other components of the MPO score.

4.4.3.2 Lasmiditan

The second case study was lasmiditan, a serotonin receptor agonist marketed for the

treatment of migraines.[315] The synthesis route used is shown in Figure 4.14 and is

a longer version of the route provided in the patent for this molecule.[306] Two steps
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Figure 4.13: Effect of number of active learning iterations on optimisation of infi-
gratinib. The distributions of ROCS TanimotoCombo, QED, hERG pIC50, logD,
MDCK log10(AB Papp) and MPO score are shown for top-1000 molecules obtained
from retro-active after 0-5 loops of active learning (L0 to L5).

were added for the synthesis of the Weinreb amide intermediate from the carboxylic

acid to expand the size of the compatible building block pool. The MPO function

used for scoring was a weighted geometric mean of QED and the ADMET properties

described in section 4.4.2 (each with weight=1) and the docking score for 5-HT1F

(with weight=3).

Figure 4.15A shows the distribution of MPO score and its components for the

top-1000 molecules obtained by retro-active compared to the top-1000 molecules after

random selection of building blocks and all 175 molecules with associated activities

for 5-HT1F found in ChEMBL. A similar performance for retro-active was observed

as in the case of the two previous systems. The molecules obtained by retro-active

had, on average, a better MPO score than those from random selection or ChEMBL.

The distribution of scores for all the MPO components was also improved when

compared to random, or, in the case of logD, comparable to random. The molecules

obtained by retro-active are drug-like, with better or almost comparable properties
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Figure 4.14: Synthesis route towards lasmiditan. The green, orange and blue boxes
contain building blocks considered for replacement, with the corresponding substruc-
ture highlighted in the product molecule in the same colour. The size of the com-
patible building block pool and the enumerated product space is included next to
the molecules. The compatible building blocks were selected based on containing the
substructures highlighted in gray.
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Figure 4.15: Performance of retro-active for lasmiditan. (A) Comparison of score
distribution for the 1,000 highest scoring molecules obtained by retro-active (AL, in
orange), random selection of building blocks (Random, in blue) and molecules from
ChEMBL with associated activities for FGFR1 (ChEMBL, in green). The shown
scores are docking score, QED, hERG pIC50, logD, MDCK log10(AB Papp) and
the MPO score. The PXR activation score distribution is not provided as all top-
1000 molecules obtained by retro-active were predicted to be inactive. The red lines
represent commonly acknowledged thresholds for the scores where relevant, while the
arrows represent whether a higher (up) or lower (down) score is more desirable. (B)
Example molecules from top-10 obtained after active learning. The docked pose of
the molecule (orange) together with lasmiditan (green, for reference) is shown, with
the QED, ROCS ShapeTanimoto and MPO scores provided below.
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Figure 4.16: Effect of number of active learning iterations on optimisation of lasmid-
itan. The distributions of docking score, QED, hERG pIC50, logD, MDCK log10(AB
Papp) and MPO score are shown for top-1000 molecules obtained from retro-active
after 0-5 loops of active learning (L0 to L5).

to the molecules from ChEMBL.

Figure 4.15B contains example top-10 molecules obtained by retro-active. The

docked poses are shown, together with lasmiditan as a reference. Similarly to the

analogues obtained for infigratinib and AZD5438, more variety was seen for the ter-

minal building blocks than the core in the top scoring product molecules. All the

core building blocks included in the top-10 molecules are substituted pyridines, while

various heterocycles, including spirocycles and bridged rings, are sampled for the

piperidine-based building block.

The MPO score distribution for the top-1000 molecules obtained by retro-active

improved with each active learning iteration until four loops were reached, with a

comparable distribution for the molecules obtained after the fifth iteration (Figure

4.16). This is different from the experiments with infigratinib and AZD5438, where

a marginal improvement was still obtained during the fifth iteration. The step-wise

improvement during every loop was not seen for every component of the MPO score,
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similarly to the study with infigratinib. Both logD and the docking score had a

better distribution after one of the earlier iterations, but some of this improvement

was sacrificed to boost the other scores (likely QED).

4.5 Conclusions

This chapter introduced retro-active, a new method for generating synthesisable

molecules based off known synthesis routes while also optimising them for user-defined

scoring functions. The benchmarking experiments established that explorative acqui-

sition and hypercube enumeration for five active learning iterations were the most

optimal configuration for retro-active. Retro-active was able to recover 59% of the

ground truth best molecules when using ROCS as the scoring function and 69% when

using docking by only scoring ∼ 7% of the total product molecule space. This demon-

strated the applicability of retro-active in both ligand-based and structure-based drug

design. Retro-active was also shown to perform better than product molecule enu-

meration from building blocks selected based on 2D similarity, scores from a subset

of products or random selection.

Retro-active was proven to be suitable for a variety of synthesis routes with dif-

ferent reactions and topologies, structurally different target molecules and a variety

of scoring functions, including multi-parameter optimisation. The multi-parameter

objectives included both physics-based (ROCS and docking) and data-based (ML

prediction of ADMET) scores, the latter provided by both regression and classifica-

tion models. This demonstrates that retro-active is capable of combining scores from

different sources and optimising the product molecules for all of them.

The molecules returned by retro-active had drug-like properties and were com-

parable to the active molecules retrieved from ChEMBL. To account for properties

not included in the multi-parameter objective, such as number of rotatable bonds

120



or presence of undesirable functional groups, a more extensive building block stock

filtering can be carried out before it is supplied to retro-active.

The modularity of retro-active allows for it to be easily extended to other acqui-

sition or enumeration methods, as well as to the use of different scoring functions

and surrogate models. Possible future directions include exploring uncertainty-based

building block acquisition methods that would be better able to capture the relation-

ship between the building block and the distribution of scores of its product molecules.

While a Random Forest was used as the surrogate model in this study due to its low

computational cost, the use of deep learning models, such as message-passing neural

networks, could be considered in the future to boost performance.
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Chapter 5

Conclusions and Future work

This thesis explores the use of machine learning in drug discovery to ensure the

synthesisability of the designed compounds. Two complimentary approaches are ex-

plored: post-hoc retrosynthesis prediction and synthesisability-constrained molecule

generation.

Chapter 3 addressed the synthesisability issue for molecules containing hetero-

cyclic scaffolds, which are important motifs in drug discovery. Various transfer

learning approaches were benchmarked to improve the performance of a sequence-to-

sequence single-step retrosynthesis prediction model for ring-breaking disconnections.

Among them, mixed fine-tuning was found to be most optimal, with a short training

time and improved performance for heterocycle formation prediction, while retaining

acceptable performance for other reaction classes. While the improvement in model

accuracy was modest compared to previous work for forward reaction prediction,[174]

this likely reflects the greater diversity in heterocycle formation reactions. The trans-

fer learning methodology proposed by us can be adopted for other reaction datasets of

interest and we provided a workflow for further fine-tuning of the models on additional

reaction datasets. Finally, the mixed fine-tuned model has been applied for multi-step

retrosynthesis of two recently published drug-like probe molecules, showcasing how
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the model can be used in drug discovery scenarios for novel molecules.

Chapter 4 introduced retro-active, a framework for synthesisable molecule gen-

eration from known synthesis routes based on building block enumeration. Unlike

previous work in synthesis route-based enumeration which either fully enumerated

the building blocks or filtered them using heuristics,[298, 299] retro-active uses active

learning with surrogate models to select the building blocks that will optimise the syn-

thesis route product for a user-defined scoring function. Benchmarking of retro-active

revealed that by scoring only 7% of the combinatorial space it was able to recover

respectively 59% and 69% of ground truth best molecules when using a ligand-based

and structure-based scoring function, and that it outperformed other non-ML based

selection methods. While this is a noteworthy improvement in efficiency, some of the

ground truth top molecules were never recovered even when increasing the number of

active learning iterations. This is likely an intrinsic limitation of building block (in-

stead of product molecule) selection, when sometimes a high scoring molecule might

be made from an unlikely combination of low scoring building blocks.

The use cases of retro-active were further expanded to multi-parameter optimisa-

tion to mimic real-life drug discovery settings. We demonstrated that retro-active can

simultaneously optimise molecules for docking or shape similarity and physicochemi-

cal and ADMET properties in a combinatorial space of over 1015 product molecules.

The breadth of application was shown with regards to both the synthesis route topol-

ogy (linear or convergent) and the disease and protein target. While the highest

scoring output molecules had drug-like properties and appearance, the compounds

were only tested with in silico scoring functions and true experimental validation is

needed to fully confirm retro-active’s applicability in drug discovery.
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5.1 Future directions

5.1.1 Retrosynthesis prediction

Despite the many recent developments in single-step retrosynthesis, most real-world

applications of Computer-Aided Synthesis Planning in drug discovery are still limited

to the use of template-based models with Monte Carlo Tree Search. This may just be

due to the slow speed of adoption of new methods by pharmaceutical industry, but

could also stem from the disconnect between the academic benchmarks and the actual

use cases of retrosynthesis in drug discovery. While most academic work focuses on

the improvement of single-step retrosynthesis prediction models and benchmarks them

through top-N accuracy (as an easily computable proxy), it is unclear whether those

incremental increases in top-N accuracy actually translate to better performance for

predicting full synthesis routes, and the only true way to test this would be through

extensive prospective experimental validation, which is costly and time-consuming.

There is a need for more relevant ”proxy” evaluation metrics that would reflect the

common use cases of those models in industry: either as synthesisability filters or to

predict routes to molecules that can be made with only a handful of pharmaceutically

relevant reactions (e.g., Suzuki, amide coupling). An overview of possible future work

to improve the adoption of academic retrosynthesis models (both those presented in

this thesis and more general) and bridge the gap between single-step and multi-step

retrosynthesis is included below.

5.1.1.1 Data availability and quality

Most academic models have been trained on patent reactions, which cover a different

chemical space to literature data.[242] This can bias them towards making predic-

tions that resemble ”old-school” chemistry, which is illustrated by the abundance

of ketone-based condensations predicted by our heterocycle-focused retrosynthesis

124



models. This limits the models’ applicability and can be off-putting for experienced

synthetic chemists, who expect the models to suggest more innovative chemistry. It

is hoped that initiatives such as the Open Reaction Database (ORD)[316] will im-

prove the diversity and quality of publicly available reaction data and therefore also

the academic model performance. If more heterocycle formation data is deposited

to ORD, it is recommended that our heterocycle-focused models be retrained with it

using the same transfer learning approaches. The application of our transfer learning

methods for other reaction types is also another avenue of research that would be

enabled by access to more reaction data.

Additionally, the quality of reaction data in the automatically extracted datasets

has often been criticised, with errors during extraction leading to unfeasible reactions

present. This would naturally limit the performance of the models trained on those

datasets. Manual inspection of our ring formation dataset revealed that there are

still unfeasible reactions present, despite the data cleaning undertaken. Future work

could focus on implementing more rigorous data cleaning pipelines, either by defining

a library of hand encoded rules or training a reaction correctness prediction model.

However, the latter approach would require the creation of the training dataset, most

likely through time-consuming manual labelling of the extracted data.

5.1.1.2 Evaluation metrics

The issues with current single-step retrosynthesis evaluation metrics have already

been highlighted in this thesis (see Section 1.5.1.3) and no perfect metric has been

developed yet. While this thesis introduced a new evaluation metric for heterocycle

disconnections (ring-breaking round-trip accuracy), it suffers from the same problem

of reliance on a forward reaction prediction model as round-trip accuracy. The ideal

reaction viability metric would use a reaction classification model trained on positive

and negative reaction data, however public datasets, and in general reaction reporting,
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are biased towards positive outcomes. Future work could make use of electronic lab

notebook (ELN) data or curate a synthetic negative reaction dataset based on a set

of expert-defined rules to train such a viability model.

5.1.1.3 Continual learning

With new reactions being published every day, it is important to be able to con-

sistently and iteratively update the retrosynthesis prediction models. The simplest

approach would involve retraining the models on the full dataset from scratch, how-

ever it is time consuming and requires access to all previous training data. In this

thesis we have introduced a further fine-tuning workflow for seq2seq models that

improves the time efficiency over retraining from scratch. However, access to all

training datasets is still needed, with all our attempts at removing the Ring dataset

or its subsets from the further fine-tuning step resulting in significantly reduced ac-

curacy for those reactions. Alternative approaches can be explored in the future that

have been used in other machine learning applications for continual learning, such as

regularisation-based or replay-based approaches.[285]

5.1.1.4 Multi-step retrosynthesis

Recent studies have showcased that the performance differences between single-step

retrosynthesis models do not directly translate to multi-step retrosynthesis.[317] While

a small qualitative comparison of the baseline and mixed fine-tuned model was per-

formed in this thesis, the need for a larger quantitative benchmark between all the

models presented in this thesis is indicated. Such a benchmark should be performed

on a set of heterocycle-containing drug-like molecules, whose synthesis involved a

ring formation step. Moreover, apart from standard evaluation metrics such as suc-

cess rate, search time, prediction diversity and tree edit distance from reference route,

heterocycle-specific metrics should be introduced, for example ring-breaking success
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rate.

Additionally, our preliminary analysis has shown that single-step retrosynthesis

models trained on the same dataset but with different model architectures (template-

based vs seq2seq) cover slightly different chemical space. Together with the recent

work of Maziarz et al. on ensembling models in multi-step predictions,[318] this

shows promise for an adoption of both models in multi-step planning to improve

performance.

5.1.2 Synthesisability-focused molecule generation

While most of the current work in molecule generation focuses on deep learning based

approaches, with retro-active we have demonstrated that a combination of simple ma-

chine learning models with cheminformatics-based methods can also be an effective

and computationally cheaper method for synthesisable molecule generation. However,

there is still room for improvement in this method, both on the side of cheminfor-

matics, with reaction-based enumeration, and the algorithms used for building block

selection and molecule optimisation.

5.1.2.1 Reaction-based enumeration

The quality and chemical validity of product molecules created through reaction-

based enumeration is directly dependent on the reaction templates applied. While

improvements have been made to template extraction in recent years, there is usu-

ally a trade-off between generalisability and accuracy of the automatically extracted

templates. In particular, issues such as regio- or chemo-selectivity are rarely cap-

tured. This means that while all molecules generated by reaction-based enumeration

tools, including retro-active, are supposed to be theoretically synthesisable, in prac-

tice the proportion will be significantly lower than 100%. While development of more

reliable methods for template extraction would solve this problem, they are outside
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of the scope of the topics covered by this thesis. A simpler approach that can be

applied to retro-active is the inclusion of hand-curated SMARTS-based filters that

would detect substructure incompatibilities with specific reaction types or guide the

correct regiochemistry. This has already been partially implemented in retro-active,

with molecules filtered out if they have multiples of the same template substructure

present to avoid chemoselectivity issues.

Another improvement that can be implemented in retro-active is the pre-filtering

of building blocks with simple numerical descriptors. While retro-active has demon-

strated the ability for multi-parameter optimisation, some properties, such as molec-

ular weight or number of rotatable bonds, are reasonably additive and very quick to

calculate, so using them as filters instead of optimising them through active learn-

ing (explicitly or implicitly through for example QED) would make the process more

efficient.

5.1.2.2 Optimisation methods

While Random Forests have been used in this thesis as the surrogate models in retro-

active, this design choice was made mostly due to their quick training time. The mod-

ularity of retro-active allows for any models to be employed in the framework and

future work could focus on benchmarking more complex deep learning algorithms,

such as the message-passing neural network which is frequently used for molecular

property prediction,[319] with the hope of improving performance. The use of mod-

els with an intrinsic uncertainty quantification would also allow for easy inclusion

of alternative acquisition methods, geared more towards exploration than exploita-

tion. However based on previous benchmarks in active learning, the utility of those

uncertainty-based acquisition methods might be limited.[264]

An alternative approach to explore is the use of Bayesian methods instead of active

learning with ML surrogate models. Thompson Sampling in particular has recently
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been shown to perform well in searching large on-demand libraries without the need

for full enumeration,[320] and retro-active should at least be benchmarked against it.

5.1.3 Experimental validation

While both computational approaches presented in this thesis, the heterocycle ret-

rosynthesis prediction models and retro-active, have been extensively validated in

silico, this can only be treated as an estimation of their real-life applicability. True

prospective experimental validation is necessary to fully establish the effects these

approaches can have on early-stage drug discovery. The heterocycle retrosynthesis

prediction models could be used to either attempt the synthesis of a novel hetero-

cyclic scaffold (a difficult task) or a novel medicinally-relevant molecule that contains

a known heterocyclic scaffold (an easier task). The applicability of retro-active would

be most easily tested in an ongoing drug discovery campaign for hit or lead optimi-

sation, with the scoring function including an experimental assay component.
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84. Gómez-Bombarelli, R. et al. Automatic Chemical Design Using a Data-Driven

Continuous Representation of Molecules.ACS Central Science 4, 268–276 (2018).

85. Weininger, D. SMILES, a chemical language and information system. 1. Intro-

duction to methodology and encoding rules. Journal of Chemical Information

and Computer Sciences 28, 31–36 (1988).
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147. Voršilák, M., Kolář, M., Čmelo, I. & Svozil, D. SYBA: Bayesian estimation of

synthetic accessibility of organic compounds. Journal of Cheminformatics 12,

35 (2020).

148. Wang, S., Wang, L., Li, F. & Bai, F. DeepSA: a deep-learning driven predic-

tor of compound synthesis accessibility. Journal of Cheminformatics 15, 103

(2023).
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Appendix A

Mixed fine-tuning optimisation

We studied the effect of dataset weight ratio and number of fine-tuning steps on the

performance of the mixed fine-tuned model.

The dataset weights control the proportion of reactions from each dataset (Gen-

eral and Ring) included in each training batch. We trained five different models with

dataset ratios ranging from 1 Ring: 9 General to 9 Ring: 1 General (Figure A.1). In-

creasing the ratio of heterocycle formations improves the model performance on ring

forming reactions but decreases it for other reaction classes. The optimal dataset ratio

was found to be 1:1, which demonstrates a significant improvement over other parti-

tions, while maintaining a similar accuracy for predicting general reactions (baseline

model). Consequently, we utilized the 1:1 dataset ratio for mixed fine-tuning.

Next, we investigated the effect of the number of fine-tuning steps (Figure A.2).

Fine-tuning for even 2000 steps shows an improved performance compared to the

baseline model. However, further improvements are marginal, with around 1% im-

provement for every additional 2,000 steps. Beyond 6,000 steps, the reactant accu-

racy fluctuates around 36.5%, indicating that further fine-tuning does not enhance

the model performance. Thus, we conclude that fine-tuning for 6,000 steps with a 1:1

dataset weight ratio yields the most optimal results.
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Figure A.1: Effect of dataset weight ratio on model performance in mixed fine-tuning.
Top-1 reactant accuracy and proportion of valid ring-breaking top-1 predictions are
shown for the Ring test set. Top-1 accuracy and round-trip accuracy are shown for
the General test set.
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Figure A.2: Effect of the number of fine-tuning steps on model performance in mixed
fine-tuning. Top-1 reactant accuracy and proportion of valid ring-breaking top-1
predictions are shown for the Ring test set. Top-1 accuracy and round-trip accuracy
are shown for the General test set.
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Appendix B

Recent reaction dataset

The reactions forming the Recent dataset were extracted from the reactant scope

sections of the following articles:

Z.-H. Wang, L.-W. Shen, P. Yang, Y. You, J.-Q. Zhao, W.-C. Yuan, J. Org.

Chem., 2022, 87, 5804-5816.

Z. Liu, S. Zhong, X. Ji, G.-J. Deng, H. Huang, Org. Lett., 2022, 24, 349-353.

Z. Li, K. Qiu, X. Yang, W. Zhou, Q. Cai, Org. Lett., 2022, 24, 2989-2992.
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Chem., 2022, 87, 6312-6320.
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Appendix C

Effect of dataset splitting on

transfer learning

While the importance of splitting based on Tanimoto similarity of the reaction prod-

uct has been demonstrated by Lee et al.[277] for forward reaction prediction, most

retrosynthesis prediction models still use a random train/test split. In this work, we

have used Tanimoto similarity to split the Ring dataset into train, validation and

test sets when comparing the different domain adaptation methods. However, here

we examine the effect of dataset splitting by comparing the performance of the mixed

fine-tuned model trained on a randomly split dataset as shown in Figure C.1.

Our results show that the performance on the General test set is comparable

to the model trained on Tanimoto split data, achieving an accuracy of 12.6% and

round-trip accuracy of 85.7%. As the Ring test sets are different, a direct comparison

between accuracies is not possible; however, we can assess the improvement between

the baseline and mixed fine-tuned model. As expected, this improvement in reactant-

accuracy is greater when the model is trained on randomly split data, increasing

from 19.9% reactant-accuracy of the baseline model to 35.0% for the mixed fine-

tuned model. In comparison, when the model is trained on Tanimoto split data, the
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accuracy increases from 26.9% to 36.5%. This supports Lee’s conclusion that using a

random split overstates the model’s predictive ability.

Figure C.1: Performance of the mixed fine-tuned model trained on randomly split
Ring dataset compared to the baseline model: (A) Top-1 accuracy on the General
test set and top-1 reactant accuracy on the randomly split Ring test set and (B) top-
1 round-trip accuracy on the General test set and proportion of valid ring breaking
top-1 predictions for the Ring test set.
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Appendix D

Effect of initial random state on

retro-active performance

For the benchmarking of acquisition and enumeration strategies of retro-active, six

runs were performed for every combination, each run starting from a different random

state. Figure D.1 shows the percentage of ground truth top-100 best scoring molecules

that were recovered in every run after each active learning loop, together with the

average of all runs. Those results are shown for all four combinations of explorative

acquisition (EA) and greedy acquisition (GA) with hypercube enumeration (HE) and

exhaustive enumeration (EE), optimising for both the ROCS and docking scores. The

initial random state affects the outcome of retro-active runs more considerably when

optimising for the ROCS score than the docking score.
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Figure D.1: Performance of retro-active across all runs for each combination of enu-
meration and acquisition methods scored with ROCS and docking scores. The propor-
tion of ground truth top-100 best scoring molecules that would have been recovered
after every loop is shown for each run (green) with the mean shown in orange.
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