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Machine Learning Methods for Modeling Synthesizable

Molecules

John Anthony Bradshaw

The search for new molecules often involves cycles of design-make-test-analyze steps, where new

molecules are designed, synthesized in a lab, tested, and then analyzed to inform what is to be

designed next. This thesis proposes new machine learning (ML) methods to augment chemists in

the design and make steps of this process, focusing on the tasks of (a) how to use ML to predict

chemical reaction outcomes, and (b) how to build generative models to search for new molecules.

We take a common approach to both tasks, building our ML models around existing powerful tools

and abstractions from the field of chemistry, and in doing so, show that the tasks we tackle are

intrinsically linked.

Reaction prediction is important for validating synthesis plans before carrying them out.

Many previous ML approaches to reaction prediction have treated reactions as either a black

box translation or a single graph edit operation. Instead, we propose a model (ELECTRO) that

predicts the reaction products through modeling a sequence of electron movements. We show how

modeling electron movements in this way has the benefit of being easy for chemists to interpret,

and also is a natural format in which to incorporate the constraints of chemistry, such as balanced

atom counts before and after a reaction. We show that our model achieves excellent performance

on an important subset of chemical reactions and recovers a basic knowledge of chemistry without

explicit supervision.

In designing new models to search for molecules with particular properties, it is important

that the models describe not only what molecule to make, but also crucially how to make it. These

instructions form a synthesis plan, describing how easy-to-obtain building blocks can be combined

together to form more complex molecules of interest through chemical reactions. Inspired by this

real-world process, we develop two machine learning approaches that incorporate reactions into

the virtual generation of new molecules. We show that aligning our model with the real-world

process allows us to better link up the design and make steps involved in molecule search, and

permits chemists to examine the practicability of both the final molecules we suggest and their

synthetic routes. Molecule search is inherently an extrapolation task, and we show that by building

our methods around the inductive biases of modeling reactions, we can generalize to new chemical

spaces, suggesting molecules that not only perform well, but are synthesizable too.
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Chapter 1

Introduction

The search for new molecules can have an enormous positive benefit on society. Perhaps

no where is this more true than in the field of drug discovery. Lichtenberg (2005) found

that between 1986 and 2000, the launches of new drugs accounted for 40% of the increase

in life expectancy achieved over that period. Unfortunately, drug discovery is also a hugely

expensive process. Here, the search for new molecules contributes to the huge overall costs

needed to bring a new drug to market, estimated to be roughly one to two billion US dollars

(DiMasi et al., 2016; Paul et al., 2010). To put this into perspective, this is the same order of

magnitude as the yearly healthcare expenditure of Iceland in 2010 (≈ 1.2 billion US dollars;

The World Bank Group, 2020). Worryingly, these costs also appear to be rising as research

and development productivity falls (Bunnage, 2011; Kola and Landis, 2004; Pammolli

et al., 2011; Scannell et al., 2012). Increased costs can exacerbate problems already faced

in funding the search for treatments for neglected tropical diseases or orphan diseases,

which already lack a profitable market (Hunt, 2007; Ioset and Chang, 2011, p. 1361).

A high proportion of these costs come down to the high number of design-make-test-

analyze cycles required in searching for new molecules. In each iteration of this cycle a

chemist designs a new molecule, which then gets made and tested, the results of which

drive what gets designed next. There is a strong incentive to build ML (machine learning)

methods to augment chemists in these tasks, either by reducing the overall number of

cycles required or by reducing the time taken in performing the individual steps of each

cycle. But in building these methods we should be mindful of the complex interactions

involved between chemist, computer, and chemicals. These inform what we require

from our methods. We want our methods to generalize robustly to new domains and

provide interpretable results. We want our methods to communicate in understandable

formats, taking advantage of the powerful abstractions of chemistry built up over centuries

of scientific endeavor. Most importantly though, we want to make sure we design our
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models to answer the correct question; often we do not want to know just what happens,

but why it happens, or even how to make it happen.

This thesis attempts to build such machine learning methods. In particular we focus on

building tools for the design and make steps of the molecular search process, making these

steps more efficient, but also in the process bringing the two of them closer together. When

making molecules, computational models for predicting the results of chemical reactions

are useful for validating synthesis plans or providing insight into how and why reactions

occur. In this thesis we design such a model for predicting the outcomes of chemical

reactions, built around the abstraction of modeling electron movements in the reactant

molecules. When designing molecules, the molecules suggested need to be synthesizable,

or in other words they should be able to be made using these aforementioned chemical

reactions. In the second half of this thesis, we therefore propose new generative models

of molecules built around chemical reactions. We show that by building these physically

inspired notions into our models as inductive biases, our models can often generalize to

new chemical spaces successfully and make interpretable predictions.

1.1 Overview and main contributions

In this section we provide an overview of the structure of this thesis and detail the con-

tributions we have made. The rest of this thesis consists of five more chapters; these are

broken down as follows:

Chapter 2, Representing Molecules The next chapter introduces the background re-

quired for the later chapters. We introduce the concept of being able to model

molecules using a series of different representations. This will form a key theme

of the work in the rest of the thesis, where we model not just single molecules but

also their interactions. We also briefly describe the recent progress in graph neural

networks, which will form an essential component of the models we later present.

Chapter 3, Reaction Prediction This chapter focuses on the task of predicting the out-

comes of chemical reactions. Reactions can be described as the stepwise redistribu-

tion of electrons in molecules. In turn for a large class of chemical reactions, this

redistribution can be described by a single electron path through the molecules.

In this chapter, we develop a model called ELECTRO that directly predicts this elec-

tron path. Predicting the electron path has the advantages of (a) being easy for

chemists to interpret, (b) naturally encoding the sparsity of reactions (where only

a few atoms or bonds change), and (c) incorporating the constraints of chemistry
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(such as conservation of atom counts). We develop a method for extracting approxi-

mate electron paths, to train and test ELECTRO on, from large reaction datasets, and

show how ELECTRO compared favorably to the state-of-the-art approaches at the

time. Furthermore, we demonstrate how ELECTRO recovers a basic knowledge of

chemistry without explicitly being trained to do so.

This chapter corresponds with the work previously published in:

John Bradshaw, Matt J. Kusner, Brooks Paige, Marwin H. S. Segler, José Miguel

Hernández-Lobato. “A Generative Model For Electron Paths”. International

Conference on Learning Representations (ICLR). 2019. (Bradshaw et al., 2019a)

(Code: https://github.com/john-bradshaw/electro)

Chapter 4, Searching for Synthesizable Molecules The fourth chapter focuses on the

topic of molecule search. When suggesting a new molecule for a particular task,

it is not only important what to make, but also crucially how to make it. These

instructions form what is known as a synthesis plan, in effect a recipe for a particular

molecule, describing the manner in which it is constructed from simpler reactants

through chemical reactions. While there has been impressive recent progress in

developing deep generative models of molecules (representing molecules as strings,

trees, and even graphs), these have, on the whole, ignored synthesizability. There-

fore, in this chapter we propose a new model, MOLECULE CHEF, which reflects a

more realistic real-world process of creating a molecule through a reaction. More

specifically, our generative model first proposes a bag of initial reactants (selected

from a pool of commercially-available building block molecules) and then uses a

reaction model to predict how they react together to generate a new molecule. We

show that MOLECULE CHEF can generate a wide range of valid, unique, and novel

molecules. Compared to previous generative approaches, our method generates

synthetic routes, giving chemists an additional output on which to interrogate the

viability of the molecules produced. Furthermore, we also demonstrate how a gener-

ative model of molecules like ours can be used on new tasks, such as retrosynthesis.

This chapter corresponds with the work previously published in:

John Bradshaw, Brooks Paige, Matt J. Kusner, Marwin H. S. Segler, José Miguel

Hernández-Lobato. “A Model to Search for Synthesizable Molecules” Advances in

Neural Information Processing Systems (NeurIPS). 2019. (Bradshaw et al., 2019b)

(Code: https://github.com/john-bradshaw/molecule-chef)

https://github.com/john-bradshaw/electro
https://github.com/john-bradshaw/molecule-chef
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Chapter 5, Barking up the Right Tree: Generating Molecule Synthesis DAGs The fifth

chapter extends the ideas from Chapter 4. Chapter 4 drew attention to the fact

that the search for molecules with particular properties is inherently a constrained

optimization problem: molecules found must be synthesizable. However, our

solution to this in Chapter 4, MOLECULE CHEF, was designed around only a single

reaction, and as such, we were overly restrictive in our constraints. Many common

molecules actually require several reaction steps to obtain. Therefore, in Chapter 5

we extend the ideas of MOLECULE CHEF to multiple reactions. We describe how

one can represent complicated synthesis plans as directed acyclic graphs (DAGs),

and develop a generative model, which we call DOG-GEN, over this structure. We

show how one can use DOG-GEN as a component in larger ML architectures and

frameworks, such as (a) latent variable models (for sampling and interpolation), as

well as (b) reinforcement learning–based optimization routines (to find molecules

with particular properties). We demonstrate that DOG-GEN is able to search over

the same space that a chemist would have access to, obtaining competitive scores

with a series of powerful unconstrained baselines, while suggesting molecules that

are synthesizable and stable too.

This chapter corresponds with the work previously published in:

John Bradshaw, Brooks Paige, Matt J. Kusner, Marwin H. S. Segler, José Miguel

Hernández-Lobato. “Barking up the right tree: an approach to search over

molecule synthesis DAGs”. Advances in Neural Information Processing Systems

(NeurIPS). 2020. (Bradshaw et al., 2020)

(Code: https://github.com/john-bradshaw/synthesis-dags)

Chapter 6, Conclusions and Future Directions The final chapter summarizes the con-

tent of the previous chapters, suggests future directions for the work, and reiterates

our main theme: that to build robust and interpretable machine learning mod-

els for chemistry, we should develop methods around sensible inductive biases,

taking advantage of the abstractions and tools already built up over centuries of

development.

As indicated in the references above, the work in this thesis has been done in collaboration

with Brooks Paige, Matt Kusner, Marwin H.S. Segler, and José Miguel Hernández-Lobato.

Note to reader The structure of the chapters broadly follows the original publications,

although parts have been rearranged and the discussion supplemented in places. Chapters

4 and 5 are closely related, and to avoid a repeated discussion of related work, Section 4.1

https://github.com/john-bradshaw/synthesis-dags
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acts as a background for both of them. In the main text, we try to avoid including overly

specific details on the hyperparameters and architectures used, but provide these in the

appendices for those interested. Finally, at points we also make use of boxes, such as the

one below:

Box 1.1: This is a box

These provide clarification and further context for topics introduced in the main text. They

can be safely skipped by readers already familiar with the concepts involved.





Chapter 2

Representing Molecules

In this chapter we describe different ways molecules can be represented. More specifically,

we describe different approaches for how feature vectors of molecules (molecule-level

“representations” or “embeddings”) can either be designed or learned, particularly with

a focus on how these can then be used as inputs for our ML (machine learning) models.

We break this description down, starting with older chemoinformatics approaches for

representing molecules, before then going on to explain recent graph neural network

(GNN) methods for computing molecule-level representations. Finally, we include a brief

discussion of extensions to 3D representations and the strengths and weaknesses of such

an approach.

Understanding molecular representation plays a crucial role in the chapters that

follow. In particular, the GNN models we discuss will form a core component of the

later architectures that we develop. Also, although we only discuss representations of

molecules as input to ML models in this chapter, this discussion also helps introduce

concepts that will be important when we come to develop models that can generate

molecules as output in Chapters 4 and 5. Finally, even if we do not directly use the 3D

representations, discussed in the final part of this chapter, we believe that this topic

is important to briefly discuss so that we can be mindful of the limitations of current

approaches, and of opportunities to improve them. In providing such a background, we

assume the reader is already familiar with the basics of modern deep learning (Goodfellow

et al., 2016, § II). More detailed reviews into the chemistry-related aspects of this chapter

can be found in Brown (2009) or Gasteiger and Engel (2003).
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2.1 What is a molecule?

What is a molecule? A molecule is a collection of charged particles, negative electrons and

positive nuclei, existing at particular locations in 3D space (Jensen, 2017, p. 1)1. A pertinent

next question to ask, and the topic of this chapter, is how can we then represent such an

entity to a computer? There is not a unique answer, but actually several possible ways

to represent a molecule, depending on our modeling assumptions and the abstractions

we make. For example, Figure 2.1 shows a selection of representations for the molecule

paracetamol (also known as acetaminophen); from left to right we have (i) the molecular

graph representation, (ii) the adjacency matrix/node feature list representation, and (iii)

finally the character-based SMILES and InChI representations. We shall go through each

of these in more detail below.

O

NO
CC(=O)NC1=CC=C(O)C=C1

CC(=O)Nc1ccc(O)cc1

InChI=1S/C8H9NO2/c1-6(10)9-7-2-4-8(
11)5-3-7/h2-5,11H,1H3,(H,9,10)

SMILES (aromatic form)

SMILES (Kekulé form)

InChI

molecular graph adjacency matrix & node list
0 1 0 0 0 0 0 0 0 0 0
1 0 2 1 0 0 0 0 0 0 0
0 2 0 0 0 0 0 0 0 0 0
0 1 0 0 1 0 0 0 0 0 0
0 0 0 1 0 2 0 0 0 0 1
0 0 0 0 2 0 1 0 0 0 0
0 0 0 0 0 1 0 2 0 0 0
0 0 0 0 0 0 2 0 1 1 0
0 0 0 0 0 0 0 1 0 0 0
0 0 0 0 0 0 0 1 0 0 2
0 0 0 0 1 0 0 0 0 2 0

C
C
O
N
C
C
C
C
O
C
C

Figure 2.1 Different possible representations of paracetamol (also known as acetaminophen). Dis-
played from left to right are (i) the molecular graph representation (in Kekulé form), (ii) the adjacency
matrix and node feature list representation, and (iii) the SMILES (Weininger, 1988) and InChI (Heller
et al., 2015) text representations. The molecular graph, when drawn in this style, is also referred to as
a skeletal formula, and has the convention that carbon atoms are not generally labeled. Note, that
due to its symmetry, the bottom half of the adjacency matrix, shaded here in blue, is redundant and
can be reconstructed from its upper-half.

2.1.1 Graph representation

On the left of Figure 2.1 is the molecular graph representation. Formally, we can represent

a graph by G = (V ,E), with a set of nodes (also called vertices) V and a set of edges E . In

this notation, a directed edge existing from node u ∈ V to node v ∈ V is denoted as an

ordered pair, (u, v) ∈ E . In a molecular graph, for molecule M, the nodes of the graph

1To be more precise, a molecule is defined as “an electrically neutral entity consisting of more than one
atom” (IUPAC, 2014). However, we shall not make a distinction between molecules, ions, or even single
atoms here and will model and treat them identically.



2.1 What is a molecule? 9

represent the atoms, while the edges represent the covalent bonds between these atoms.

This means that we can associate with each node, v ∈ V , an attribute vector xv ∈ Rd ′
,

describing the node’s atom type, charge, and any other atom-specific details. Likewise,

with each edge we associate the single attribute e(u,v) ∈ ∆, encoding its bond type2. In

the molecular graphs we consider there is no direction associated with each bond, which

is accounted for in the directed graph formalism by an identical directed edge in each

direction.

There are two further aspects about the molecular graph worth pointing out. Firstly,

hydrogen atoms are often excluded; if required the number of these attached to each atom

can be inferred from an atom’s type, charge, and degree (Sayle, 2013). Secondly, sometimes

it is convenient to manipulate or display (as in Figure 2.1) molecules in their Kekulé form

(as opposed to their aromatic form; Gasteiger, 2003, pp. 37-39). In the Kekulé form, the

aromatic parts of molecules are represented by alternating single and double bonds. There

are several possible ways to convert molecules in the aromatic form to a Kekulé form,

and this process is called kekulization (Trinajstic, 2018, Chap. 8). Kekulization can also be

done in a standardized (i.e. deterministic) way to choose a unique Kekulé form from the

ones available (Hähnke et al., 2018, Fig. 35), which is useful if two molecules need to be

compared. An advantage of working with the Kekulé form is that it simplifies the number

of possible edge attributes required; in the Kekulé form there is no aromatic bond and

each bond must consist of an integer number of electron pairs: 1 pair, 2 pairs, and 3 pairs

for single, double, and triple bonds respectively.

2.1.2 Adjacency matrices

When it comes to storing and manipulating molecular graphs in a computer, it is some-

times easier to work with the adjacency matrix, Adj, and node feature list, V, shown in the

middle of Figure 2.1. The adjacency matrix details whether a bond exists between two

atoms at indices i and j , Adji j > 0, and if so, its type, encoded as a real number. Due to the

undirected nature of these bonds, the adjacency matrix for molecular graphs will always

be symmetric. The node feature list is a stacked representation of the node attributes,

describing the atom type associated with each node. Both of these matrices are not unique

for a molecule; for instance we can permute the rows and columns of the adjacency matrix

2We can represent single, aromatic, double, and triple bonds using members of the alphabet ∆ =
{1,1.5,2,3}, such that the edge attribute describes how many pairs of electrons make up the bond. Al-
though higher order bond types can also exist, for instance between two metals (Radius and Breher, 2006),
we will not be interested in them here.
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(using an identical permutation for both the rows and the columns) and still represent the

same molecule.

2.1.3 String representations

As a more condensed encoding, text-based representations of molecules are often fa-

vored; they offer the associated advantages of usually being faster for people to read and

write. For instance, we can refer to common molecules by one of their traditional names:

“paracetamol” or “acetaminophen” for the molecule shown in Figure 2.1. However, these

traditional names have only been defined for certain molecules and not every potential

new molecule we could come across has been given such a name. Therefore, instead, we

could use a molecule’s systematic IUPAC3 name (Favre and Powell, 2014), for instance

“N-(4-hydroxyphenyl)acetamide” for paracetamol, but these quickly become cumbersome

for larger molecules!

Line notations The systematic name is an example of a wider concept referred to as

a line notation representation, in which molecules are described as a linear sequence

of letters, numbers, and other special characters, groups of which explicitly describe a

sub-part of the molecular structure (Gasteiger and Engel, 2003, § 2.3; Wiswesser, 1985). In

effect, while it is futile to give traditional names to all possible entire molecules, we can

break these molecules down into simpler parts to create a more manageable vocabulary.

Then to describe a new molecule, we can compose together these simpler sub-parts to

describe a much more complex whole, in a similar way to which we can compose words

together in natural languages to form sentences.

There exist a variety of different types of line notation, each often introduced to

fulfill a particular need. For instance, WLN (Wiswesser Line Notation; Wiswesser, 1982),

introduced in the 1940s, and where paracetamol takes the representation “QR DMV1”,

was designed to describe the increasingly large number of molecules being discovered

during that period. It then later gained particular popularity in the 1960s and 1970s

for its compact notation, during a time when computer file storage was at a premium

(Gasteiger, 2003, § 1.5; Wiswesser, 1985). Subsequent notations, such as SLN (SYBYL

Line Notation; Ash et al., 1997), enabled humans to input complex substructure queries

into computers, such that they could interact with (and take advantage of) the more

advanced computer databases that had been developed, and the new kinds of queries

these systems enabled. More recently, this relationship between humans, notation, and

3International Union of Pure and Applied Chemistry.
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computer has been somewhat flipped. New notations such as SELFIES (Krenn et al., 2020)

or DeepSMILES (O’Boyle and Dalke, 2018) have been designed around being amenable for

a ML algorithm to output, a topic which we shall come back to in Chapters 4 and 5. Two

currently popular line notations that we shall describe in more detail below are the SMILES

(Weininger, 1988) and InChI (Heller et al., 2015) notations, shown in the right-hand part

of Figure 2.1.

SMILES The SMILES notation (simplified molecular-input line-entry system; Weininger,

1988), shown at the top right of Figure 2.1, represents a traversal over the graph’s nodes

and edges. Atoms met on this traversal are represented by their atomic symbols; single,

double, triple, quadruple, and aromatic bonds by the symbols “-”, “=”, “#”, “$”, and “:”

respectively; branches by parenthesis; and cycles by matching integers. Single bonds are

also often inferred implicitly, so the symbol “.” is used to denote the separation between

two different molecules.

SMILES has different advantages and disadvantages compared to other line notations.

An advantage of SMILES, apart from its widespread implementation and adoption, is

its semi-readable nature. An issue with SMILES is that it is not unique; there are several

possible representations for each molecule depending on how the traversal through the

atoms in the graph is done (see Box 2.1).

InChI The issue present in SMILES of having many possible strings for the same molecule

is avoided in the InChI representation (IUPAC International Chemical Identifier), which

finds a unique notation for each molecule (Heller et al., 2015, pp. 25-29; McKay, 1981). A

key feature of InChIs are their layered structure, with later, optional layers refining the

finer details of the molecule. As an example, in the InChI shown in Figure 2.1, there are

four layers: (i) the prefix layer, which is independent of the molecule and describes the

version of the InChI encoding used4; (ii) the empirical formula layer; (iii) a layer describing

the skeletal connections; and finally (iv) a layer that describes the hydrogens. A shorter

27-character representation of an InChI can also be obtained by a special hash function;

this representation is called an InChIKey and is particularly useful with search engines.

InChIs have obtained widespread use (Heller et al., 2013; Warr, 2015). However, as

they are arguably less human-readable than SMILES strings, they have not supplanted

these latter representations, and SMILES representations remain popular for many tasks.

This has been helped by the development of different “canonicalization” algorithms that

4As such this is often not counted as an “official” layer (Heller et al., 2015, pp. 5-7).
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Box 2.1: Canonical SMILES

CC(=O)NC1=CC=C(O)C=C1

O

NO
1
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119
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The SMILES string is formed by

performing a depth-first search

through a molecule (see figure to

the left) starting at a head atom

(marked 0 in the figure) (Weininger,

1988; Weininger et al., 1989). This

means that there are multiple

possible SMILES strings for a given

molecular graph. For instance, for

this same paracetamol molecule

any of CC(=O)NC1=CC=C(O)C=C1,

C1=CC(NC(=O)C)=CC=C1O, or

C1=C(NC(C)=O)C=CC(O)=C1 are

valid SMILES strings. These different variants come about from two types of decisions

we can make when performing the depth-first search, namely (a) which atom (i.e. node)

should we start at, and (b) which neighboring atom should we pick next when there are

multiple choices?

We can form unique or “canonical” SMILES strings by making sure we pick the same

atom, regardless of their initial numbering, when faced with either of these decisions. On a

high level, the way that this is often done is to first assign a permutation-invariant score to

each of the atoms. Then when facing a decision about which atom to consider next in the

search, this can be resolved by choosing the one with the lower score.

There are many different ways one could choose to generate the initial, permutation-

invariant score; examples include using (a) the Morgan algorithm (Morgan, 1965), which

actually predates the SMILES representation, (b) the CANON algorithm initially proposed

for SMILES by Weininger et al. (1989), or (c) even more recent approaches such as those

described in O’Boyle (2012); Schneider et al. (2015b). While we will not go into the details of

how these work here, the basic idea is usually the same. One starts with assigning an initial

permutation-invariant score to each node, such as its degree, and then one sequentially

updates these scores by performing permutation-invariant operations, such as sums, on

the scores of the neighbors. In this manner these algorithms share many similarities with

the fingerprint and graph neural network methods described in Section 2.2 of this chapter.

The process of choosing a canonical ordering with which to traverse molecules also arises

as a topic of interest in ML methods for generating graphs (for example see Chapters 4 and

5, or Liao et al., 2019, § 2.3).



2.2 Molecules as vectors 13

ensure a “canonical” (i.e. unique) SMILES string for each molecule (see Box 2.1), including

techniques that use ideas from the InChI (O’Boyle, 2012).

2.2 Molecules as vectors

We will often want to form molecule-level embeddings (also called representations),

mM ∈ Rd . These embeddings can then be used as feature vectors for representing

molecules in a variety of ML models, whether generic, application-agnostic regression or

classification models (such as ordinary feedforward neural networks), or more chemistry-

specific models, such as the ones we shall introduce in the later chapters.

These embeddings can be computed in different ways. A few approaches directly

take advantage of some of the representations we saw in the previous sections. For

example, Goh et al. (2017) develop a convolutional neural network (CNN) model directly

on pixelated images of the molecular graph. Alternatively, others have proposed starting

from the SMILES string representation, and encoding this into one-hot vectors suitable

as input for recurrent neural networks (RNNs; see for example the work of Bjerrum,

2017; Gómez-Bombarelli et al., 2018; Jastrzębski et al., 2016; or the sequence-to-sequence

methods described in the next chapter).

However, none of the just-mentioned methods take into account the permutation

invariance of their inputs. For example, we could rotate images of the molecular graph

around by any number of degrees to create what looks like a new input to our model, even

though the underlying molecule is unchanged. This can be somewhat rectified by training

on augmented datasets (Goh et al., 2018); however, perhaps a more compelling approach

is the use of permutation-invariant embedding methods. Two such methods we shall

describe next are (i) 2D molecular fingerprints and (ii) graph neural networks (GNNs).

2.2.1 Two dimensional (2D) molecular fingerprints

Molecular fingerprints are vectors that can be used to represent a molecule. Often these

fingerprints are binary vectors, where each entry (i.e. bit) of this vector describes the

presence or absence of one or more substructures.5 Fingerprints can be split into two

5The 2D molecular fingerprints we describe here are only one class of a more general family of traditional
descriptors from the field of chemoinformatics. In practice, often descriptors from different families are
concatenated together to form molecule-level embeddings. For example, globally-computed features, such
as the molecular weight or the octanol-water partition coefficient (logP; Wildman and Crippen, 1999), might
be appended to purely substructure-count–based measures, such as those we discuss. We refer the reader
to Todeschini and Consonni (2000) for an extensive list of possible descriptors.
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(lines 7-9) (line 10)
O

NO A D

B

C

)A
A

Ds s d BCr=1=hash(
neighbors sorted by bond

order then value
,new

O

NO

f

new integer represents a
substructure of radius r...

... and informs where to set a
fingerprint bit

Figure 2.2 Cartoon demonstrating some salient features of extended connectivity fingerprints (ECFPs;
see Alg. 2.1), namely that at each step the integer associated with each atom (shown by the colored
boxes) is updated using its neighbors, which in turn means it represents larger and larger substruc-
tures. Note, that while this figure captures the general principle of forming an extended connectivity
fingerprint, we have omitted some often implemented subtleties, such as the deduplication of equiv-
alent substructure bits (see Rogers and Hahn, 2010, p. 746).

Algorithm 2.1: Extended connectivity fingerprints (ECFPs; Rogers and Hahn, 2010)
Input:

• Molecular graph, G = (V ,E), with associated atom attributes xv and edge attributes e(u,v);
• Hash function, hash(·), that maps an array to an integer;
• Radius, R.

Result:
• Binary fingerprint vector f .

1 f ← 0 ◃ Binary fingerprint (FP) is initialized as all zeros.

2 for v in V do
3 hv,0 ← hash(xv ). ◃ Hash atom attributes to a single integer for each atom.

4 fhv,0 ← 1 ◃ Set FP bit at index given by hash function.

5 for r in [1, . . . ,R] do
6 for v in V do
7 n ← [(e(u,v),hu,r−1) for u in N (v)] ◃ Form an array of information from the neighbors.

8 m ← [r,hv,r−1]∥ sorted(n) ◃ Concatenate neighbor information with information from atom.

9 hv,r ← hash(m) ◃ Hash array back down to a single integer.

10 fhv,r ← 1 ◃ Set FP bit at index given by hash function.

11 return f
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groups based on how they associate different substructures with each bit: (a) fragment-

dictionary fingerprints and (b) hashed fingerprints (Leach and Gillet, 2007, pp. 62-64). In

fragment-dictionary fingerprints, for example MACCS (Durant et al., 2002), a mapping

(i.e. dictionary) is maintained between a substructure and which bit(s) it should set. This

means that given a fingerprint vector describing a specific molecule and the dictionary

used in its construction, one can reconstruct the possible substructures present.

A disadvantage of these fragment-dictionary fingerprints is that domain knowledge

is required when constructing the dictionary. Ideally, different molecules should map to

distinct fingerprints, which means that you want to choose substructures for the keys of

your dictionary that occur at relatively equal frequencies and somewhat independently of

one another. The second type of fingerprint, hashed fingerprints, avoids this problem by

not requiring a set of defined substructures upfront. Instead, a hash function is used to

map any substructure one might encounter to an associated location in the embedding

vector. An example of such a fingerprint in this family is the group of extended connectivity

fingerprints (ECFPs; Rogers and Hahn, 2010). Figure 2.2 provides an overview of how these

work.

Fingerprints were initially designed for substructure matching (Leach and Gillet, 2007,

p. 101). Here they can be used for screening out possible matches between molecules,

by first ensuring that the molecules’ fingerprint vectors match, before more expensive

checks are undertaken (Engel and Gasteiger, 2018, pp. 239-240). In this manner, when

using hashed fingerprints, they can be seen as similar to the probabilistic data structure

called a Bloom filter (Bloom, 1970), with the potential for false positive matches from

hash collisions6 but no false negatives. Fingerprints have also found applications in many

other areas, such as diversity analysis or drug side effect prediction (Rogers and Hahn,

2010, Table 1). More recently, ECFPs and other kinds of 2D fingerprints have also found

success as the input features for deep learning methods (Dahl et al., 2014; Ma et al., 2015;

Ramsundar et al., 2015; Unterthiner et al., 2014; Wu et al., 2018).

2.2.2 Graph neural networks

As opposed to fixed fingerprints, we can use graph neural networks (GNNs). These can

be seen as a parameterized, relaxed, and differentiable version of a more traditional sub-

structure fingerprint, such as those previously discussed (Duvenaud et al., 2015, Fig. 2).

6A bit could have been set by different substructures in the different molecules due to the non-injective
nature of the hash functions used. Although it is important to note that due to fingerprints’ binary nature,
and in particular the fact that fingerprints do not take account of the number of times a single substructure
occurs, fingerprint matching may provide false positives for other reasons.
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repeat
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AA

graph-level embedding
formed

Figure 2.3 Cartoon demonstrating how a graph neural network (GNN) operates on a molecular
graph to form node-level and/or graph-level embeddings (see Alg. 2.2): (1) nodes are initialized with
features derived from their respective atoms’ properties; (2-3) several rounds of message passing steps
take place, updating the node embeddings, using information from the neighbors; (4) graph-level
embeddings are produced using a “readout” function. There is some flexibility in the choice of the
particular functional forms used in the GNN (see Box 2.2); a key idea here is that the functions
should be permutation invariant to set-type arguments, such as a node’s neighbors, which can be
achieved through functions such as sum, max, average, etc.

Algorithm 2.2: Graph neural network (GNN)
Input:

• Molecular graph, G = (V ,E) with associated node attributes xv and edge attributes e(u,v);
• Parameterized functions: g m (·, ·), g u (·, ·), and g r (·) (see § A.1 for possible functional forms);
• Number of propagation steps, L.

Result:
• Final node embeddings,

{
hv,L ,∀v ∈V}

;
• Graph-level embedding, mM.

/* Initialization: */

1 for v in V do
2 hv,0 ← xv ◃ The node embeddings are initialized with the atom features.

/* Part 1, message passing: */

3 for l in [1, . . . ,L] do
4 for v in V do

5 mv,l ← g m
(

hv,l−1,
{
(hw,l−1,e(w,v)),∀w ∈N (v)

})
◃ Form a message for the node from its neighbors.

6 hv,l ← g u
(
hv,l−1,mv,l

)
◃ We update the node using its previous embedding and the message.

/* Part 2, readout: */

7 mM ← g r
({

hv,L ,∀v ∈V})
◃ Readout function maps set of all node embeddings to a graph-level embedding.

8 return
{

hv,L ,∀v ∈V}
,mM
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Similar to ECFPs (extended connectivity fingerprints), graph neural networks look at in-

creasingly larger substructures around atoms in a series of iterative steps. However, unlike

ECFPs these networks can learn which substructures and characteristics are important

when forming molecule-level embeddings. Furthermore, GNNs also allow for smoother

relationships between similar molecules’ embeddings through their continuous, i.e. no

longer binary, nature.

Graph neural networks can be broken down into two parts, an initial message passing

part, followed by an optional, final readout part, as shown in Algorithm 2.2 and Figure 2.3

(Gilmer et al., 2017). The message passing part can be further broken down into a series of

L layers, akin to a regular feedforward neural network. Each of these layers iteratively refine

the node-level embeddings (i.e. atom-level embeddings when dealing with molecular

graphs), taking into account information (the “messages”) from neighboring nodes. We

will denote these node-level embeddings for node v , produced from the l -th layer, as hv,l ,

with the initial node embeddings set using the atom attributes, introduced in the previous

section, i.e. hv,0 = xv .

Each layer of message passing can be further broken down into two stages, (i) message

formation and (ii) node updating. These stages involve two parameterized functions,

g m (·, ·) and g u (·, ·), the exact structure of which we shall come back to later. In the first

stage a “message” for each node in the graph, mv,l , is computed by taking account of

information from the node’s neighbors:

mv,l = g m
(

hv,l−1,
{(

hw,l−1,e(w,v)
)

,∀w ∈N (v)
})

, (2.1)

where N (v) denotes the set of neighbors of node v in the graph. These messages are then

used, along with the previous node embedding, in the second stage of the layer, to update

the node’s embedding:

hv,l = g u
(
hv,l−1, mv,l

)
. (2.2)

The final node embeddings, hv,L , can be used as input to machine learning models for

node-level tasks. Here it is often convenient to stack them as the rows of a matrix, HM.

Alternatively, they can be fed in as input to a further parameterized “readout” function

(Gilmer et al., 2017, § 2), also sometimes called an aggregation function (Johnson, 2017,

§ 3), g r (·), to produce a graph-level embedding (i.e. molecule-level embedding):

mM = g r
({

hv,L ,∀v ∈V})
. (2.3)
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There is some flexibility in choosing the precise functional forms of the functions

g m (·, ·), g u (·, ·), and g r (·), leading to a proliferation of approaches. A short discussion of

the various approaches is given in Box 2.27. The key idea in all of them is to maintain

invariance to the specific ordering of arguments that take the form of a set. This is often

done by using a sum, as addition is a commutative operation, although other permutation-

invariant operations such as taking the average or the maximum of the set can also be

used (Bloem-Reddy and Teh, 2020; Zaheer et al., 2017). The particular variant of graph

neural network that we shall use in the experiments in the next few chapters will be Gated

Graph Sequence Neural Networks (GGNNs), proposed by Li et al. (2015). We will use

an attention-weighted sum readout function, as it has been found to work better than

simple sums (Li et al., 2018a, § B.1). We provide further details about this architecture in

Appendix A.1.

Box 2.2: Graph neural networks: a plethora of options

Graph neural networks (GNNs) have existed in various forms for several decades (Gori

et al., 2005; Kireev, 1995; Merkwirth and Lengauer, 2005; Scarselli et al., 2009). For example,

Kireev (1995) proposed ChemNet, which, using one feature per node, performed a series of

what would now be termed as message passing steps. In each step the feature associated

with a node was updated through summing features from all of its neighbors, weighting

them differently depending on their distance (Kireev, 1995, Eq. 1).

More recently, following their rediscovery, there has been a large explosion of interest

in graph neural network techniques, leading to a proliferation of different architectures,

algorithms, and application use-cases. For a review covering recent approaches, we recom-

mend those of Battaglia et al. (2018) and Bronstein et al. (2017) to the reader.

These different variants of GNNs have been introduced from an assortment of distinct,

initial viewpoints (Hamilton, 2020, Chap. 7). For example, we described in the main

text how GNNs have been proposed as a parameterizable and differentiable molecular

fingerprint extractor (Duvenaud et al., 2015; Kearnes et al., 2016). Elsewhere, GNNs have

also been presented using analogies to (a) the Weisfeiler-Lehman (WL) graph isomorphism

test (Jin et al., 2017; Morris et al., 2019; Xu et al., 2019), (b) inference in probabilistic

graphical models (Dai et al., 2016), and (c) spectral convolutions on graphs (Bruna et al.,

2013; Defferrard et al., 2016; Kipf and Welling, 2017).

7An interested reader can also refer to Battaglia et al. (2018, pp. 14-18 & 36-38) and Gilmer et al. (2017, § 2),
which provide an overview of several recent variants, framing them as examples of larger-encompassing
architectures named “graph networks” and “Message Passing Neural Networks (MPNNs)” respectively.
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In addition to inspiring alternative architectural variants, the viewpoints described

above can also inspire different types of theoretical analysis. This theoretical analy-

sis can capture the limitations of current approaches as well as provide pointers to-

wards design improvements. For example, studies have related the representational

capacity of GNNs to the 1-dimensional WL test (Morris et al., 2019; Sato, 2020; We-

isfeiler and Lehman, 1968; Xu et al., 2019), a method to approximately check for

graph isomorphism (informally, whether two graphs are identical). This can be used

to show that current GNNs will produce identical molecule embeddings for differ-

ent molecules, if these same molecules cannot be differentiated using the WL test.

dicyclopropylmethane norbornane

An example of such a pathological pair of

molecules, admittedly contrived, is dicyclopropyl-

methane and norbornane, shown here on the right

(see Appendix A.2). Fortunately, meeting such

pathological pairs in practice is often rare.

Architectural or algorithmic innovations for

GNNs have also been introduced to address more

commonly-occurring, practical problems. Exam-

ples include work looking at how to scale up GNNs

to operate on larger graphs (Hamilton et al., 2017, § A), as well as work enabling the sharing

of information in GNNs over greater distances through virtual nodes or edges (Gilmer et al.,

2017, § 5.2). These innovations have also often been driven by adapting techniques to

the graph domain that have proved fruitful elsewhere, such as pooling (Lee et al., 2019b),

attention (Monti et al., 2017; Veličković et al., 2018), hypernetworks (Brockschmidt, 2020),

and the pre-training of models (Hu et al., 2020b).

This proliferation of different graph neural networks leaves the practitioner with a

problem: which one to use! Although, various studies have shown that graph neural

networks improve upon using fixed fingerprints (Duvenaud et al., 2015, Table 1; Yang et al.,

2019; Wu et al., 2018), the relative performance of the networks is sometimes hard to judge,

with conflicting evidence presented (Errica et al., 2020; Shchur et al., 2018). Hopefully, this

will change through the recent introduction of well-maintained software libraries (Fey and

Lenssen, 2019; Wang et al., 2019) and benchmark datasets (Hu et al., 2020a; Wu et al., 2018).

For now, when performing experiments in this thesis we will use the Gated Graph Sequence

Neural Network (GGNN) proposed by Li et al. (2015). However, the overall architectures

and methods we present will be agnostic to this choice, allowing the swapping in of any

future advancement in methods able to form molecular and atom embeddings.
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2.3 Are 2D representations enough?

The embeddings we saw in the last section were all formed from the 2D graph repre-

sentation. However, we began this chapter by defining a molecule as existing in three

dimensional space. Although knowledge of only 2D representations is adequate for under-

standing the models proposed in the rest of this thesis, this section briefly describes 3D

representations to make one better aware of the assumptions we are making, and what

modeling molecules as 2D graphs really means.

The particular 3D arrangement of atoms in a molecule is referred to as a “conforma-

tion”. Conformations can either be derived experimentally, for example through X-ray

crystallography, or computationally, for example through quantum mechanical or rule-

based methods (Gasteiger and Engel, 2003, § 2.9; Hawkins, 2017). Recently, there has also

been the development of ML approaches that predict conformations (Mansimov et al.,

2019; Simm and Hernández-Lobato, 2020). These computational methods often take in as

input the 2D molecular graph.

Intuitively, we might expect a 3D representation to work better for modeling molecules

using ML, as it can more naturally contain data that is missing or often harder to encode

in a 2D graph representation, such as stereochemical information. For instance, in the

general molecular graph framework we presented in Section 2.1.1, we cannot distinguish

between different stereoisomers8. We can describe different stereoisomers as existing

in different “configurations”; molecules cannot be interconverted between such con-

figurations without the breaking and forming of new chemical bonds, and a particular

configuration informs a molecule’s chemical properties.

Stereoisomerism is an example of where 3D information is key for distinguishing

between different entities with different properties. However, 3D information might even

be useful more generally to improve the inductive biases of our models. For instance, in a

message passing framework, 3D information could be utilized to enable the passing of

messages between atoms that are close in 3D space, even if conceptually far apart in a

graph representation.

Therefore, there is a long history of building predictive models that work with 3D

molecular and macromolecular structures. This includes methods that, similar to the 2D

fingerprint approach seen earlier, first generate fixed-dimensional representation vectors

through a pre-determined algorithm, before secondly using these as feature vectors in

8Stereoisomerism is the relationship between molecules that have the same atomic composition and
connectivity but different spatial arrangements (IUPAC, 2014). Examples include cis-trans isomerism, see
Box 3.4, or enantiomerism, the relationship between molecules that are mirror images of one another but
non-superposable.
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a regular feedforward neural network architecture (Schuur et al., 1996). Moreover, there

has also been a series of recent developments in more bespoke neural networks that can

directly operate on the 3D structure (Anderson et al., 2019; Ingraham et al., 2019; Schütt

et al., 2017; Thomas et al., 2018).

However, despite any intuitions one might have, it is unclear whether the current

3D representations are actually better than 2D representations in practice (Awale and

Reymond, 2014; Gao et al., 2020; Sheridan and Kearsley, 2002; Venkatraman et al., 2010).

There are several reasons why this is not necessarily as surprising as it may seem. Firstly,

as we have already discussed, these 3D conformations might be generated from the 2D

molecular graph anyway, meaning that a powerful enough ML model could, although not

necessarily would, learn this transformation if it proved helpful. Secondly, there is not a

single conformation for a given molecule; molecules exist in various different conforma-

tions with different associated energies, and the one most relevant for a particular effect is

often not the one with the lowest energy (Perola and Charifson, 2004). As it can be difficult

to model the entire distribution of conformations (a so-called 4D representation), using a

subset of them can introduce noise into the modeling system.

In this thesis we therefore stick to using the 2D representations discussed previously.

Although they may not be able to model all of the subtleties present, we often find that

they provide good performance. Moreover, as was the case when we were discussing

which particular GNN architecture to choose (see Box 2.2), the models we shall present are

indifferent to the ways in which atom-level or molecule-level embeddings are formed. We

can therefore easily update these components at a future date depending on performance

and compute requirements.

2.4 Summary

In this chapter we gave a background on the many different ways one can represent

molecules to a computer. We explained the different levels of molecular representations

and how these implicitly determine the modeling assumptions one makes. We also

described the graph neural network, an example of an approach introducing learnable

parameters to a model in a structured way to allow it to learn which characteristics are

important when forming a higher-level representation. In the chapters that follow, we

build upon the modeling of single molecules, described in this chapter, to introduce novel

models that can reason with multiple molecules and their interactions, showing such

processes can again be considered at different levels of abstraction.





Chapter 3

Reaction Prediction

The reliable prediction of chemical reactions is a key challenge in organic chemistry. It

is useful for validating synthesis plans and also of consequence in understanding the

processes in molecular biology, that underpin life itself. Moreover, as we shall see in the

next chapter, it is also important when designing new molecules for particular tasks.

This chapter describes a new, fully differentiable ML model, ELECTRO, for predicting

reactions. ELECTRO approaches the task of reaction prediction from the viewpoint of

predicting electron movements (commonly depicted using “arrow-pushing” diagrams).

These movements lead to the breaking and forming of chemical bonds, and for a par-

ticularly important subset of organic reactions (those with linear electron flow), can be

described by a single electron path through the molecules. Instead of predicting product

molecules directly, learning a model of electron movement has the benefits of automati-

cally incorporating constraints of chemistry (such as balanced atom counts) as well as

being easy to interpret. To train ELECTRO, we develop a technique to extract approximate

reaction paths from large reaction datasets. As well as performing well on benchmark tasks,

we show ELECTRO learns basic chemical knowledge, such as functional group selectivity,

without explicit instruction.

In order to describe ELECTRO, this chapter first starts with a background on chemical

reactions, where we explain what it means to “predict” a reaction and provide a description

of previous approaches for this task. Then, after explaining ELECTRO in more detail, we

evaluate it on a dataset of reactions extracted from the patent literature, and we compare

its performance with recent ML models. Before concluding the chapter, we discuss our

approach. Here, we highlight ELECTRO’s current limitations and avenues for future work,

as well as placing it in context with the subsequent work that has been done in this area.

Looking backward, this chapter takes advantage of the node and molecular embed-

ding techniques introduced in the previous chapter. We extend the concepts of how to
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Li O
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reactant 1 reactant 2 reagent product 1

target

product 2

Figure 3.1 The reaction product prediction problem: given the reactant(s) (and reagent(s)) predict
the structure of the product(s).

represent and manipulate single molecules to multiple molecules and their interactions.

Looking forward, reaction prediction will form a crucial aspect of the generative models

for molecules we will suggest in the subsequent parts of this thesis.

3.1 Background

In this section we give a short background on chemical reactions and computational

methods for their prediction. We conclude by describing a fundamental subclass of

reactions, those with “linear electron flow” (LEF). We develop a model of LEF reactions,

called ELECTRO, which we shall explain in more detail in the next section.

3.1.1 What is a reaction?

What is a reaction? A reaction is “a process that results in the interconversion of chemical

species” (IUPAC, 2014). An example of such a process is given in Figure 3.1. However, much

like our discussion of molecules in the previous chapter, behind this simple definition lies

different levels of abstraction in which we can choose to represent the process. These in

turn influence how we can “predict” a reaction. For example, consider Figure 3.1; at the

highest level we can regard the reaction shown as a “black box” transform of the reactants

to the products, under the context of the reagents1.

1Here we classify reagents as any molecules that are left unchanged at the end of the reaction, but provide
context as to how the reaction occurs. Other contextual information, such as the temperature and pressure,
we ignore, as it is often absent or intermittently specified in reaction datasets. Where required it can be
predicted afterwards using ML techniques, such as those proposed by Gao et al. (2018).
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Li O

+
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reactant 1 reactant 2 reagent product 1
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Figure 3.2 The reaction mechanism prediction problem: given the reactants (and reagents) predict
the electron movements involved. These electron movements are depicted using curly arrows; these
movements cause the formation (green arrows) and breaking (red arrows) of chemical bonds, and as
a consequence, also define the final products formed.

Such a high-level view, however, neglects the simple chemical constraints present in

the process, such as conservation of atom counts and types. Therefore, instead of a black

box transform, one could consider a reaction as a graph editing operation.

While using such a representation of a reaction considers what has formed, it has

“abstracted away” a notion of how the reaction occurs, or in other words the “reaction

mechanism”. The reaction mechanism introduces a notion of time to the reaction process

and describes properties of the process that converts the reactants to products. Mecha-

nisms themselves can be treated with different levels of abstraction. On the lowest level

we can use quantum mechanics to characterize the system of interest. At a higher level, we

can represent the electron movements involved using the commonly used “arrow pushing”

notation (also called electron pushing; Kermack and Robinson, 1922; O’Hagan and Lloyd,

2010), as is done in Figure 3.2. Here each “curly arrow” simplifies a complex electron shift,

giving the chemist a powerful tool to describe the process. The movement of electrons

described by these arrows leads to a series of bond making and bond breaking steps, such

that we can also use them to infer the final products.

3.1.2 Reaction prediction

The development of reaction prediction methods often occurs on one or more levels of

this hierarchy. At the lowest level, one can use methods performing molecular quantum

mechanical calculations to predict the course of a reaction (see e.g. Cramer, 2013; Niu

and Hall, 2000). However, often these require a reaction-bespoke setup. Furthermore,

these calculations, even when combined with sensible heuristics to limit the amount of

computation required, can still be very slow for most systems of interest (Bergeler et al.,



26 Reaction Prediction

2015; Kim et al., 2018; Nandi et al., 2017; Rappoport et al., 2014; Simm and Reiher, 2017;

Socorro et al., 2005; Zimmerman, 2013).

Rule-based approaches

Predominantly rule-based approaches, often able to operate at a higher level of the hierar-

chy, can make predictions much faster. Early approaches of this ilk include the systems

CAMEO (Salatin and Jorgensen, 1980), EROS (Gasteiger et al., 1987), IGOR/RAIN (Ugi et al.,

1993, § 4.4; Bauer et al., 1988; Fontain and Reitsam, 1991), and SOPHIA (Satoh and Fu-

natsu, 1995) among others2. Although these methods differed in their approach, common

among all was the use of expert-encoded rules or heuristics. For instance, CAMEO first

used a rule-based categorization procedure to decide on reactive sites and the order of

their interactions, before then delegating to mechanism-specific subroutines to carry out

actual edits on the reactants.

Research into rule-based systems has continued more recently. For instance, Chen

and Baldi (2009) generate a rule-based system where over 1500 reactions are manually

encoded. Another method, more recent still, is proposed in Segler and Waller (2017a).

Although currently limited to binary reactions, this method is particularly interesting

for its ability to suggest new reactions (i.e. new molecules that should react together),

through casting the problem as link prediction on a knowledge graph. Using reaction data

to discover new reactions is a crucial element of the models that we shall design in the

next chapter.

A key feature of many rule-based systems is the use of “reaction templates”; these

templates describes how a particular subgraph, using wildcard nodes to describe its

wider connectivity, transforms in a reaction. Given a vocabulary of templates and a set of

new reactants, the templates can be sequentially trialed, executing any of the specified

transforms when the subgraph described in the template is present in the reactants.

Limitations of rule-based systems The early rule-based programs were often limited

in scope for computational reasons. For instance, CAMEO was implemented on a Texas

Instruments 990/10 computer, with disk storage of just 6M bytes (Salatin and Jorgensen,

1980, Fig. 2). For comparison, the reaction dataset that we use in the later evaluation

section of this chapter is roughly 35M bytes in size when compressed, and, in terms of

2The expert systems for reaction prediction share many similarities with expert systems developed for
retrosynthesis, such as LHASA (Corey, 1971; Corey and Wipke, 1969; Corey et al., 1972). Retrosynthesis can
be considered the opposite of reaction prediction, in which you are interested in predicting the reactants
needed given a product. See e.g.Warr (2014, § 6); Cook et al. (2012); Todd (2005) for a review.
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the number of reactions present, it is by no means large compared to some of the private

reaction datasets in existence today (Engel and Gasteiger, 2018, § 6.6).

Modern rule-based systems are now often limited for human-driven reasons. Man-

ually defining template libraries is a laborious and hard to scale process, particularly

as exceptions to when these rules apply often also have to be recorded (Szymkuć et al.,

2016, § 3.2.3). Encoding all possible reactions manually is ultimately a quixotic endeavor.

Although automatically extracting templates can help to some extent (Law et al., 2009;

Röse and Gasteiger, 1990), when coming to actually use them in practice, it is still slow

to enumerate and trial all of those collected. Furthermore, often one can have multiple

possible templates that might match, or one template that might match in more than one

location3. Manually defined priority rules to address this, for instance those used by Chen

and Baldi (2009, § 2.3), again require expert input and so are unable to scale.

ML-based approaches

The shortcomings inherent to purely rule-based approaches, have motivated attempts

to use ML (machine learning) to predict reaction outcomes. In general we can divide

ML reaction prediction methods into two categories: (a) product prediction, where the

goal is solely to predict the reaction products, given a set of reactants and reagents (see

Figure 3.1); and mechanism prediction, where the goal is to determine how the reactants

react, i.e. the movement of electrons (see Figure 3.2).

Product prediction The drawbacks of only using templates motivated a Templates+ML,

hybrid approach (Coley et al., 2017a; Segler et al., 2018b; Segler and Waller, 2017b; Wei

et al., 2016; Zhang and Aires-de Sousa, 2005). Here machine learning models can be used

for both (a) the preselection of templates (or reaction classes) likely to work, and so avoid

an expensive initial enumeration, as well as (b) ranking templates/products by order of

preference. These approaches maintain the benefits of using templates, namely their

interpretability, but also import a fundamental limit to extrapolation: one will never be

able to generalize to reactions that are (even slightly) different to those in the template set.

The WLDN method, proposed by Jin et al. (2017), moves away from using templates

and uses ML to model the entire graph edit operation. This method consists of three

main steps (illustrated in Jin et al., 2017, Fig. 2): (i) a ML identification of the reaction

center (atom pairs that will be involved in the reaction), (ii) enumeration of all chemically

possible products by changing the bond configurations in the reaction center, before

3These problems are technically referred to as chemoselectivity and regioselectivity – see for instance
Clayden et al. (2012, Chap. 23-24).
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Table 3.1 Work on machine learning for reaction prediction, and whether they are (a) end-to-end
trainable, and (b) predict the reaction mechanism (i.e. electron movements).

Prior Work end-to-end mechanistic

Templates+ML (e.g. Segler and Waller, 2017b) − −
WLDN (Jin et al., 2017) − −
Seq2Seq (e.g. Schwaller et al., 2018) X −
Source/Sink (using expert-curated data; Kayala and Baldi, 2011) − X

ELECTRO (this chapter) X X

finally (iii) a second ML component that ranks all of these possible, enumerated products.

For the ML steps, the authors design two graph neural networks (Jin et al., 2017, § 3), the

Weisfeiler-Lehman Network and the Weisfeiler-Lehman Difference Network, hence the

name WLDN. While leveraging new techniques for learning on graphs, this method is not

trained end-to-end due to the enumeration steps required for ensuring chemical validity.

The use of ML methods has also extended to the highest level of reaction abstrac-

tions, i.e. treating a reaction as a “black box” transform, through the use of sequence-to-

sequence methods (Nam and Kim, 2016; Schwaller et al., 2018; see also Box 3.1)4. Opposed

to the other ML approaches we have discussed, the sequence-to-sequence approach pro-

posed by Schwaller et al. (2018) (which we shall call Seq2Seq) can be trained end-to-end,

or in other words there are not separate ML modules that you need to train and validate

independently. However, simple chemical constraints, such as conservation of mass, are

no longer “baked-in”, but must be learned by the model.

Mechanism prediction ML methods that predict reaction mechanisms include the work

of Fooshee et al. (2018); Kayala et al. (2011); Kayala and Baldi (2012, 2011). These models

predict the reaction mechanism by identifying interactions between electron sources and

electron sinks. While very different to the WLDN method in both the implementation

details and even the prediction task being tackled, on a high-level this method follows the

same three step process: (i) a ML-based identification of reactive sites, (ii) an enumeration

of possible combinations, before finally (iii) a ML-based ranking process. These methods

are evaluated on small expert-curated, private datasets, which contain details about

reaction conditions, such as the temperature and anion/cation solvation potential (Kayala

and Baldi, 2011, § 2). We do not have access to these datasets and so do not compare to

these methods here.
4Since we first published the work described in this chapter this approach has been further extended by

Schwaller et al. (2019)’s Molecular Transformer. The Molecular Transformer now obtains state-of-the-art
performance on a range of reaction dataset benchmarks. See Section 3.4.4 for a further discussion.
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This work Summarizing the above discussion (see also Table 3.1), there are at least two

desirable characteristics for reaction prediction models:

1. End-to-end: The space of possible reactions is limited due to complex chemical

constraints. How can we pose the problem such that we can differentiate through a

model subject to these constraints?

2. Mechanistic: Learning the mechanism offers a number of benefits over learning the

products directly, including (a) interpretability (if the reaction failed, which part of

the electron path is incorrect?); (b) sparsity (often only a small subgraph of the reac-

tant molecules changes during a reaction); and (c) robustness (editing molecules by

predicting movements of electrons means that we automatically enforce chemical

constraints, such as balanced atom counts).

Given this, we design a model, ELECTRO, that exhibits both of these characteristics. ELEC-

TRO is able to model a subset of mechanisms, those with “linear electron flow” (LEF),

which we shall describe next.

3.1.3 Linear electron flow (LEF)

One method to classify reactions is by the topology of their “electron-pushing arrows”

(the colored curly arrows in Figure 3.2). Here, the class of reactions exhibiting “linear

electron flow” (LEF; Herges, 1994a,b), where the curly arrows line up in sequence, is the

most common and central. In this chapter, we shall consider only LEF reactions that are

“heterolytic”5.

In LEF reactions, the electron pairs, described by these arrows, move in a single path

through the reactant atoms. Further, the electron movements along this path will alter-

nately remove existing bonds and form new bonds. Figure 3.2 shows an example. In this

figure, the reaction starts (step 1) by removing the electrons between the Li and C atoms

in reactant 1 and moving them to the carbon atom, breaking the bond. Then in step 2,

electrons are moved from this C atom to form a bond between this atom and another C

atom in reactant 2. Finally (step 3), a pair of electrons are removed from between the C

and O atoms, breaking the bond, and moved to the O atom, creating the final products.

Notice that by predicting this series of steps (which alternately break and form bonds), we

additionally obtain the final product. The description of how we predict these steps, using

our model ELECTRO, is the topic of the next section.

5Heterolytic reactions are those that involve the movement of pairs of electrons, as opposed to homolytic
reactions which involve single electrons (shown in arrow-pushing diagrams as half-barbed arrows).
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Box 3.1: Sequence-to-sequence methods

Sequence-to-sequence methods using RNN encoders and decoders were proposed by Cho
et al. (2014b); Sutskever et al. (2014). Using variants of the general architecture shown
below, these papers demonstrated these methods’ utility for language translation tasks
(e.g. translating a French phrase into an English one). In these models an encoder RNN
is used to embed each token in the input sequence into a vector space. These hidden
vector embeddings are then pooled (shown by pl (·)) into a context vector c , to form an
embedding for the entire input phrase. The decoder RNN then uses this context vector to
autoregressively construct the output sequence, token by token.

C

SOS C

1

1

C
RNN RNN RNN...

RNN RNN RNN...

reactants

Encoder Decoder
products (target)

C C EOS

(NB “SOS” and “EOS” denote the “start of sequence” and “end of sequence” tokens respectively)

Later modifications to this model were made to improve its performance. This included
removing the pooling operation and introducing an attention mechanism (Bahdanau et al.,
2014; Luong et al., 2015). These ideas were further developed by Vaswani et al. (2017)
in their Transformer architecture. Here, Vaswani et al. (2017) found that by simplifying
previous architectures, in particular by removing recurrent connections and relying only
on attention mechanisms, one could obtain even better translation performance, while
also reducing the training cost.

Nam and Kim (2016); Schwaller et al. (2018) were the first to explore applying sequence-
to-sequence methods to reaction prediction (we compare to the method of Schwaller et al.
(2018) in this chapter as the best sequence-to-sequence model existing at the time). This
was later improved by Schwaller et al. (2019), in a model that the authors name the Molecu-
lar Transformer. They performed a comprehensive evaluation of its performance on a series
of tasks, demonstrating state-of-the-art results (Schwaller et al., 2019, p. 1576). Subsequent
modifications to the Molecular Transformer have included, among others, introducing
latent variables for diversity (Chen et al., 2019), adapting the model for retrosynthesis
tasks (Lee et al., 2019a; Schwaller et al., 2020), and using alternative attention mechanisms
(Maziarka et al., 2020; Yoo et al., 2020). In these models the SMILES language, introduced
in the previous chapter, is used to describe the reactant and product molecules (in reaction
SMILES strings the token “>>” is used to separate the reactant from the product). For
example, the string “CC(C)C=O.[Li]C1=CC=CC=C1>>CC(C)C([O-])C1=CC=CC=C1” would
represent the reaction shown in Figure 3.1 (note that often reaction SMILES strings only
record the major product(s) – as is done here).
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3.2 ELECTRO: a generative model for electron paths

We now describe our probabilistic generative model for the electron movement in LEF

reactions. Building upon the notation set up in the previous chapter6, we shall denote the

reactant molecules as M0 and the product molecules as MT+1. Additionally, sometimes

the reaction will occur in the context of reagent molecules, Me , although these molecules

do not themselves change. The reaction happens under a series of electron actions,

A0:T = (a0, . . . , aT ), describing the path the electron movements follow. These actions, as

discussed in the previous section, will alternately remove and add bonds (see Figure 3.2),

transforming the reactant molecules into the products.

We propose to learn a distribution, pθ (A0:T |M0,Me ), over the electron movements.

We choose to factor this distribution autoregressively (a high-level overview of the process

is shown in Figure 3.3). At each time step, we want to model, based upon what has gone on

before, both (a) the individual action distributions, i.e. the distribution over at (describing

the electron movements), as well as (b) a distribution over a binary latent variable, ct

(describing if the reaction continues before that step). To be more specific, our distribution

is as follows:

pθ (A0:T |M0,Me ) =pcont
θ (c0|M0) pstart

θ (a0|M0,Me ) (3.1)

×
[

T∏
t=1

pcont
θ (ct |Mt ) pθ (at |Mt , at−1, t )

](
1−pcont

θ (cT+1|MT+1)
)
.

We can further break this down into three components: (i) a starting location distribu-

tion, pstart
θ

(a0|M0,Me ); (ii) an electron movement distribution, pθ (at |Mt , at−1, t ); and

(iii) a reaction continuation distribution, pcont
θ

(ct |Mt ). In the subsections that follow

we shall define each of these components in turn, before describing how we can train

our model and use it for prediction. Algorithm 3.1 provides pseudocode of the entire

generative process in the form of a probabilistic program. The exact architectures used in

the experiments are described in Appendix B.2.1.

3.2.1 Starting location, pstart
θ

(
a0|M0,Me

)
The initial action of the model is to decide which atom, a0, should start the path. This is

conditional on both (a) the initial set of reactants, M0, and possibly (b) a set of reagents,

6Note that in this chapter we are abusing the notation somewhat, allowing M to refer to multiple
molecules at once. This is because in our model we describe the multiple molecules existing at a single step
of our process using one graph – the individual molecules themselves will be represented by disconnected
subgraphs in this overall graph.



32 Reaction Prediction

Algorithm 3.1: The generative steps of ELECTRO (given that the model chooses to react, i.e.
c0 = 1).

Input:
• Input molecules, i.e. reactants, M0, and reagents, Me ;
• GNN to create node embeddings, GNNnode (·) (i.e. part 1 only of Alg. 2.2);
• GNN to create reagent embedding, GNNreagents (·);
• GNN to create continuation logit, GNNcont (·);
• Additional NNs to create logits: f start (·, ·), f remove (·, ·), f add (·, ·);
• Max time steps, T max.

Result:
• Electron path, A0:T .

/* We first pick a start location: */

1 pstart
θ

(a0|M0,Me ), softmax
[

f start
(
GNNnode (M0) ,GNNreagents (Me )

)]
2 a0 ∼ pstart

θ
(a0|M0,Me ) ◃ Sample from categorical distribution.

3 M1 ←M0 ◃ Molecule does not change until complete pair picked up.

4 A0:T ← (a0) ◃ Set first location in path.

5 ct+1 , 1 ◃ Do not stop until you have picked up a complete pair of electrons.

◃ Add and remove steps:

6 for t in [1, . . . ,T max] do
7 if t is odd then

8 premove
θ

(at |Mt , at−1) ∝βremove ⊙ softmax
[

f remove
(
GNNnode (Mt ) , at−1

)]
9 at ∼ premove

θ
(at |Mt , at−1) ◃ Sample from categorical distribution.

10 Mt+1 ← remove_bond (Mt , at , at−1) ◃ Remove bond between at and at−1.

11 else

12 padd
θ

(at |Mt , at−1) ∝βadd ⊙ softmax
[

f add
(
GNNnode (Mt ) , at−1

)]
13 at ∼ padd

θ
(at |Mt , at−1) ◃ Sample from categorical distribution.

14 Mt+1 ← add_bond (Mt , at , at−1) ◃ Add bond between at and at−1.

15 A0:T ←A0:T ∥ (at ) ◃ Concatenate chosen action onto end of current path.

/* Assess whether to terminate: */

16 pcont
θ

(ct+1|Mt+1),σ
(
GNNcont (Mt+1)

)
17 ct+1 ∼ pcont

θ
(ct+1|Mt+1) ◃ Sample from Bernoulli distribution.

18 if ct+1 = 0 then
19 break ◃ Reaction stops.

20 return A0:T
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Figure 3.3 This figure shows the sequence of actions in transforming the reactants in box 1 to the
products in box 9. The sequence of actions will result in a sequence of pairs of atoms, between
which bonds will alternately be removed and formed, creating a series of intermediate products.
At each step the model sees the current intermediate product graph (shown in the boxes) as well as
the previous action, if applicable, shown by the gray dashed circle. It uses this to decide on the next
action (black circle). We represent the characteristic probabilities the model may have over these next
actions as colored circles over each atom. Some actions are disallowed on certain steps, for instance
you cannot remove a bond that does not exist; these blocked actions are shown as gray crosses, ✖.

Me . We then parameterize pstart
θ

(a0|M0,Me ) as:

pstart
θ (a0|M0,Me ) = softmax

[
f start (HM0 ,mMe

)]
, (3.2)

where f start(·, ·) is a feedforward neural network that computes logits for each atom, which

are then normalized into probabilities by the softmax function, softmax[x] = ex /
∑

i exi .

This network takes in the stacked node-level embeddings of the reactants, HM0 , and the

graph-level embedding of the reagents, mMe . These embeddings are computed using the

graph neural networks GNNnode (·) and GNNreagents (·) respectively.

3.2.2 Electron movement, pθ

(
at |Mt , at−1, t

)
The next component we shall discuss is pθ (at |Mt , at−1, t ), a distribution over where the

electrons move next. These movements can be categorized into two classes, depending

on whether we are on a remove bond or add bond step.

We learn a separate distribution for these two different classes of action. Both of these

two distributions are conditioned on (a) the intermediate molecules formed by the action

path up to that point (summarizing the history of previous actions taken), and (b) the

immediate previous action at−1 (indicating the immediate previous point on the path).
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We can determine which one of our two distributions to use from the parity of t . All

LEF reactions start with a remove bond step (as first electrons have to be picked up), and

then alternate between removing and adding bonds (§ 3.1.3). Therefore, if t is odd we are

on a remove bond step, and vice versa for add bond steps.

Putting this all together we can formally define the electron movement distribution,

pθ (at |Mt , at−1, t ), as:

pθ (at |Mt , at−1, t ) =
premove

θ
(at |Mt , at−1) if t is odd,

padd
θ

(at |Mt , at−1) otherwise.
(3.3)

premove
θ (at |Mt , at−1) ∝βremove ⊙ softmax

[
f remove (

HMt , at−1
)]

, (3.4)

padd
θ (at |Mt , at−1) ∝βadd ⊙ softmax

[
f add (

HMt , at−1
)]

, (3.5)

where f remove (·, ·) and f add (·, ·) are again feedforward neural networks (we defer a detailed

description of the architectures used to Appendix B.2.1). These again make use of stacked

node-level embeddings, HMt , computed by the same graph neural network used for the

starting action, GNNnode (·). The vectors βremove and βadd are masks, that ensure zero-

probability is assigned to certain atoms based on chemical constraints. Specifically, the

mask associated with a remove step, βremove, assigns zero probability to an atom at if

there is not a bond between it and the previous atom at−1 (you cannot remove a bond if it

does not exist)7. The mask associated with an add step, βadd, simply prevents the previous

action from being repeated; this prevents the model from stalling in the same state for

multiple time steps.

3.2.3 Reaction continuation/termination, pcont
θ

(
ct |Mt

)
Finally, we come to describing how we model when the reaction is to terminate. As

mentioned earlier, we introduce a binary latent variable, ct ∈ {0,1}, that describes whether

the reaction continues (ct = 1) or terminates (ct = 0) before step t . The distribution over

this variable, pcont
θ

(ct |Mt ), is parameterized as:

pcont
θ (ct |Mt ) =σ

(
GNNcont (Mt )

)
, (3.6)

7A small caveat to this is when a reaction begins with a lone-pair of electrons associated with a single
atom; in these cases we say that the reaction starts by removing a “self-bond”. Therefore, on the first step,
βremove allows the selection of a1 = a0.
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where GNNcont (·) is a graph neural network, which learns a mapping from intermediate

molecules, Mt , to a single logit (i.e. the molecule-level embedding from this particular

GNN is one dimensional). Hereσ(·) represents the sigmoid function, i.e. σ(x) = 1/(1+e−x ).

Two subtle points in this procedure’s implementation need some further clarification.

Firstly, for computational reasons we set an upper limit to the number of time steps

possible. This is denoted T max and, in effect, means we are setting cT max+1 = 0. Secondly,

we cannot stop after the first step, i.e. c1 = 1. This is due to physical constraints; a reaction

cannot stop (if it occurs at all) until it has picked up an entire electron pair.

3.2.4 Training and inference

We learn the parameters of our model, θ, by maximizing the log likelihood of a full path,

log pθ (A0:T |M0,Me ). All components of our model are trained at once, including the

GNNs computing node embeddings. This training process is done using a form of teacher

forcing (Goodfellow et al., 2016, § 10.2.1, Williams and Zipser, 1989, § 2.2); the complete

electron path and the associated intermediate products needed for this process are ex-

tracted from the training data. Other training techniques could also be used, such as

scheduled sampling (Bengio et al., 2015).

At prediction time, given initial reactants M0 and reagents Me , we could sample

chemically-valid paths from our model by sampling from the appropriate conditional

distributions until we sample a continue value equal to zero. However, for making predic-

tions it is often better to find a ranked list of the top-K most likely paths. To do this we use

a version of beam search, with width K and maximum path length T max, and in which we

record all paths that have terminated.

3.3 Evaluation

In this section we evaluate ELECTRO. To train and test our model we use the USPTO

dataset, a collection of chemical reactions extracted from the US patent database (Lowe,

2012). This dataset is not immediately in a form suitable for training ELECTRO, so we first

describe how we can preprocess it by extracting approximate reaction mechanisms8. We

8While the procedure we describe can reconstruct the correct arrow pushing diagram for certain reactions
(e.g. SN2 reactions), given the format of the data, it might simplify the process for other more complicated
reactions (e.g. see Figure 3.5), such that we might best describe the mechanism extracted as an “approximate”
one. Nevertheless, capturing the overall electron shift, through using these approximate mechanisms, allows
us to train our model on large, noisy reaction datasets and compare to state-of-the-art (at the time) ML
models for product prediction (§ 3.3.3).
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then go on to evaluate ELECTRO on the tasks of (i) mechanism prediction and (ii) product

prediction.

3.3.1 Reaction mechanism identification from USPTO

To evaluate our model, we use a collection of chemical reactions extracted from the US

patent database (Lowe, 2012), referred to as the USPTO dataset. We take as our starting

point the 479,035 reactions used by Jin et al. (2017) (along with their training, validation,

and testing splits). This data consists of a list of reactions. Each reaction is a reaction

SMILES string and a list of bond changes. A reaction SMILES string is an extension of

the SMILES format we discussed in Section 2.1.3, where an additional token, “>>”, is used

to split up the molecules present at the beginning of the reaction from those present at

the end. These strings have also been atom-mapped, such that a unique integer equates

each atom in the reactants with the equivalent atom in the products. The list of bond

changes tells us which pairs of atoms have different bonds in the reactants versus the

products (note that this can be directly determined from the reaction SMILES string).

Below, we describe two data processing techniques that allow us to identify reagents,

reactions with LEF topology, and extract an underlying electron path (i.e. an approximate

reaction mechanism). Each of these steps can be easily implemented with the open-source

chemoinformatics software RDKit (RDKit Team, 2019).

Reactant and reagent separation The reaction SMILES strings can be split into three

parts: reactants, reagents, and products. The reactant molecules are those which are

consumed during the course of the chemical reaction to form the product, while the

reagents are any additional molecules which provide context under which the reaction

occurs (for example, catalysts), but do not explicitly take part in the reaction itself; an

example of a reagent is shown in Figure 3.1.

Unfortunately, the USPTO dataset as extracted does not differentiate between reagents

and reactants. We elect to preprocess the entire USPTO dataset by separating out the

reagents from the reactants using the process outlined in Schwaller et al. (2018, § 3.1),

where we classify as a reagent any molecule for which either (a) none of its constituent

atoms appear in the product, or (b) the molecule appears in the product SMILES string

completely unchanged from the pre-reaction SMILES string. This allows us to properly

model molecules which are included in the dataset but do not materially contribute to

the reaction.
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Figure 3.4 Example of how we turn a SMILES reaction string into an ordered electron path (i.e. an
approximate reaction mechanism), for which we can train ELECTRO on. This consists of a series
of steps: (1) Identify bonds that change by comparing bond triples (source node, end node, bond
type) between the reactants and products. (2) Join up the bond changes so that one of the atoms in
consecutive bond changes overlap (for reactions which do not have linear electron flow topology,
such as multi-step reactions, this will not be possible and so we discard these reactions). (3) Order
the path (i.e. assign a direction). A gain of charge (or analogously the gain of hydrogen as H+ ions
without changing charge, such as in the example shown) indicates that the electrons have arrived
at this atom; and vice versa for the start of the path. When details about both ends of the path are
missing from the SMILES string we fall back to using an element’s “electronegativity” to estimate
the direction of our path; more electronegative atoms attract electrons towards them and so are set
as the final atom on our path. (4) The extracted electron path deterministically determines a series
of intermediate molecules which can be used for training ELECTRO. Paths that do not consist of
alternate add and removal steps and/or do not result in the final recorded product do not exhibit
LEF topology and so can be discarded. An interesting observation is that our approximate reaction
mechanism extraction scheme implicitly fills in missing reagents (caused by noisy training data) –
in this example, which is a Grignard- or Barbier-type reaction, the test example is missing a metal
reagent (e.g. Mg or Zn). Nevertheless, our model is robust enough to predict the intended product
correctly (Effland et al., 1981).
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Identifying reactions with linear electron flow topology To train our model, we need

to (i) identify reactions in the USPTO dataset with LEF topology, and (ii) have access

to an electron path (i.e. mechanism) for each such reaction. Figure 3.4 shows the steps

necessary to identify and extract the electron paths from reactions exhibiting LEF topology.

An additional description of these steps is provided in Appendix B.1. Applying these

steps, we discover that 73% of the USPTO dataset consists of LEF reactions (349,898 total

reactions, of which 29,360 form the held-out test set).

3.3.2 Reaction mechanism prediction

We now start by evaluating ELECTRO on the task of mechanism prediction. Mechanism

prediction involves ensuring that we correctly obtain the exact sequence of electron steps.

This can be measured, in terms of accuracy, by checking whether the sequence of integers

extracted from the raw data (as described in the previous subsection) is an exact match

with the sequence of integers output by ELECTRO. Table 3.2 shows the top-1, top-2, top-3,

and top-5 accuracies computed in this manner.

In this table we compare against a variant of our model called ELECTRO-LITE. ELECTRO-

LITE ignores the reagent information, Me , when making predictions. Although reagent

information is generally required to faithfully predict a reaction, it can often be inferred

from the reactants alone, and this ablation study allows us to gauge its importance.

We also perform a more qualitative analysis on the mechanisms predicted. Complex

molecules often feature several, competing functional groups that could react. Chemists

can use heuristics and trends, derived from experimental observation, to predict the

“selectivity”, i.e. which of these functional groups will predominantly react in the presence

of the others. By plotting the predictions of ELECTRO on a series of textbook reactions,

shown in Figure 3.5 (and in Appendix B.3), we can study whether ELECTRO has learned the

same trends from data. Overall, we found that the model’s predictions for most examples

were correct; in the small quantity of incorrect cases, interpreting the model’s output

reveals that it still made chemically plausible predictions.

3.3.3 Reaction product prediction

Reaction mechanism prediction is useful to ensure we form the correct products in the

“correct” way. However, it underestimates the model’s actual predictive accuracy: although

a single atom mapping is provided as part of the USPTO dataset, in general atom mappings

are not unique (for an example see Box 3.2).
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Table 3.2 Results when using ELECTRO for mechanism prediction. Here a prediction is correct if
the atom-mapped action sequences predicted by our model exactly match those extracted from the
USPTO dataset. ELECTRO-LITE is a variant of our model that ignores reagent information, acting as
an ablation study to gauge the importance of this information.

Accuracies (%, ↑)

Model Name Top-1 Top-2 Top-3 Top-5

ELECTRO-LITE 70.3 82.8 87.7 92.2
ELECTRO 77.8 89.2 92.4 94.7

example 1

key

example 2

O

Cl Br Br

Cl

I

B

O

O

1st choice 2nd choice 3rd choice

Figure 3.5 Example 1, on the left: nucleophilic substitution SN 2-reaction. Example 2, on the right:
Suzuki-coupling. (Note that in the “real” mechanism of the Suzuki coupling, the reaction would
proceed via oxidative insertion, transmetalation and reductive elimination at a palladium catalyst.
As these details are not contained in training data, we treat palladium implicitly as a reagent). In
both cases, our model has correctly picked up the trend that halides lower in the period table usually
react preferably (I > Br >C l ).

Recent approaches to product prediction (Jin et al., 2017; Schwaller et al., 2018) have

evaluated whether the major product reported in the test dataset matches predicted

candidate products generated by their system, independent of mechanism. In our case,

the top-5 accuracy for a particular reaction may include multiple different electron paths

that ultimately yield the same product molecule.

To evaluate if our model predicts the same major product as the one in the test data,

we need to solve a graph isomorphism problem. To approximate this, we (i) take the

predicted electron path, (ii) apply the induced edits to the reactants to produce a product

graph (balancing charge to satisfy valence constraints), (iii) remove atom mappings, and

(iv) convert the product graph to a canonical SMILES string representation in Kekulé form

(aromatic bonds are explicitly represented as double bonds, see § 2.1.1). We can then eval-

uate whether a predicted electron path matches the ground truth by a string comparison.

This procedure is inspired by the evaluation of Schwaller et al. (2018). To obtain a ranked
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Table 3.3 Results for product prediction, following the product matching procedure in Section 3.3.3.
For the baselines we compare against models trained (a) on the full USPTO training set (marked
FTS) and only tested on our subset of LEF reactions, and (b) those that are also trained on the same
LEF subset of USPTO as our model. We make use of the code and pre-trained models provided by Jin
et al. (2017). For the Seq2Seq approach, as neither code nor more fine grained results are available,
we train up the required models from scratch using the OpenNMT library (Klein et al., 2017).

Accuracies (%, ↑)

Model Name Top-1 Top-2 Top-3 Top-5

WLDN FTS (Jin et al., 2017) 84.0 89.2 91.1 92.3
WLDN (Jin et al., 2017) 83.1 89.3 91.5 92.7
Seq2Seq FTS (Schwaller et al., 2018) 81.7 86.8 88.4 89.8
Seq2Seq (Schwaller et al., 2018) 82.6 87.3 88.8 90.1

ELECTRO-LITE 78.2 87.7 91.5 94.4
ELECTRO 87.0 92.6 94.5 95.9

Box 3.2: Limitations in mechanism-based evaluation

A mechanistic-based evaluation (as described in §3.3.2) can underestimate a model’s pre-
dictive accuracy, as different electron paths can form the same products. This might occur
for example due to symmetry. Consider the reaction, taken from USPTO, drawn below:
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Although only one electron path is given in the USPTO dataset, due to symmetry,
we could change the atom-mapping without changing the course of the reaction in any
meaningful way. This is shown below:
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Therefore, an assessment based purely on electron path accuracy can sometimes be
misleading, and, as such, can be complimented by product-based assessments (§ 3.3.3).
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list of products for our model, we compute this canonicalized product SMILES string for

each of the predictions found by beam search over electron paths, removing duplicates

along the way. These product-level accuracies are reported in Table 3.3

We compare with the graph-based method Jin et al. (2017) (shown to be better than

previous template-based methods); we use their evaluation code and pre-trained model,

re-evaluated on our extracted test set (more details on all the baselines are provided in

Appendix B.2.2). We also use their code and re-train a model on our extracted training

set, to ensure that any differences between our method and theirs is not due to a special-

ized training task. We also compare against the Seq2Seq model proposed by (Schwaller

et al., 2018); however, as no code is provided by Schwaller et al. (2018), we run our own

implementation of this method based on the OpenNMT library (Klein et al., 2017). Over-

all, ELECTRO outperforms the other approaches on this task, with 87% top-1 accuracy

and 95.9% top-5 accuracy. Omitting the reagents in the ELECTRO-LITE model described

earlier, degrades top-1 accuracy slightly, but maintains a high top-3 and top-5 accuracy.

This suggests that reagent information is necessary to provide context in disambiguating

plausible reaction paths.

3.4 Discussion

In this section we discuss the approach, its limitations and possible extensions, and put it

into context with the subsequent work done in this area since its initial publication.

3.4.1 Beyond LEF reactions

Perhaps the most obvious limitation of ELECTRO is its restriction to LEF reactions. Al-

though, as we discussed earlier, this encompasses the majority of reactions (Herges,

1994b), it would still be beneficial to extend the model to cover other reaction classes (see

Box 3.3) and reactions consisting of multiple stages9. To do this, two challenges must be

overcome: (a) modeling these other reaction classes, and (b) obtaining suitable training

data for these other reaction classes. We shall now discuss both of these challenges in

turn.

The first challenge of modeling other reaction classes could be overcome in a variety

of different ways. For instance, pericyclic reactions (see Box 3.3) could be transformed

9Such a reaction might often be termed a stepwise reaction (IUPAC, 2014). We have used the term “stage”
here to avoid overloading the term “step”, particularly to avoid confusion with the individual electron steps
in the autoregressive prediction process of ELECTRO.
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Box 3.3: Electron flow topologies

There are many different approaches to classify reactions (Gasteiger, 2003, Chap. III). One
way is by the topology of the electron pushing arrows involved (Herges, 1994a,b). In this
manner, Herges (1994b, Fig. 1) broke down a large reaction dataset into three main classes:
(1) linear, (2) cyclic, and (3) complex (coarctate). An example of a linear topology, the main
focus of this chapter, has previously been shown in Figure 3.2. An example of the cyclic
and complex topologies is shown below:

O

O

O

O

O

O

(a) A Diels-Alder reaction,
see e.g. Clayden et al. (2012, pp. 879-886);

an example of a cyclic topology.

O

H

O

O O

H

O

O

(b) An epoxidation reaction,
see e.g. Clayden et al. (2012, pp. 429-430);

an example of a complex topology.

(NB we are drawing an arrow for every bond add and remove step to match our presentation
elsewhere and to remove ambiguity on where the new bonds form; these diagrams can also

be simplified in presentation by merging these arrows such that each goes from the bond
that has been removed to the bond that has been added.)

Linear reactions, such as those modeled by ELECTRO, have arrows lining up. Cyclic
reactions (also called pericyclic if the electron movements are concerted, i.e. occur in
unison) have a cyclic electron path with no defined start or end. Both of these classes
have one bond added and/or removed at each atom during the reaction. On the other
hand, complex reactions have at least one atom at which two bonds are added or removed
(Herges, 2015).

These reaction classes have different rates of occurrence in common reaction databases;
the LEF class is often the most common. For instance, Herges (1994a, Figure 2), when
considering a large database of approximately 80,000 reactions, found 80% of the reactions
were of this class, with the cyclic class being the second most common.

into a LEF like flow by arbitrarily breaking the cycle to form a path, and then randomly

assigning a direction to this path.

We also need to deal with multi-stage reactions consisting of sequential elementary

LEF reactions that do not form a single path. Practically, this is a simpler problem and

could be solved by allowing the products to be fed back through ELECTRO, possibly several

times.
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The second challenge, that is of obtaining suitable training data, is possibly more chal-

lenging. The technique we introduced for obtaining approximate mechanisms for LEF

reactions (§ 3.3.1) does not currently work for more complex reactions. One conceivable

approach is to use finer grained datasets that include mechanistic intermediates or the

mechanisms themselves (e.g. the private datasets used by Kayala and Baldi, 2011). Alterna-

tively, these mechanistic intermediates could be created using a hybrid approach, based

on both ML and quantum mechanical calculations (Pattanaik et al., 2020b; Sadowski et al.,

2016).

3.4.2 Repurposing for retrosynthesis

Single step retrosynthesis can be seen as the opposite to reaction prediction. In this task

one is given the products and is required to predict the reactants needed to create them

(Coley et al., 2017b; Dai et al., 2019; Segler and Waller, 2017b; Shi et al., 2020; Somnath

et al., 2020). One main use of this is as a component in computer-aided synthesis planning

(CASP) tools (see e.g. Chen et al., 2020; Segler et al., 2018b; Szymkuć et al., 2016; Todd,

2005), which plan (often over several reactions) how to break a complex molecule down

into simple and available “building block” molecules.

In principle, one could simply adapt ELECTRO to the single step retrosynthesis task by

training it on reversed electron paths. In practice, however, further challenges may arise.

In particular, in retrosynthesis tasks you are often only given the “major product”, whereas

the reactants will also contain atoms that may have ended up in the “minor products”.

This means that purely graph-editing methods, such as ELECTRO, are ill posed to tackle

this problem.

One possible approach to this problem is to augment such graph-editing methods

with an auxiliary model that can predict the minor products or at least the important

subgraphs of such molecules, and so introduce new atoms into the backwards task. This

is in fact one of the advantages of sequence-to-sequence–based models, which are able to

do this implicitly (Lee et al., 2019a).

3.4.3 The 3D question (again)

We discussed in the previous chapter (§ 2.3) the limitations inherent in using 2D repre-

sentations for molecules. While we do not wish to repeat that entire discussion here, it is

worth briefly pointing out how these ideas relate to reactions.

Critical to this is the idea of stereoselectivity, the favorable formation of one stereoiso-

mer over another in a reaction (IUPAC, 2014; see also Box 3.4). Models, such as ELECTRO,
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Box 3.4: Stereoselectivity

When distinguishing between molecules we can do so at the level of the “constitution” or

the “configuration” (or even the level of the “conformation” – see § 2.3). The constitution

describes which atoms exist in a molecule and how they are connected. However, it ignores

any distinction occurring from the atoms’ spatial arrangement. Introducing stereochemical

information allows us to describe the configuration of a molecule. While having the same

connectivity, molecules with different configurations cannot be interconverted without

breaking and creating new chemical bonds (note that a single configuration can still exist

in multiple conformations, for example through rotation around a single bond).

An example of molecules with different configurations are those that are cis-trans

isomers (also called E/Z isomers). These isomers occur when atoms take different positions

relative to a reference plane (IUPAC, 2014). Cis-trans isomers can have very different

chemical properties. For example, due to the lack of rotation about a carbon-carbon

double bond (in turn because of the molecular orbitals involved), maleic and fumaric acids

have very different melting points, boiling points, and even solubilities. They also act very

differently under heat (Clayden et al., 2012, p. 105; Musa, 2016, Chap. 2); maleic acid reacts,

losing water in a dehydration reaction, but fumaric acid does not, as shown below:

COOH

HOOC

COOHHOOC
COOH

HOOC

COOHHOOC

COOH

O
O

O

maleic anhydridemaleic acid
(cis-butenedioic acid)

fumaric acid
(trans-butenedioic acid)

making use of GNNs that cannot distinguish between molecules with different configu-

rations will not be able to currently model these reactions correctly. This could be fixed

by using newer GNNs that work with this information (Pattanaik et al., 2020a) as well as

datasets in which this information has not already been stripped out (Schwaller et al.,

2019, p. 1573).

3.4.4 Subsequent reaction prediction methods

Given the exciting current pace of ML research, there has already been further devel-

opment of approaches for reaction prediction since we initially published10 the work

described in this chapter. For example, the WLDN and Seq2Seq models (used in the

experiments of § 3.3.3), state-of-the-art at the time, have since been further developed in

10As a preprint in 2018.
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Coley et al. (2019) and Schwaller et al. (2019). In fact, we will use Schwaller et al. (2019)’s

Molecular Transformer (see Box 3.1) as a reaction predictor component in the models we

present in the subsequent parts of this thesis, due to its improved accuracy (see Schwaller

et al., 2019, Table 4) and scope for predicting non-LEF reactions.

The notion, espoused by models such as ELECTRO, of representing a reaction as a

sequence of graph edits has also been adopted and developed further. Examples include

MEGAN (Sacha et al., 2020) and GTPN (Do et al., 2019). However, these methods have

moved away from the philosophy of trying to model electron flows. Another new approach,

proposed in Bi et al. (2020), predicts electron flows, but does so in parallel.

Generally, the evaluation of these models has continued to be done in a similar manner

to the approach used in Section 3.3.3 (which in turn is based on the evaluation done in Jin

et al., 2017); that is to say, models are compared using a top-K accuracy metric on versions

of the USPTO dataset. In the future it would be interesting to compare other aspects of

reaction predictor models, such as their ability to generalize to new domains, using for

instance time-based or reaction fingerprint–based splits of the data.

3.5 Summary

In this chapter we described ELECTRO. ELECTRO approached the problem of reaction

prediction not as a generic graph edit operation but one that is inferred through the

modeling of movements of electrons. We applied ELECTRO to a prediction task derived

from the USPTO dataset, and we found it compared favorably to the baselines of the

time. Moreover, it was able to learn basic chemical trends without implicit instruction.

Reaction prediction is important for better understanding chemical processes or validating

synthesis plans. Furthermore, as we show in the next chapter, it can play a crucial role in

the construction of new molecules.





Chapter 4

Searching for Synthesizable Molecules

When designing a new molecule with particular properties, it is not only important what

to make but also, crucially, how to make it. This is the case irrelevant of what the molecule

is ultimately for: new drugs for the world’s healthcare, new agrochemicals for the world’s

food, and even new efficient materials for the world’s energy demands all have to be made.

The instructions for how to make a molecule take the form of a synthesis plan: in effect a

recipe for a particular molecule, where simple building block molecules get combined

together to form more complicated molecules through chemical reactions, such as those

we described in the last chapter.

Recently, there has been tremendous progress in designing new ML (machine learning)

methods for generating and optimizing molecules for particular tasks. However, these

improvements in molecule discovery have come at a cost: these methods often do not de-

scribe how to synthesize such molecules, a prerequisite for experimental testing. Therefore,

in this chapter, we design a model called MOLECULE CHEF that, aiming to better reflect

the real world process, builds molecules up through (virtual) chemical reactions. More

specifically, it does so through a two-step process, first selecting a “bag” (i.e. multiset) of

reactants, before secondly feeding these through a reaction predictor to generate a final

product.

We argue that constructing molecules through chemical reactions provides a sensi-

ble inductive bias to our model. It allows us to combine the strengths of modern ML

approaches, particularly their capacity for organizing and for effectively searching over

chemical space, with those of older techniques, such as virtual synthesis, where reactions

are explicitly considered. It also provides interpretability, allowing chemists to interrogate

not only the molecular outputs of our model but also the feasibility of the synthetic routes.

To demonstrate the advantages of our approach, we evaluate MOLECULE CHEF on a series

of tasks and show that MOLECULE CHEF can (i) generate a wide range of diverse and valid
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structures not seen in the training data, (ii) optimize molecules for particular properties,

and (iii) propose new reactants for a given product molecule that may be easier to manage.

To describe MOLECULE CHEF in more detail, this chapter is split into four main parts.

We first provide a background on traditional computational techniques to discover new

molecules, setting the scene for MOLECULE CHEF, which we then describe in more detail in

the second section. We evaluate MOLECULE CHEF on the tasks of generation, optimization,

and retrosynthesis in the third section, before briefly summarizing the conclusions of this

chapter in the fourth and final section. This chapter draws on material presented in both

of the previous chapters, with graph neural networks and reaction predictors forming

a key part of MOLECULE CHEF’s architecture. Looking forward, the subsequent chapter

extends the ideas of MOLECULE CHEF to multiple steps of reactions.

4.1 Background

Deep generative models of molecules draw ideas from both the field of traditional molecule

design (see e.g. Hartenfeller and Schneider, 2011) and also the field of generative modeling

of structured data (see e.g. Goodfellow et al., 2016, Chap. 20). Reflecting this parentage,

this background starts with an introduction to molecule design, discussing traditional

approaches and how the recent ML methods relate to these. This background then goes

on to discuss the development of ML approaches. This discussion seeks to set this devel-

opment in the context of two overarching, related questions: (a) what makes a generated

molecule “viable”, and (b) how can ML methods pose the construction of molecules to

ensure such “viability”?

In progressing through this section, we shall make use of boxes to tie the discussion

back into older chemoinformatics approaches and ML generative modeling. Finally, this

section concludes with our attempt to answer the question of how to generate viable

molecules. We do this by introducing, at a high-level, our model MOLECULE CHEF, seeding

the way for a more detailed description and evaluation of it in the sections that follow.

4.1.1 In search of new molecules

The search for new molecules usually proceeds in what are commonly referred to as

“design-make-test-analyze cycles”. Here, given a particular target, new molecules are

designed1, made and then tested in the lab, the results of which are then analyzed to

1Although molecules are often referred to as being “designed”, the meaning we ascribe to this word might
be closer to that of “selected” or even “discovered” (Jansen and Schön, 2006). In this text we will use these
words interchangeably.
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Figure 4.1 An overview of previous approaches used to find molecules with desirable properties. Left:
virtual screening (Shoichet, 2004) aims to find novel molecules by the (computationally expensive)
enumeration over all possible combinations of fragments. Right: more recent ML approaches, e.g.
Gómez-Bombarelli et al. (2018), aim to find useful, novel molecules by optimizing in a continuous
latent space; however, there are no clues as to whether (and how) these molecules can be synthesized...

inform the next iteration through the cycle (Holenz, 2016). In the design stage, there are

two main computer-assisted approaches: virtual screening (VS) and de novo design (DND;

Hartenfeller and Schneider, 2011).

Virtual screening (VS) In virtual screening (Figure 4.1, left), a large database of molecules

is first generated. Given a property of interest, this database is then filtered, sometimes

using ML techniques (Gómez-Bombarelli et al., 2016; Muratov et al., 2020), to find the

best matching molecule. An advantage of this approach is the high level of control the

chemist can maintain on the individual molecular constituents of the database. These

molecules can be chosen due to their direct availability from chemical vendors or even

generated using reaction schemes from easily obtainable building blocks (Chevillard and

Kolb, 2015; Humbeck et al., 2018). The disadvantage with VS is its scalability. A database

of N molecules takes O(N ) in compute and storage costs, limiting its ultimate size. As a re-

sult of this, the largest VS databases are of the order of |N | ≈ 108 in size, which is miniscule

in comparison to the space of possible drugs (≈ 1023 to 1060 in size; Pyzer-Knapp et al.,

2015; Reymond et al., 2012; Shoichet, 2004; van Hilten et al., 2019; Walters, 2019; Walters

et al., 1998).

De novo design (DND) To achieve higher chemical space coverage, one can instead

turn to de novo design. Here instead of designing the individual molecules themselves,

one designs a molecule construction/edit operation and couples this with an optimiza-

tion/search procedure. Early techniques (see Box 4.1) made use of discrete search tech-

niques, such as ant colony optimization or genetic algorithms (GAs; Hiss et al., 2014;

Schneider, 2013). However, these techniques often relied on local edit functions, limiting
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Box 4.1: Traditional approaches for de novo design

Computer programs for de novo design have existed for over 30 years (Hartenfeller and

Schneider, 2011, Table 1). While we will not examine all of these advances here, it is

interesting to note that these traditional approaches from the chemoinformatics literature

have explored similar themes to recent ML work, particularly in terms of how best to

sequentially construct molecules. For example, different approaches have considered

constructing molecules atom by atom (Luo et al., 1996; Nishibata and Itai, 1991), by using

fragments (DeWitte and Shakhnovich, 1996; Schneider et al., 2000), and also, most relevant

to the work in this chapter, by using virtual reaction schemes (Hartenfeller et al., 2012;

Vinkers et al., 2003).

These approaches are often tied to older, greedy optimization techniques, limiting their

overall performance. For instance, Vinkers et al. (2003)’s SYNOPSIS algorithm gradually

expands a pool of synthetically accessible molecules by utilizing a rule-based reaction

scheme. More specifically, a simulated annealing method is used to pick a current member

of the pool, before a compatible reaction is randomly chosen to change it. We include a

comparison of the model we propose in the next chapter (DOG-GEN) to this algorithm in

Appendix D.5.3.

both the diversity of the molecules produced and the speed in which one could traverse

chemical space.

4.1.2 ML-based de novo design

A paradigm shift in molecule design happened with the introduction of modern ML

approaches and the development of generative models of molecules (Figure 4.1, right).

In a late 2016 preprint, Gómez-Bombarelli et al. (2018) introduced the CVAE (character-

based variational autoencoder) for molecule search. Their idea was to train a variational

autoencoder (see Box 4.2) on SMILES strings, learning a mapping between a continuous

latent space and the space of molecules. Their model turns a discrete, difficult-to-optimize

space into a continuous one, where suddenly the arsenal of continuous-based search

techniques can be leveraged for the problem, such as Bayesian optimization (Shahriari

et al., 2016) for global search or gradient descent for local search. Elsewhere, Segler

et al. (2018a) and Olivecrona et al. (2017) introduced autoregressive models of SMILES

strings, pairing these with reinforcement learning (RL) algorithms for optimization; these

models have even successfully suggested molecules that have since performed well in lab

experiments (Merk et al., 2018a,b; Yang et al., 2020).



4.1 Background 51

Box 4.2: Deep latent variable models

In unsupervised learning, a machine learning model receives as data inputs, x1, . . . , xN ,

but no targets (Ghahramani, 2004). Two classic problems in unsupervised learning are (a)

learning representations of such data, and (b) generating new data. We can tackle both

problems at the same time using a deep latent variable model.

In a (continuous) latent variable model we associate with each observed input, x , a

latent “representation” (or “variable”), z ∈ Rd . This variable should represent in some

sense the “essence” of the observed data. We model our distribution over observed data as

follows:

pθ(x) =
∫

pθ(x |z)p(z)dz , (4.1)

where p(z) is a prior over the latent variable, often just a simple Gaussian, and pθ(x |z) is

the likelihood function, which here we will parameterize using a deep neural network.

Our task then is to ensure that the marginal likelihood, pθ(x), matches the data distribu-

tion, pdata(x). This can be done in different ways. For example, the variational autoencoder

(VAE; Kingma and Welling, 2013; Rezende et al., 2014) minimizes an upper bound on the

KL divergence, KL
(
pdata(x), pθ(x)

)
. Specifically, it introduces an approximate posterior,

qφ(z |x), and maximizes the following lower bound, LVAE:

Ex∼pdata(x)
[
log pθ(x)

]= Ex∼pdata(x)

[
log

∫ qφ(z |x)

qφ(z |x)
pθ(x |z)p(z)dz

]
, (4.2)

≥ Ex∼pdata(x)

[∫
qφ(z |x) log pθ(x |z)

p(z)

qφ(z |x)
dz

]
, (by Jensen’s inequality) (4.3)

= Ex∼pdata(x)

[
Ez∼qφ(z |x)

[
log pθ(x |z)

]−KL
(
qφ(z |x), p(z)

)]=LVAE, (4.4)

with respect to the parameters, θ and φ. Here the approximate posterior is often also

a Gaussian distribution, the mean and variance of which are given by a deep neural

network; using a function to infer the distribution over latent variables in this way is

called “amortized inference” (Dayan et al., 1995; Gershman and Goodman, 2014).

Unfortunately, VAEs can be hard to train, especially when coupled with complex like-

lihoods, such as those used when x is a molecule. Specifically, they can suffer from a

phenomenon called “posterior collapse”; this occurs when the approximate posterior

distribution “collapses”, mapping all inputs to the prior. While this minimizes the second

KL-term of Equation 4.4, the resulting latent representations become meaningless and

are ignored by the likelihood model. To avoid this, one can scale the KL term by a factor

β (Alemi et al., 2018; Bowman et al., 2016; Higgins et al., 2017), and gradually increase

β during training, an approach taken by many previous molecule autoencoders (see e.g.

Kusner et al., 2017; Liu et al., 2018). However, to avoid having to tune such a parameter,

in this work, we instead maximize a Wasserstein autoencoder (WAE) objective (Tolstikhin
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et al., 2018):

LWAE = Ex∼pdata(x)

[
Ez∼qφ(z |x)

[
log pθ(x |z)

]]
−λD

(
Ex∼pdata(x)

[
qφ(z |x)

]
, p(z)

)
, (4.5)

where following Tolstikhin et al. (2018), D(·, ·) is a maximum mean discrepancy (MMD)

divergence measure (Gretton et al., 2012) and λ= 10. This WAE objective matches the VAE

objective in the first term (although more general cost functions can also be used here),

encouraging the model to reconstruct the data correctly; however, it differs in the second

term, such that one is no longer trying to match the approximate posterior distribution of

each latent variable to the prior (causing them to overlap), but the marginalized distribution

over all datapoints. Empirically, we find that training with the WAE objective works well,

and does not suffer from the same posterior collapse problem that affects the VAE.
Regardless of which of these losses we ultimately use to train the networks which

parameterize the approximate posterior and likelihood distributions, we can depict the

full model as follows:

encoder decoder
xCN1CCC(O)(Cc2ccccc2F)CC1

N

O

F

CN1CCC(O)(Cc2ccccc2F)CC1

N

O

F

This highlights the relationship to older autoencoder models (see e.g. Hinton and

Zemel, 1994, or Goodfellow et al., 2016, Chap. 14). The approximate posterior is used to

encode observed data into the latent space, and so is often referred to as the “encoder”

(or the recognition or inference network). Likewise, the likelihood, pθ(x |z), is used to

decode from the latent representation back to the observed variable, and so is called the

“decoder”. In this manner, the latent space is used to represent the data and so we would

expect different inputs to get encoded into different areas of latent space. By picking new

points in the latent space, through sampling, interpolating, or even optimizing, and then

passing these points through the decoder, we can generate new data.

In designing deep latent variable models for molecules, the structure of the encoder and

decoder is crucial. The encoder, a mapping from a molecule to a real-valued vector, can

be built using any of the techniques we discussed in Chapter 2. The decoder, a mapping

from a real-valued vector to a molecule, is usually more complicated and can often be

autoregressive in nature. For example, Gómez-Bombarelli et al. (2018, p. 274) represented

molecules using SMILES strings, using a convolutional neural network for the encoder and

a recurrent neural network for the decoder. In this chapter and the next we shall propose

new encoders and decoders built around chemical reactions.
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Viability of proposed molecules It is worth clarifying here, however, that molecule

search is not an unconstrained optimization problem. When designing new molecules

using DND approaches, whether that be through an older GA-based or more modern

ML-based approach, we need the suggested molecules to be “viable”. What makes a

suggested molecule “viable”? Unfortunately, this is hard to define. Broadly, it depends on

the ideas of (a) validity, (b) stability, and (c) synthesizability. Validity, perhaps the easiest

to define, relates to a concept of syntactic correctness. So for instance when generating

SMILES strings, validity means ensuring the final string can be parsed, or in other words

brackets and rings are closed, the chemical symbols used make sense, and so on. Harder

to define is the idea of stability, which instead relates more towards a notion of semantic

correctness. This can appear subtle to non-chemists and depends a lot on the task at hand.

Particular substructures may be stable in an inert refrigerator but not in the human body!

Finally synthesizability, which we shall come back to later, means that the molecule can

actually be made.

When designing molecule search techniques, there is an inherent trade-off between

chemical space coverage and the viability of the molecules suggested. VS, which we

introduced at the beginning of this section, can be seen as being at one end of this trade-

off, with limited space coverage but strong control over the viability of the molecules

suggested. Inhabiting the other end would be a completely unconstrained de novo design

algorithm, for instance one using GAs to connect up any atoms in any manner when

constructing the molecular graph.

Initially, it was hoped that ML-based approaches might learn a notion of viability as

part of their training process. However, unfortunately, this was often not the case. Particu-

larly when being used for optimization, early models (decoding to SMILES strings) often

generated many strings that were not even valid or syntactically correct. This prompted a

new wave of research seeking to remedy this problem. Some work has been been based

around learning a validity checker during training directly (Guimaraes et al., 2017; Janz

et al., 2018). A larger branch of work has instead looked at using different output molecular

representations because, much like when choosing how to input molecules (see Chap-

ter 2), this output representation can have a large effect on how well the model performs.

Examples to force models to close the branches and rings present in SMILES, include

methods generating parse trees (Dai et al., 2018; Kusner et al., 2017), such as the grammar

VAE (GVAE). There has also been work developing alternative text representations, which

no longer have the same long-range dependencies that trip up models generating SMILES

strings (Krenn et al., 2020; O’Boyle and Dalke, 2018).
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Figure 4.2 An overview of our approach, MOLECULE CHEF. MOLECULE CHEF explicitly considers
synthesizability as part of the design process. Instead of following previous work generating molecules
directly (see Figure 4.1), MOLECULE CHEF first generates a “bag” of reactant molecules (chosen from
a pool of easily obtainable building blocks), before reacting these molecules together to form a final
(product) molecule. This process better reflects how molecules are made in practice.

Elsewhere, there has been a series of investigations looking at using graph representa-

tions (Jin et al., 2018; Kajino, 2019; Li et al., 2018a; Liu et al., 2018; Samanta et al., 2019; Seff

et al., 2019; Simonovsky and Komodakis, 2018; see also Box 4.3). Working with the graph

representation of a molecule has several advantages. It avoids many of the problems with

generating SMILES strings to start with. For example, a model cannot “forget” to close

a bracket, “(”, when generating an adjacency matrix. Furthermore, it also offers a more

natural environment to impose or encourage other chemical concepts, such as valency

constraints (e.g. a “C” atom cannot have more than four bonds; Liu et al., 2018).

The graph representation also facilitates the use of higher-level character sets. This

means that instead of generating a molecule atom by atom, one can do it subgraph by

subgraph. For example, the junction tree VAE (JT-VAE; Jin et al., 2018) forms whole rings

at once, and later developments of this idea have used vocabularies consisting of even

larger pre-defined fragments (Jin et al., 2020a; Podda et al., 2020). Using fragments means

that we are generating less of the graph from scratch, with more of an onus on the model

for working out how larger existing subgraphs should connect together. We can relate the

use of fragments back to the trade-off between chemical coverage and viability, which we

discussed before. Using pre-defined fragments, for example generated from the training

data, can help generate stable molecules; yet this fragment vocabulary is also limiting,

restricting the space of molecules we could feasibly explore.

4.1.3 Synthesizability

In the generative models for designing molecules we have discussed so far, there is no

explicit indication that the designed molecules can actually be synthesized, the third tenet

in our notion of viability. Being able to synthesize a molecule, the next step after designing
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Box 4.3: Other categorizations of ML-based molecule design

In the main text we mainly focused on differentiating ML-based approaches by the rep-

resentation they used for outputting molecules. An alternative method to categorize ML

approaches is by model type or optimization technique (see e.g. Sanchez-Lengeling and

Aspuru-Guzik, 2018, Fig. 4, or Schwalbe-Koda and Gómez-Bombarelli, 2020, Fig. 5). There

have been a wide variety of ML models developed to produce molecules including gener-

ative adversarial networks (GANs; De Cao and Kipf, 2018), normalizing flows (Madhawa

et al., 2019), autoregressive models (Li et al., 2018a,b; Mercado et al., 2020; Segler et al.,

2018a), and autoencoders (Gómez-Bombarelli et al., 2018; Samanta et al., 2019; Simm

and Hernández-Lobato, 2020). There has also been a wide variety of ML optimization

techniques used to find better molecules, such as approaches based on reinforcement

learning (RL; Neil et al., 2018; Olivecrona et al., 2017; Simm et al., 2020; Zhou et al., 2019),

Bayesian optimization (Gómez-Bombarelli et al., 2018; Korovina et al., 2020), substruc-

ture identification and “stitching” (Jin et al., 2020b), and even the technique of treating

optimization as a translation problem, from a bad molecule to a good molecule (Jin et al.,

2020a, 2019).

We drew more attention to the output representation in the main text because often the

same high-level approach can be used in different ML paradigms. For instance, the next

chapter develops a model, DOG-GEN, that can be used both (a) as an autoregressive model

and optimized using a RL routine, or (b) as the decoder in a larger autoencoder model.

Likewise, within the same ML paradigm there is often work using different representations.

For example, RL methods have been developed that construct molecules up through

SMILES characters (Olivecrona et al., 2017; Segler et al., 2018a), an atom-by-atom/bond-by-

bond approach (You et al., 2018a; Zhou et al., 2019), and even more recently through virtual

reaction schemes similar to the methods proposed here (Gottipati et al., 2020; Horwood

and Noutahi, 2020; see § 5.5.1).

it in the design-make-test-analyze cycle, is a prerequisite of any experimental testing. As

such, this hampers the application of computer-designed compounds in practice, where

rapid experimental feedback is crucial. While it is somewhat possible to address this in a

post hoc manner using synthesis planning (see e.g. Cook et al., 2012; Gao and Coley, 2020;

Segler et al., 2018b; Szymkuć et al., 2016), unfortunately this is very slow.

To address this concern, we must address the molecular recipe problem: what new

molecules are we able to concoct, given a set of readily available building block molecules?

In this chapter, inspired by older chemoinformatics work (see Box 4.1), we tackle this

problem by developing a generative model, which we call MOLECULE CHEF, that explicitly
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includes synthesis instructions in the generative process. MOLECULE CHEF is a latent

variable model than can generate new molecules through a two-part map (see Figure 4.2):

First, a mapping from a continuous latent space to a subset of known and easy-to-obtain

building blocks (to use as reactants). Second, a mapping from this set of selected building

blocks to a final product molecule, based on a reaction predictor model (Chapter 3).

By including the idea of synthesis overtly in the ML-driven design of molecules, we

argue that MOLECULE CHEF can better link up the design step and the make step in

molecule search, and ultimately speed up the entire process. Furthermore, we argue that

building up molecules through reactions, in effect selecting and then editing reactant

molecules, provides a sensible inductive bias for viability, producing molecules that are

valid, stable, and synthesizable. In the subsequent sections of this chapter we shall

describe and evaluate our model.

4.2 MOLECULE CHEF: generating reactant bags

In this section we describe the architecture of MOLECULE CHEF and how we train it.

MOLECULE CHEF consists of two core parts: (a) an autoencoder (see Box 4.2), acting as a

co-occurrence model over a set of building block molecules (i.e. possible reactants), and

(b) a reaction “oracle” that transforms the reactants chosen into a final product molecule.

In the first subsection below we explain these two parts in more detail2, before then going

on to discuss how we train our model. By moving around the latent space of MOLECULE

CHEF we can select different final product molecules as well as their “recipe”, i.e. possible

reactants to produce them.

Notation Before describing the architecture of MOLECULE CHEF in more detail, it is

worth laying out some general notation. We define the set of all possible valid molecular

graphs as S , and we continue to denote an individual molecule in this space as M ∈ S .

We also continue to assume we have access to representations of these molecules, mM,

computed using graph neural networks (GNNs, see also § 2.2.2). The set of common

building block molecules, easily procurable by a chemist, and which we want to choose

particular reactants from, we denote by B ⊂S .

2Further details of the hyperparameters and architectures we use can be found in Appendix C.2.



4.2 MOLECULE CHEF: generating reactant bags 57

4.2.1 The MOLECULE CHEF model

In this section we describe the architecture of MOLECULE CHEF. As discussed previously,

MOLECULE CHEF consists of the composition of two parts: (a) an autoencoder that maps

between a continuous latent space, z ∈Rd , and a bag (i.e. multiset3) of easily procurable

reactant molecules, x ⊂B; and (b) a reaction “oracle”, Product(·), that transforms this bag

of selected reactant molecules into a multiset of product molecules, y ⊂S .

The benefit of this approach is that for part (b), the reaction oracle, we can pick from

one of the several existing reaction predictor models that we reviewed last chapter. In this

chapter we use the Molecular Transformer (MT) of Schwaller et al. (2019), because of its

state-of-the-art performance4 (see § 3.4.4; we also provide a short commentary on this

design decision in Appendix C.2.3).

This leaves us with the task of defining part (a), an autoencoder over a bag of reactants.

We can further break this down into two components: (i) the encoder, qφ(z |x), that maps

from the bag of reactants to latent space; and (ii) the decoder, pθ(x |z), that maps back from

the latent space to the bag of reactants. Below we shall describe each of these components

in turn, before describing how we train the resulting model in the next subsection.

Encoder

The structure of MOLECULE CHEF’s encoder, qφ(z |x), is shown in Figure 4.3. For each data

point the encoder has as input the multiset of reactant molecules chosen x = {M1,M2, . . .}.

It first computes a molecule-level embedding of each individual reactant molecule using a

GNN (§ 2.2.2), before summing these embeddings to get a representation that is invariant

to the order of the multiset. A feedforward neural network is then used to parameterize

the mean and variance of a Gaussian distribution over z.

Decoder

The decoder, pθ(x |z), maps back from the latent space to a multiset of reactant molecules.

These reactants are typically small molecules, which means we could fit a deep generative

model which produces them from scratch. However, to better mimic the more realistic

3Note how (by using a multiset) we allow molecules to be present multiple times as reactants in our
reaction, although in practice many reactions only have one instance of a particular reactant.

4Although the Molecular Transformer achieves excellent performance on benchmarks (Schwaller et al.,
2019), it is worth pointing out that none of the current reaction predictor models we described in the
previous chapter are perfect, and they will sometimes predict incorrect reactions. However, by treating this
oracle as a black box, our model can take advantage of any future developments of these methods or use
alternative predictors for other reasons, such as to control the reaction classes used.
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Figure 4.3 The encoder of MOLECULE CHEF. This maps from a multiset of reactants to a distribution
over latent space. There are three main steps: (i) the reactants molecules are embedded into a
continuous space using GNNs (see § 2.2.2) to form molecule-level representations; (ii) the molecule-
level representations in the multiset are summed to form one order-invariant representation for the
whole multiset; (iii) this is then used as input to a feedforward neural network which parameterizes
a Gaussian distribution over z .

process of selecting molecules from an easily obtainable, fixed set of possible building

blocks, B, we instead restrict the output of the decoder to pick the reactants from this set,

i.e. x ⊂B.

This happens in a sequential process using a recurrent neural network (RNN), with

the full process described in Algorithm 4.1 (and shown at a high-level by Figure 4.4). The

latent vector, z , is used to parameterize the initial hidden layer of the RNN. The reactants

chosen are fed back in as inputs to the RNN at the next generation stage. While training

the decoder we use teacher forcing and randomly sample the order of the reactants.

4.2.2 Training objective

When training MOLECULE CHEF, we train the autoencoder and the reaction predictor

separately. The reaction predictor is trained independently on a reaction dataset. For the

autoencoder we can train the encoder and decoder in a purely unsupervised way using a

WAE objective (see Box 4.2), although alternative autoencoder objectives would also be

suitable here.

Predicting properties from the latent space Sometimes we might have labels associ-

ated with each reactant bag, which we might wish to use in a supervised way to shape

the latent space. For example, each final product, y , might be associated with a desirable

property, w , for which we later wish to use MOLECULE CHEF to optimize for. Therefore,

in a similar manner to Liu et al. (2018, § 4.3) and Jin et al. (2018, § 3.3), we can train a
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Figure 4.4 The decoder of MOLECULE CHEF (see Alg. 4.1 for further details). The decoder generates
a bag (i.e. multiset) of reactants in sequence through calls to a RNN. At each step the model picks
either one molecule from the pool of all possible building blocks, B, or to halt, finishing the sequence.
The latent vector, z , is used to parameterize the initial hidden layer of the RNN. Reactants that are
selected are fed back into the RNN on the next step. The reactant bag formed is later fed through a
reaction predictor to form a final product. We represent molecules in this process using molecule-
level embeddings computed using the same GNN (including the same weights) as the one used in the
encoder.

Algorithm 4.1: MOLECULE CHEF’s Decoder
Input:

• Latent space sample, z ;
• GNN to create molecule embeddings, GNN (·);
• RNN (recurrent neural network), RNN (·, ·);
• Set of available (e.g. cheap, easy-to-obtain, etc.) building blocks, B, to use as possible reactants;
• A “halt” embedding (part of MOLECULE CHEF’s parameters), h ̸→;
• A linear projection from latent space to initialize the initial hidden vector of the RNN (part of

MOLECULE CHEF’s parameters), Lin(·);
• A maximum size on the reactant bag, Smax.

Result:
• Set of reactants, x = {M1,M2, . . .}.

/* Initialize first inputs into RNN: */

1 h0 ← Lin(z) ◃ Initialize hidden layer of RNN using latent variable.

2 m0 ← 0 ◃ Start of sequence symbol.

/* We now sequentially predict these outputs using the RNN: */

3 for s in [1, . . . ,Smax] do
4 hs ←RNN (hs−1,ms−1) ◃ Update RNN hidden vector.

5 B ← STACK
(
[GNN (M) for all M in B]∥ [h ̸→]

)
◃ Form representations for all possible actions.

6 l ← hs B t ◃ Form logits from dot products (·t is transpose).

7 Ms ∼ softmax (l ) ◃ Sample reactant/halt token from categorical distribution.

8 if Ms ≠→ then
9 break ◃ If sampled halt token then exit loop.

10 else
11 ms ←GNN (Ms ) ◃ Else form representation of molecule chosen for RNN’s next input.

12 return {M1,M2, . . .}
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two hidden-layer property predictor neural network. This network tries to predict the

property, w , of the final product, y , from the latent encoding of the associated bag of

reactants. We add the loss from this predictor to our WAE objective and train this property

predictor network simultaneously with the encoder and decoder. As well as shaping the

latent space, we can also make use of this property predictor, after it has been trained, to

perform local optimization; this is investigated in Section 4.3.2.

4.3 Evaluating MOLECULE CHEF

In this section we evaluate MOLECULE CHEF. In particular, we look at (i) its ability to

generate a diverse set of viable molecules; (ii) how useful its learned latent space is for

local optimization (to find product molecules exhibiting some property); and (iii) whether

by training a separate regression model back from product molecules to the latent space,

MOLECULE CHEF can be used as part of a setup to perform retrosynthesis.

Data In order to train our model we need a dataset of reactant bags. For this, similar to

the last chapter (§ 3.3.1), we use the USPTO reaction dataset (Lowe, 2012). We again use

the same processed and cleaned version from Jin et al. (2017), and follow the same filtering

out of reagents as we did last chapter. However, given that the Molecular Transformer can

also work with non LEF (linear electron flow, see § 3.1.3) reactions, we no longer remove

these reactions from our training dataset.

We wish to define as building block molecules only popular molecules that a chemist

would have easy access to. To this end, we filter our training dataset (using again the

train/validation/test splits from Jin et al., 2017) so that we keep only reactions containing

reactants that occur at least 15 times across different reactions in the original larger USPTO

training dataset. This leaves us with a dataset of 34,426 unique reactant bags for training

MOLECULE CHEF, selected from 4,344 unique building block molecules.

When evaluating MOLECULE CHEF for generating molecules, we compare against base-

lines that generate molecules directly, through producing a molecular graph or SMILES

string. For training these baselines, we combine the 4,344 unique building block molecules

and all of the associated products from their recorded different combinations, as even

though our autoencoder has not seen the products during training, the reaction predictor

has.
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Table 4.1 Table showing the validity, uniqueness, novelty, and normalized quality (all as %, higher
better) of the molecules generated from decoding from 20k random samples from the prior z . Quality
is the proportion of valid molecules that pass the quality filters proposed in Brown et al. (2019, § 3.3),
normalized such that the score on the training set is 100. FCD is the Fréchet ChemNet Distance
(Preuer et al., 2018), capturing a notion of distance between the distribution of generated valid
molecules and the training dataset distribution (lower FCD scores are better). The uniqueness and
novelty figures are also conditioned on validity.

Model Name Validity (↑) Uniqueness (↑) Novelty (↑) Quality (↑) FCD (↓)

AAE (Kadurin et al., 2017; Polykovskiy et al., 2020) 85.86 98.54 93.37 94.89 1.12
CGVAE (Liu et al., 2018) 100.00 93.51 95.88 44.45 11.73
CVAE (Gómez-Bombarelli et al., 2018) 12.02 56.28 85.65 52.86 37.65
GVAE (Kusner et al., 2017) 12.91 70.06 87.88 46.87 29.32
SMILES LSTM (Segler et al., 2018a) 91.18 93.42 74.03 100.12 0.43

MOLECULE CHEF 99.05 95.95 89.11 95.30 0.73

4.3.1 Generation

To assess MOLECULE CHEF’s ability to generate new molecules, we perform both quantita-

tive and qualitative evaluations. We want to ensure that MOLECULE CHEF can generate a

wide range of new and viable molecules, particularly compared to previous ML methods

which do not consider synthesizability constraints.

Quantitative evaluation We begin by analyzing our model using the metrics favored

by previous work5 (Kusner et al., 2017; Liu et al., 2018): validity, uniqueness, and novelty.

We view these metrics as a way to obtain a useful and cheap validation of an approach

(showing that sensible molecules are produced), albeit with limitations (see § 5.5.3).

Validity is defined as requiring that at least one of the molecules in the bag of products

can be parsed by RDKit (RDKit Team, 2019). For a bag of products to be unique, we require

it to have at least one valid molecule that the model has not generated before in any of the

previously seen bags. Finally, for computing novelty, we require that the valid molecules

not be present in the same dataset we use for training the baseline generative models.

In addition, we compute the Fréchet ChemNet Distance (FCD; Preuer et al., 2018)

between the valid molecules generated by each method and our baseline training set.

Finally, in order to try to further assess the “viability” of the molecules generated, we

5Note that we have extended the definition of these metrics to a bag (multiset) of products, given that our
model can output multiple molecules for each reaction. However, when sampling 20,000 times from the
prior of our model, we generate single product bags 97% of the time. This means in practice that we often
end up using the same definition for these metrics as the previous work (which always generated single
molecules).
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record the (train-normalized) proportion of valid molecules that pass the quality filters

proposed by Brown et al. (2019, § 3.3); these filters aim to remove molecules that are

“potentially unstable, reactive, laborious to synthesize, or simply unpleasant to the eye of

medicinal chemists”.

For the baselines, we consider the character VAE (CVAE; Gómez-Bombarelli et al., 2018),

the grammar VAE (GVAE; Kusner et al., 2017), the adversarial autoencoder (AAE; Kadurin

et al., 2017), the constrained graph VAE (CGVAE; Liu et al., 2018), and an autoregressive

model on SMILES using LSTMs with no latent space (Segler et al., 2018a). These models

cover a wide range of approaches for modeling structured molecular graphs; however,

they do not provide synthetic routes with the output molecule. Further details about the

baselines can be found in Appendix C.2.2.

The results are shown in Table 4.1. As MOLECULE CHEF decodes to a bag made up from

a predefined set of molecules, those reactants going into the reaction predictor are all

valid. The validity of the final product is not 100%, as the reaction predictor can make non-

valid edits to these molecules, but we see that in a high proportion of cases the products

are valid too. Furthermore, what is very encouraging is that the molecules generated

often pass the quality filters, giving evidence that the process of building molecules up by

combining sensible reactant building blocks often leads to stable products.

Qualitative evaluation While we can somewhat quantify more subtle aspects of the

viability of the generated molecules using the quality filters discussed above, these are

manually curated rules and, as such, do not capture everything. As an alternative, we also

showed some of the individual molecules generated to a domain expert.

To be more specific, to compare the CVAE, GVAE, and MOLECULE CHEF models, we

first generated a set of nearby molecules using a random walk in latent space, starting

from the encoding of a particular molecule (for MOLECULE CHEF we encode the reactant

bag known to generate the same molecule). We showed the generated molecules to the

domain expert and asked them to evaluate their properties in terms of their “stability”,

“toxicity”, “oxidizing power”, and “corrosiveness” (the rationales are provided in more

detail in Appendix C.3). The results are shown in Figure 4.5; here we see that molecules

produced by MOLECULE CHEF often look sensible, whereas molecules produced from the

older CVAE and GVAE models often exhibit undesirable features.

4.3.2 Local optimization

We now turn to evaluate MOLECULE CHEF in its ability to find molecules exhibiting de-

sirable properties. Following Gómez-Bombarelli et al. (2018), we look at optimizing
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Figure 4.5 Random walk in latent space. For each model we start from an encoding of the molecule
in the left-most column (for MOLECULE CHEF we use the encoding of the associated reactants). We
then walk randomly in the latent space until we decode to different outputs. (See Figure C.2 in the
appendix for a blown up version of this figure.)

molecules for their QED (Quantitative Estimate of Drug-likeness; Bickerton et al., 2012)

score. While it has its shortcomings (Brown et al., 2019, p. 1106), the QED score offers a

practical way to perform a proof of concept, as a cheap-to-evaluate mapping from the

final product molecule to this score, y 7→ w , exists in RDKit (RDKit Team, 2019).
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Figure 4.6 KDE (kernel density estimate) plot
showing that the distribution of the best
QEDs found through local optimization (us-
ing our trained property predictor for QEDs)
has higher mass over higher QED scores com-
pared to the best found from a random walk.
Note that the starting locations (green distri-
bution) are sampled from the training data.
The final products are predicted from the re-
actant bags using the Molecular Transformer.

Therefore, following the approach ini-

tially laid out in Section 4.2.2, when training

MOLECULE CHEF we simultaneously train a

property predictor network, mapping from the

latent space of MOLECULE CHEF to the QED

score of the final product. As well as organiz-

ing the latent space of the autoencoder during

training, this network’s gradients can be used

at optimization time to do local optimization;

below we consider such a procedure.

To be more specific, we evaluate the lo-

cal optimization of molecular properties as

follows. First, we take 250 bags of reactants

and encode them into the latent space of

MOLECULE CHEF. Secondly, we iteratively take

small steps in latent space, in the direction of

the gradient from the property predictor, until

we have decoded to ten different reactant bags.
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yproducts

xreactants

zlatent space

pθ(x |z)

Product(x)

QED(y)

qφ(z |x)

qψ(z |y)

Figure 4.7 Having learned a latent space which can map to products through reactants, we can
learn a separate regression model, qψ(z |y), back from the suggested products to the latent space (red
dashed −·− arrow shown). We can then couple this with MOLECULE CHEF’s decoder, pθ(x |z), to
see if we can do retrosynthesis – the act of computing the reactants that create a particular product.
Note that we train qψ(z |y) after the parameters for the rest of the model have been learned.

As a comparison we consider instead moving around latent space in a random walk (i.e.

taking the same small steps as before but in random directions) until we have also de-

coded to ten different reactant bags. In Figure 4.6 we look at the distribution of the best

QED score found in each run (considering the products from all ten reactant bags). As a

comparison, we also plot the distribution of the initial QED scores.

When looking at individual optimization runs, we see that the QED scores vary consid-

erably between different products, even if made with similar reactants. However, overall,

Figure 4.6 shows that the distribution of the best QED score found is improved when

purposefully optimizing for this. This is encouraging, as it gives evidence of the utility of

our model in searching for better molecules.

4.3.3 Retrosynthesis

A unique feature of our approach is that we learn a decoder that maps from a latent

representation to a bag of reactants. This gives us the ability to do retrosynthesis using the

process shown in Figure 4.7. Specifically, we can train a separate regression model, which

we denote as qψ(z |y), to map from products to their associated reactants’ representation

in latent space. We can then compose this model with MOLECULE CHEF’s decoder to

get a function that maps all the way from products to reactants, thereby performing

retrosynthesis (i.e. suggesting the reactants that produced a given product).
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Figure 4.8 An example of performing retrosynthesis prediction using a separate trained regression
model from products to latent space. The “correct” reactants (i.e. the ones listed in the USPTO
dataset) for the product molecule are in our list of building blocks.

To implement this idea in practice, we train a small neural network for qψ(z |y), based

on the same GNN architecture used in MOLECULE CHEF followed by four fully connected

layers. For the training data, we use the set of product molecules in the USPTO data along

with their associated reactants’ location in an already trained MOLECULE CHEF’s latent

space6. Two examples of the predicted reactants from following this process are shown in

Figure 4.8.

It is worth pointing out here that retrosynthesis is a difficult task; current state-of-

the-art approaches for this task (a) work in a top-down manner, (b) exploit knowledge

contained in very large reactant databases, (c) consider multiple steps, and (d) also have

the ability to adjust already made decisions on seeing new data (Segler et al., 2018b). While

we believe that our new method is unlikely to be competitive with complex planning tools,

we believe it could open up new interesting and exciting approaches to this task, where

perhaps a combination of bottom-up and top-down methods can be combined (see

§ 6.2.2).

Furthermore, it also allows us to pose and solve new problems. For instance, often we

are not interested in reconstructing a target molecule per se, but obtaining a molecule

with the target molecule’s expected properties. Put another way, if faced with a hard

or impossible to synthesize molecule, it would be valuable to be able to “project” this

molecule back to synthesizable space, and be pointed directly to molecules with similar

properties to the original molecule but that are easier to make.

6i.e. we are conditioning on fixed parameters φ.
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Figure 4.10 Kernel density estimate (KDE) plot (darker is higher density) assessing the correlation
between the QED scores for the original product and its reconstruction (formed by performing the
retrosynthesis process outlined in the main text and then putting these reactants through a reaction
predictor). We assess on two portions of the test set; products that are produced from reactants in
MOLECULE CHEF’s building block vocabulary are called “reachable products” (i.e. we know that they
could be reconstructed), those that have at least one reactant that is absent are called “unreachable
products”.

With this in mind, we assess our approach in the following way: (i) we take a product

and perform retrosynthesis on it to produce a bag of reactants, (ii) we transform this bag

of reactants using the Molecular Transformer to produce a new reconstructed product,

and then finally (iii) we plot the resulting reconstructed product molecule’s QED score

against the QED score of the initial product. We evaluate on a filtered version of Jin et al.

(2017)’s test set split of USPTO, where we have filtered out any reactions which have the

exact same reactant and product multisets as a reaction present in the set used to train

MOLECULE CHEF. In addition, we further split this filtered set into two distinct subsets:

(a) “reachable products”, which are reactions in the test set that contain as reactants only

molecules that are in MOLECULE CHEF’s vocabulary of possible building blocks, and (b)

“unreachable products”, which have at least one reactant molecule that is not in the list of

available building blocks.

The results are shown in Figure 4.10; overall, we see that there is some correlation

between the properties of products and the properties of their reconstructions. This

is more prominent for the reachable products, which we believe is because our latent

space is only trained on reachable product reactions and so is better able to model these.
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Furthermore, some of the unreachable products may also require reactants that are not

available in our pool of easily available building blocks, at least when considering one-step

reactions. However, given that unreachable products have at least one reactant which

is not in MOLECULE CHEF’s vocabulary, we think it is very encouraging that there still is

some, albeit smaller, correlation with the original molecule’s QED. This is because it shows

that our model can suggest molecules with similar properties made from reactants that

are available.

4.4 Summary

In this chapter we introduced MOLECULE CHEF, a model able to construct synthesizable

molecules by selecting reactants from a pool of easy-to-obtain building block molecules

and then running them once through a reaction predictor. We demonstrated MOLECULE

CHEF is able to generate a diverse range of molecules, and showed the utility of its la-

tent space for both optimization and retrosynthesis tasks. In this manner, MOLECULE

CHEF combines the strengths of modern VAE-based molecule models with those of older

molecule design techniques: allowing us to organize and explore a large chemical space,

while ensuring the molecules we suggest are viable. The next chapter builds on this

work, exploring how we can extend the ideas here to enable the generation of multi-step

synthesis plans.





Chapter 5

Barking up the Right Tree: Generating

Molecule Synthesis DAGs

In the previous chapter we introduced the trade-offs inherent in ML-driven molecule

design; in particular, one has to balance the size of the chemical space a method considers

with the viability of the molecules it generates. Key to viability is the notion of synthesiz-

ability, or in other words being able to actually make the molecules being suggested. We

argued that this could be achieved by building the generative process around chemical

reactions. However, in designing our model, MOLECULE CHEF, we restricted it to perform-

ing a single reaction only, whereas in reality many molecules may require synthesis plans

consisting of multiple reaction steps (see Figure 5.1).

In this chapter, to address this gap, we extend the ideas of MOLECULE CHEF to multi-

step molecular synthesis routes by introducing a model called DOG-GEN. DOG-GEN

generates a synthesis directed acyclic graph (DAG), which explains how the same simple

building blocks we used in the last chapter can recursively combine to form ever more

complicated molecules of interest. This allows us to maintain the advantages of building

the generative process around the inductive bias of using reactions, while also obtaining

the ability to search over much larger chemical spaces, in effect turning an inherently

constrained optimization problem into an unconstrained one.

The contributions of this chapter are as follows: (i) we explain how one can represent

synthetic routes as directed acyclic graphs (DAGs); (ii) we propose an efficient serialization

procedure for such DAGs, enabling us to model them autoregressively using DOG-GEN;

and (iii) we demonstrate how one can use DOG-GEN as a component in larger ML archi-

tectures and frameworks, such as reinforcement learning–based optimization techniques,

or even autoencoder-based models (leading to a variant of our general model called DOG-

AE). We evaluate our approach on a series of generation and optimization tasks, where we
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show we can get competitive results to previous unconstrained approaches, while also

ensuring the synthetic tractability of the molecules we suggest. The chapter wraps up with

a discussion of our approach, indicating possible future directions.

Looking backward, this chapter builds on the previous one by extending the ideas of

MOLECULE CHEF to multiple steps of reactions. However, rather than solely focusing on

autoencoders, we first design a more general autoregressive model of DAGs, DOG-GEN.

We then explain how this can be used in different ways, including in an autoencoder,

which we call DOG-AE. Building these models also takes advantage of the graph neural

networks and reaction predictors introduced in Chapters 2 and 3.

5.1 Synthesis pathways as DAGs

We begin by explaining how we can represent any multi-step synthesis plan as a DAG (see

Figure 5.1).
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Figure 5.1 An example synthesis DAG for parac-
etamol (Ellis, 2002). Note that we are ignoring
some reagents, conditions and details of chirality
for simplicity. The initial building blocks (shown
in blue) combine in chemical reactions (shown
by arrows) to form products (shown in green).
These products can then become reactants them-
selves, and the process continues until the final
molecule, in this case M7, is formed.

As an example, consider the synthesis

DAG for paracetamol shown in Figure 5.1,

which we will use as a running example to

illustrate our approach. Here, to make the fi-

nal molecule, in this case paracetamol (M7),

we are required to perform a series of chem-

ical reactions. Each reaction (shown by the

green arrows) takes a set of reactants and

transforms them into a product (outlined in

green). These reactants can be chosen from

a pool of molecules that are available at that

point, with the pool consisting of a large set

of initial, easy-to-obtain, and always avail-

able starting molecules (i.e. building blocks,

shown in blue) and the intermediate prod-

ucts already created.

We assume here that the reactions are

all deterministic and produce a single pri-

mary product. And as such, we can repre-

sent any multistage reaction pathway using

a synthesis DAG, which we shall denote D.

Specifically, note that the DAG is directed



5.1 Synthesis pathways as DAGs 71

Box 5.1: Synthesis routes as DAGs

We specifically treat synthetic routes as “DAGs” (directed acyclic graphs) rather than as
“trees”. Below we show the difference between the two representations:

(a) Representing synthetic route using DAG
formalism (as used in this chapter).

(b) Representing synthetic route using tree
formalism (note that generally in a tree one might

draw the arrows from the final product node
down; here we have drawn them upwards to

indicate the forward direction of the reactions).

In the DAG formalism there is a one-to-one mapping between each molecule and each
node (see for example Br2 in the above figure). In the tree formalism (a special form of
directed acyclic graph where there is a unique path between any two nodes), we have to
repeat reactant nodes that are used multiple times.

Given a complete synthetic route, there is little difference between the two representa-
tions; it is easy to convert between them by duplicating nodes or folding nodes into one
another. The advantage of the DAG formalism comes at generation time. During genera-
tion when using the DAG formalism, we only need to generate each unique molecule once.
This can be advantageous if a complex intermediate product, which requires several steps
to create, needs to be used multiple times in the graph, as in the DAG formalism it only
needs to be created once.
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from reactants to products, and it is not cyclic, as we do not need to consider reactions

that produce already obtained reactants. Also, note that in this representation there is a

one-to-one mapping between each molecule and each node even if it occurs in multiple

reactions (see Box 5.1). As each node in the DAG represents a molecular graph, we can

describe the entire data structure as a synthesis DAG of (molecular) graphs (DoG).

5.2 The DOG-GEN model

Here we will explain our model over multi-step synthesis DAGs in more detail. We split

this section into two, first describing how we can serialize a synthesis DAG into a sequence

of construction actions, before describing our generative model, DOG-GEN, over such a

serialized sequence. This will lay the foundation for the next section, in which we describe

how we can use DOG-GEN in different ways.

5.2.1 Serializing the construction of DAGs

We need a way to “serialize” the construction of a DAG such that a ML model can iteratively

construct it. Figure 5.3 shows such an approach. Specifically, we divide actions into three

types: A1. Node-addition (shown in yellow): what type of node (building block or product)

should be added to the graph? A2. Building block molecular identity (in blue): once a

building block node is added, what molecule should this node represent? A3. Connectivity

choice (in green): what reactant nodes should be connected to a product node (i.e. what

molecules should be reacted together)?

As shown in Figure 5.3 the construction of the DAG then happens through a sequence

of these actions. Building block ('B') or product nodes ('P') are selected through action

type A1, before the identity of the molecule they contain is selected. For building blocks

this consists of choosing the relevant molecule through an action of type A2. Product

nodes’ molecular identity is instead defined by the reactants that produce them, therefore

action type A3 is used repeatedly to either select these incoming reactant edges, or to

decide to form an intermediate ( ̸→I) or final product ( ̸→F ). In forming a final product all

the previous nodes without successors are connected up to the final product node, and

the sequence is complete.

In creating a DAG, D, we will formally denote this sequence of actions, which fully

defines its structure, as D= [V1,V2,V3, . . . ,VJ ]. We shall denote the associated action types

as ⊤⊤⊤= [⊤1,⊤2,⊤3, . . . ,⊤J ], with ⊤ j ∈ {A1,A2,A3}, and note that these are fully defined by

the previous actions chosen (e.g. after choosing a building block identity you always go
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Figure 5.3 An example of how we can “serialize” the construction of the DAG shown in Figure 5.1. The
gray circles indicate the corresponding DAG existing at three different time-points in the construction
sequence. The serialized construction sequence consists of a sequence of actions. These actions can
be classified into three different types: (A1) node addition, (A2) building block molecular identity,
and (A3) connectivity choice. By convention, we start at the building block node that is furthest from
the final product node, sampling randomly when two nodes are at equivalent distances.

back to adding a new node). The molecules corresponding to the nodes produced so far

we will denote as Mi , with i referencing the order in which they are created. We will also

abuse this notation and use M< j to describe the set of molecule nodes existing at the

time of predicting action j . Finally, following the notation used in the last chapter for

MOLECULE CHEF, we shall continue to denote the pool of initial, easy-to-obtain building

blocks as B.

5.2.2 Defining a generative model over construction actions

We are now ready to define a generative model over D, called DOG-GEN. We allow our

model to depend on a latent variable, z ∈Rd . By default, we set this to a constant (such as

the all zeros vector, 0), but we discuss alternatives in the parts that follow. We propose to

model the DAG using an autoregressive factorization over the actions:

pθ(D|z) =
J∏

j=1
pθ(V j |V< j , z). (5.1)

Each pθ(V j |V< j , z) is parameterized by a neural network, with weights θ. The structure

of this network is shown in Figure 5.4. It consists of a shared RNN module that computes

a “context” vector. This “context” vector is then fed into a feedforward action-network

for predicting each action. A specific action-network is used for each action type, and

the action type also constrains the actions that can be chosen from this network: V |A1
j ∈

{'B', 'P'}, V |A2
j ∈B, and V |A3

j ∈M< j ∪ { ̸→I , ̸→F }. The hidden layer of the RNN is initialized
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Figure 5.4 A depiction of how we use neural networks to parameterize the probability of picking
actions at stages 1-6 of Figure 5.3 (note that as stage 1 always suggests a building block node, it is
automatically completed). A shared RNN for the different action networks receives an embedding
of the previous action chosen and creates a context vector for the action network. When using our
model as part of an autoencoder network, the initial hidden layer is parameterized by the latent
space sample, z . Each type of action network chooses a subsequent action to take (with actions that
are impossible being masked out, such as selecting an already existing building block or creating an
intermediate product before connecting up any reactants). The process continues until the “create
final product” node is selected. Graph neural networks are used for computing embeddings of
molecules where required. See Figure D.2 in Appendix D.2 for the subsequent steps of this procedure.

by a linear transform of z , and we feed in the previous chosen action embedding as input

to the RNN at each step. Algorithm D.1, in Appendix D.2, contains pseudocode for the

entire generative procedure.

Action embeddings For representing actions to our neural network we need continuous

embeddings, hV ∈Rd . Actions can be grouped into either (i) those that select a molecular

graph (be that a building block, g ∈ B, or a reactant already created, g ′ ∈M< j ); or (ii)

those that perform a more abstract action on the DAG, such as creating a new node ('B',
'P'), producing an intermediate product (̸→I), or lastly producing a final product ( ̸→F ).

For the abstract actions, the embeddings we use are each distinct learned vectors that

are parameters of our model. With actions involving a molecular graph, following the

previous chapters, we again use embeddings computed using GNNs (§ 2.2.2).

Reaction prediction When forming an intermediate or final product we need to obtain

the molecule that is formed from the reactants chosen. At training time we can simply fill

in the correct molecule using our training data. However at test time this information is

not available. We assume however, as we did for MOLECULE CHEF, that we have access

to an oracle, Product(·), which can perform reactions for us. Again we use a pre-trained

Molecular Transformer (Schwaller et al., 2019) for this oracle in evaluating the models of

this chapter. We take the top one prediction from the Transformer for the product, and if
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this is not a valid molecule (determined by RDKit), then we assume no reaction occurred

and instead pick one of the reactants randomly.

When running our model at prediction time there is the possibility of getting loops

(and so no longer predicting a DAG). This can happen if the output of a reaction (either

intermediate or final) creates a molecule which already exists in the DAG as a predecessor

of one of the reactants. A principled approach one could use to deal with this when using

a probabilistic reaction predictor model, such as the Molecular Transformer, is to mask

out, in the reaction predictor’s beam search, the prediction of reactions that cause loops.

However, in our experiments we treat the reaction predictor as a black box oracle, for

which we send reactants to and for which it sends us back a product. Therefore, to deal

with any prediction-time loops we go back through the DAG, before and after predicting

the final product node, and remove any loops we have created by choosing the first path

that was predicted to each node.

5.3 DOG-GEN as a component in larger frameworks

Having introduced our basic generative model for generating synthesis DAGs of (molecu-

lar) graphs (DoGs), called DOG-GEN, here we introduce further use cases for our model.

First, we describe how we can use the DOG-GEN model, as is, for performing molecular

optimization via fine-tuning or reinforcement learning (RL). One can also view DOG-GEN

as a general, learnable mapping from vectors to synthesis DAGs, and as such, one can use

it as a component in larger machine learning models. To this end, we next develop an

autoencoder called DOG-AE; DOG-AE is able to associate DAGs with continuous latent

embeddings, which is useful for interpolating within synthesis DAG space.

5.3.1 Molecular optimization with DOG-GEN via fine-tuning

To use DOG-GEN to perform molecule optimization we adopt the hill climbing algorithm

from Brown et al. (2019, § 7.4.6);Neil et al. (2018); Segler et al. (2018a). The process involved

is described in Algorithm 5.1. It starts with a DOG-GEN model that has been pre-trained

via maximum likelihood to match the training dataset distribution, pdata(D). The process

then consists of repeating a series of fine-tuning steps. At each step, a large number of

candidate DAGs are sampled from DOG-GEN and evaluated according to some target,

before DOG-GEN’s weights are then fine-tuned on the top K DAGs seen so far.

We can interpret this approach as an implementation of the cross-entropy method

(de Boer et al., 2005). It can also be viewed as a variant of the REINFORCE (Williams,
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Algorithm 5.1: High-level overview of the DAG fine-tuning procedure. NB for DOG-GEN,
z is always set at a constant (e.g. 0), hence we drop our specific dependence on z in this
algorithm.

Input:
• DOG-GEN model, pθ(D);
• Number of fine-tuning iterations, I iter;
• Number of samples, N samples;
• Threshold for number of samples to keep, K (typically K < N samples);
• Objective function to optimize, obj(·).

Result:
• List of all synthesis DAGs and their score (ranked), Q;
• DOG-GEN model with updated weights, pθ(D).

1 Initialize an empty list to store the results, Q.
2 Compute the score, i.e. using obj(·), of all products in the initial training set and add to Q.

3 for i in [1, . . . , I iter] do
4 Sample N samples from pθ(D).
5 Compute the score, i.e. again using obj(·), of the final products of these sampled DAGs and add

to list Q.
6 Select the K DAGs with the highest score from Q.
7 Run two training epochs on θ using these K DAGs as training data.
8 return Q and pθ(D)

1992) algorithm with a particular reward shaping. We could also use more complicated RL

algorithms here. Nevertheless, we find empirically that this simple approach works well.

5.3.2 DOG-AE: learning a latent space over synthesis DAGs

It is often useful to learn representations of data in an unsupervised manner (see Box 4.2).

For instance, we showed in the previous chapter that we could organize the complex space

of reactant bags (and their associated products) using an autoencoder, later allowing us to

sample and interpolate within this space. We now apply similar ideas to the modeling of

molecular synthesis DAGs and develop a new autoencoder, DOG-AE. Here, each latent

variable, z , for which we assign a Gaussian prior, can be thought of as describing different

types of multi-step synthesis pathways.

We will break the description of the architecture of DOG-AE down into the same topics

as those we used to define MOLECULE CHEF; that is we shall go through the subjects of

(a) the encoder, a stochastic mapping from synthesis DAGs to a continuous latent space;

(b) the decoder, a stochastic mapping from latent space back to synthesis DAGs; and (c)

the training objective. The decoder and the training objective are the easiest to explain.

For the decoder, we use the already defined DOG-GEN model, with the latent variable, z ,

initializing the hidden state of the RNN as shown in Figure 5.4 (rather than setting this
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Figure 5.5 The encoder for DOG-AE embeds the DAG of Graphs (DoG) into a continuous latent
space. It does this using a two-step hierarchical message passing procedure. In step 1 (molecular
graph message passing) it computes initial embeddings for the DAG nodes by forming graph-level
embeddings using a GNN on the molecular graph associated with each node (see § 2.2.2). In step 2
(synthesis graph message passing), a message passing algorithm is again used; however, this time it
is used on the synthesis DAG itself, passing messages forward. In our experiments we use GGNNs
(Li et al., 2015) for both message passing steps (see Appendix D.4.1 for further details). The final
representation of the DAG is taken from the node embedding of the final product node.

to a constant). For the training objective, we use the same WAE loss that we used for

MOLECULE CHEF (see Box 4.2). This leaves us just needing to define the encoder.

Encoder At a high level, our encoder consists of a two-step hierarchical message passing

procedure described in Figure 5.5: (i) molecular graph message passing, and (ii) synthesis

graph message passing. As we have discussed before, each node in a synthesis DAG is

itself a graph representing a molecule. For step (i) we obtain continuous embeddings for

the molecules representing each node. This is done using the same molecule GNN used

for representing molecule-associated actions in DOG-GEN (also using the same weights).

Step (ii) involves performing a second round of message passing, this time across the

synthesis DAG. We initialize each node in the synthesis DAG with its associated molecule-

level embedding (i.e. the graph-level embeddings for the molecules become the initial

node-level embeddings for the DAG). We then update these embeddings using a separate

GNN. The final node embeddings in the DAG are aggregated using the GNN’s readout

function to form a DAG-level representation which is used to parameterize a distribution

over latent space.

Much like the GNN for computing the molecule-level embeddings in step (i), we are

flexible about the exact GNN architecture we use to perform message passing across the

DAG in step (ii). In the experiments later in this chapter, we shall again use a model based

around the GGNN (Gated Graph Sequence Neural Network; Li et al., 2015; see also § 2.2.2)

architecture but defer specifics to Appendix D.4.1.
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5.4 Evaluation

We now turn to evaluating our approach on both generation and optimization tasks. To

train our models, we again extract a suitable dataset out of the USPTO reaction dataset

(§ 3.3.1). Starting with the same pool of 4,344 building blocks that we used for MOLECULE

CHEF (§ 4.3), we compose reactions in the dataset together to form the DAGs (see Ap-

pendix D.1 for full details on how this is done). We train both our DOG-GEN and DOG-AE

models on the same dataset and find that DOG-AE obtains a reconstruction accuracy (on

our held out test set) of 65% when greedily decoding (i.e. picking the most probable action

at each stage of decoding).

5.4.1 Generative modeling of synthesis DAGs

For evaluating how well our models can generate new molecules we start by following a

similar setup to that used last chapter. Specifically, we focus on assessing the properties of

the final product molecules in the synthesis DAGs. This allows us to compare to the same

baselines and use the same metrics as the previous chapter (see § 4.3.1)1. Furthermore,

we also include comparisons to the GraphVAE (Simonovsky and Komodakis, 2018) and

the junction tree variational autoencoder (JT-VAE; Jin et al., 2018) models.

Table 5.1 shows the results. Generally, we see that many of these models perform

comparably with no model performing better than all of the others on all of the tasks. The

baselines JT-VAE and MOLECULE CHEF have relatively high performance across all the

tasks, although by looking at the FCD score it seems that the molecules that they produce

are not as close to the original training set as those suggested by the simpler character-

based SMILES models, CVAE or SMILES LSTM. Encouragingly, we see that the models

we propose achieve good performance on these tests and obtain scores comparable with

many of the models that do not provide synthetic routes.

Each of these metrics summarize approximately 20,000 sampled molecules using one

number, and so provide little information about the distribution of molecules produced.

Therefore, following prior work (Polykovskiy et al., 2020; Seff et al., 2019), we also produce a

KDE (kernel density estimate) plot for the distribution of certain properties of the sampled

molecules. The properties we consider are the Quantitative Estimate of Drug-likeness

score (QED, see § 4.3.2; Bickerton et al., 2012), the synthetic accessibility score (SA; Ertl

1For the evaluation in this chapter, we re-implemented the CVAE and GVAE models in PyTorch and found
that our implementation was significantly better than (Kusner et al., 2017)’s published results. We believe
this is down to being able to take advantage of some of the latest techniques for training these models (for
example β-annealing – see e.g. Alemi et al., 2018; Higgins et al., 2017) as well as hyperparameter tuning. See
Appendix D.4.2 for further details on the baselines used.
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Table 5.1 Table showing the percentage of valid molecules generated and then, conditioned on this,
the uniqueness, novelty, and normalized quality (Brown et al., 2019, § 3.3) (all as %, higher better) as
well as the FCD score (Fréchet ChemNet Distance, lower better; Preuer et al., 2018). Here, “normalized
quality” means that we divide through by the fraction of molecules in the training set that pass the
quality filters (see Section 4.3.1). For each model we generate the molecules by decoding from 20k
prior samples from the latent space.

Model Name Validity (↑) Uniqueness (↑) Novelty (↑) Quality (↑) FCD (↓)

Training Data 100.0 100.0 0.0 100.0 0.21

SMILES LSTM (Segler et al., 2018a) 94.8 95.5 74.9 101.93 0.46
CVAE (Gómez-Bombarelli et al., 2018) 96.2 97.6 76.9 103.82 0.43
GVAE (Kusner et al., 2017) 74.4 97.8 82.7 98.98 0.89
GraphVAE (Simonovsky and Komodakis, 2018) 42.2 57.7 96.1 94.64 13.92
JT-VAE (Jin et al., 2018) 100.0 99.2 94.9 102.34 0.93
CGVAE (Liu et al., 2018) 100.0 97.8 97.9 45.64 14.26
MOLECULE CHEF (§ 4.2) 98.9 96.7 90.0 99.0 0.79

DoG-AE 100.0 98.3 92.9 95.5 0.83
DoG-Gen 100.0 97.7 88.4 101.6 0.45
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Figure 5.6 KDE (kernel density estimate) plots for the distribution of the Quantitative Estimate
of Drug-likeness score (QED; Bickerton et al., 2012), the synthetic accessibility score (SA; Ertl and
Schuffenhauer, 2009), and the octanol-water partition coefficient (logP) for 20k molecules sampled
from each of the various models. We also plot the distribution of these properties for the molecules in
the training set (blue histogram). Plot done in same style as Seff et al. (2019, Fig. 3).
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with dashed lines.

and Schuffenhauer, 2009), and the octanol-water partition coefficient (logP; Wildman

and Crippen, 1999). The results are shown in Figure 5.6. Apart from the GraphVAE and

CGVAE, all models closely follow the distribution found in the training set, with again little

to choose between them.

Qualitative evaluation of DOG-AE’s latent space An important advantage of our mod-

els over the others is that they directly generate synthesis DAGs, indicating how a chosen

molecule could be made. To visualize the properties of the latent space of DAGs learned

by DOG-AE, we start from a training synthesis DAG and walk randomly in the latent space

until we have output five different synthesis DAGs. We plot the combination of these

DAGs, which can be seen as a reaction network, in Figure 5.7. We see that as we move

around the latent space many of the synthesis DAGs have subgraphs that are isomorphic,

resulting in similar final molecules.

5.4.2 Optimizing synthesizable molecules

We next look at how our model can be used for the global optimization of molecules with

desirable properties. To evaluate our model, we compare its performance on a series of

10 optimization tasks from GuacaMol (Brown et al., 2019, § 3.2)2 against the three best

2We also optimized again for the QED score favored by previous work (e.g. that of Jin et al., 2018;
Kusner et al., 2017; You et al., 2018a). However, similar to Brown et al. (2019, § 7.5), we did not find this
objective discriminative for objectively comparing the different approaches; DOG-GEN was able to obtain
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reported models Brown et al. (2019, Table 2) found: (1) SMILES LSTM (Segler et al., 2018a),

which does optimization via fine-tuning; (2) GraphGA (Jensen, 2019), a graph genetic

algorithm (GA); and (3) SMILES GA (Yoshikawa et al., 2018), a SMILES-based GA. We train

all methods on the same data, which is derived from USPTO and, as such, should give a

strong bias for synthesizability.

We note that we should not expect our model to find the best molecule if judged solely

on the GuacaMol task score: our model has to build up molecules from set building blocks

and pre-learned reactions, which although reflecting the real-life process of molecule

design, means that it is operating in a more constrained regime. However, the final

property score is not the sole factor that is important when considering a proposed

molecule. As we mentioned in the previous chapter, molecules need to be viable, meaning

here that they need to (a) exist without degrading or reacting further (i.e. be sufficiently

stable), and (b) be able to be created in practice (i.e. be synthesizable). To quantify (a)

we consider using the quality filters proposed in Brown et al. (2019, § 3.3), also used last

chapter. To quantify (b) we use computer-aided synthesis planning (Boda et al., 2007; Gao

and Coley, 2020; Segler et al., 2018b). Specifically, we run a retrosynthesis tool on each

molecule to see if a synthetic route can be found, and if so, how many steps are involved3.

We also measure an aggregated synthesizability score over each step (see Appendix D.3),

with a higher synthesizability score indicating that the individual reactions are closer to

actual “observed” reactions and so hopefully more likely to work. All results are calculated

on the top 100 molecules found by each method for each GuacaMol task.

The results of the experiments are shown in Figures 5.8 and 5.9, and Table 5.2 (see

Appendix D.5 for further results). In Figure 5.8 we see that, disregarding synthesis, in

general the Graph GA and SMILES LSTM approaches produce the best scoring molecules

for the GuacaMol tasks. However, corroborating the findings of Gao and Coley (2020,

Fig. S6), we note that the GA methods regularly suggest molecules for which no synthetic

routes can be found. Our model, because it decodes synthesis DAGs, consistently finds

high-scoring molecules while maintaining high synthesizability scores. Furthermore,

Figure 5.9 shows that a high fraction of the molecules produced by our method pass the

quality checks, whereas for some of the other methods the majority of molecules can fail.

the maximum commonly available QED score of 0.948 with a molecule represented by the SMILES string
“Cc1cc(F)ccc1NS(=O)(=O)c1ccc2c(c1)CCO2”.

3Note, like reaction predictors, these tools are imperfect, but still (we believe) offer a sensible current
method for evaluating our models.
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Figure 5.8 The score of the best molecule found by the different approaches for 10 GuacaMol bench-
mark tasks (Brown et al., 2019, § 3.2) – task names are labeled above each set of bars. GuacaMol
molecule scores (y-axis) range between 0 and 1, with 1 being the best. We also use colors to indicate
the synthesizability score (see Appendix D.3) of the best molecule found. Note that bars representing a
molecule within a higher synthesizability score bucket (e.g. blue) will occlude lower synthesizability
score bars (e.g. red). The dotted gray lines represent the scores of the best molecule in our training set.

G
ra
ph

G
A

SM
IL
ES

LS
TM

SM
IL
ES

G
A

D
oG

-G
en

G
ra
ph

G
A

SM
IL
ES

LS
TM

SM
IL
ES

G
A

D
oG

-G
en

G
ra
ph

G
A

SM
IL
ES

LS
TM

SM
IL
ES

G
A

D
oG

-G
en

G
ra
ph

G
A

SM
IL
ES

LS
TM

SM
IL
ES

G
A

D
oG

-G
en

G
ra
ph

G
A

SM
IL
ES

LS
TM

SM
IL
ES

G
A

D
oG

-G
en

G
ra
ph

G
A

SM
IL
ES

LS
TM

SM
IL
ES

G
A

D
oG

-G
en

G
ra
ph

G
A

SM
IL
ES

LS
TM

SM
IL
ES

G
A

D
oG

-G
en

G
ra
ph

G
A

SM
IL
ES

LS
TM

SM
IL
ES

G
A

D
oG

-G
en

G
ra
ph

G
A

SM
IL
ES

LS
TM

SM
IL
ES

G
A

D
oG

-G
en

G
ra
ph

G
A

SM
IL
ES

LS
TM

SM
IL
ES

G
A

D
oG

-G
en

0.0

0.2

0.4

0.6

0.8

1.0

Fr
ac
tio

n
of

to
p
10

0
m
ol
eu
le
s

fo
un

d
pa
ss
in
g
qu

al
ity

ch
ec
ks

Tasks (left to right)
Amlodipine Aripiprazole Deco Hop Osimertinib Ranolazine Perindopril Scaffold Hop Sitagliptin Valsartan Zaleplon

Training setTraining set

Figure 5.9 The fraction of the top 100 molecules proposed that pass the quality filters, over a series of
ten GuacaMol tasks (Brown et al., 2019, § 3.2). The fraction of molecules in our initial training set
that pass the filters (which is 67%) is shown by the dotted gray line.

Table 5.2 Table showing metrics quantifying the stability and synthesizability of the molecules
suggested by each method for the GuacaMol optimization tasks. The metrics we use include: the
fraction of molecules for which a synthetic route is found, the mean synthesizability score, the median
number of synthesis steps (for synthesizable molecules), and the fraction of molecules that pass the
quality filters from Brown et al. (2019, § 3.3). The metrics are computed using the aggregation of the
top 100 molecules for each GuacaMol task over all of the ten GuacaMol tasks we consider. For the
baselines we use the implementations from GuacaMol (Brown et al., 2019). NB given that we are
looking at “optimized” molecules, we no longer normalize the quality figures.

Frac. Synthesizable (↑) Synth. Score (↑) Median # Steps (↓) Quality (↑)

Graph GA (Jensen, 2019) 0.42 0.33 6 0.36
SMILES LSTM (Segler et al., 2018a) 0.48 0.39 5 0.49
SMILES GA (Yoshikawa et al., 2018) 0.29 0.25 3 0.39

DOG-GEN 0.9 0.76 4 0.75
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5.5 Discussion

In this section we discuss our approach. In particular, we discuss its relation to other

recent work in ML and draw attention to some of its current limitations, describing how

these motivate exciting future research directions to explore.

5.5.1 Related work

We have already discussed much of the related work for generating molecules in the

background section of the previous chapter (§ 4.1). We will not repeat that discussion

here but instead will describe some alternative ML-based approaches for generating

synthesizable molecules (developed concurrently with the work described in this thesis)

as well as briefly discuss how our work in this chapter relates to work in other application

areas of ML.

Generating synthesizable molecules We are not alone in drawing attention to the im-

portance of synthesizability in ML-based molecule design. Recently, there has been a

series of other work incorporating reaction predictors with ML-based optimization tech-

niques (Gottipati et al., 2020; Horwood and Noutahi, 2020; Korovina et al., 2020). Korovina

et al. (2020) has a particular focus on sample efficiency, so we will discuss their approach

in more detail in the section below. Gottipati et al. (2020); Horwood and Noutahi (2020)

optimize molecules through reinforcement learning, with an action space consisting of

reactions/reactants that can combine with a current molecule representing the state.

However, both approaches are limited to linear synthesis trees, where intermediates can

only react with a fixed set of building blocks rather than with other intermediates. We

believe these approaches, which focus more on improving the underlying RL algorithms,

are somewhat complimentary with the approach described here and could be combined

in future work.

Other application areas Recently, in other application areas of ML, there has been much

work for generating or editing graphs (including DAGs). A variety of different graph types

have been considered, including citation networks and community graphs, as well as those

representing neural network architectures or source code (Alvarez-Melis and Jaakkola,

2017; Chakraborty et al., 2020; Chen et al., 2018; Guo et al., 2018; You et al., 2018b; Zhang

et al., 2019). DAGs have been generated in both a bottom-up (e.g. Zhang et al., 2019) and

top-down (e.g. Chen et al., 2018) manner. Our approach is perhaps most related to Zhang

et al. (2019), which develops an autoencoder model for DAGs representing neural network
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architectures. However, synthesis DAGs have some key differences to those typically

representing neural network architectures or source code, for instance nodes represent

molecular graphs and should be unique within the DAG.

5.5.2 Sample efficiency

For optimization, one of the main limitations of our method, and this also holds true for

the baselines we considered, is its poor sample efficiency. By poor sample efficiency, we

mean that these methods require many queries to a property oracle when carrying out

the optimization tasks. While properties such as the QED or those used in the GuacaMol

tasks can be quickly computed by a computer, often interesting properties are far more

expensive to evaluate. Ideally, one would therefore wish to evaluate them as infrequently

as possible.

One possible approach to this problem might be to borrow ideas from Bayesian opti-

mization (Shahriari et al., 2016), a principled optimization framework that accounts for

sample efficiency. Bayesian optimization has been applied to molecule search in a variety

of different ways (De Grave et al., 2008; Gómez-Bombarelli et al., 2018; Hernández-Lobato

et al., 2017; Korovina et al., 2020; Williams et al., 2015). However, as far as we are aware,

the only method that explicitly considers synthesizability, and generates novel molecules,

is the work of Korovina et al. (2020). Korovina et al. (2020) performs a random walk on a

reaction network, deciding which molecules to query next using Bayesian optimization.

However, the random walk nature of their search means that this method only explores

the reaction network locally. It would be interesting to see if combining their method with

the ideas presented here allows one to explore this network more quickly , and so get the

advantages of both approaches.

5.5.3 Improving the evaluation of molecule generation

Performing meaningful quantitative assessments of the different generative models of

molecules is hard. We can break these difficulties down into (a) choosing suitable metrics,

and (b) picking relevant baselines, both of which we shall now discuss.

Choosing suitable metrics In the last two chapters, to evaluate our approaches’ abil-

ities to generate new molecules we turned to the “soundness checks” used in previous

works, i.e. assessing generated molecules in terms of validity, uniqueness, novelty, etc.

(see Tables 4.1 & 5.1). Unfortunately, these checks have their limitations (Brown et al.,

2019;Renz et al., 2019, § 2). This was perhaps most strikingly recently demonstrated by
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Renz et al. (2019, Table 1), who showed that by trivially adding extra atoms to molecules in

the training dataset, one could outperform many more complex models. This is not to say

that we think that these checks should be abandoned: they still have their uses when one

is mindful of their shortcomings. For instance, while it is possible for a bad model to pass

these checks, it is unlikely that a good model would fail them, i.e. we could say that these

checks have high specificity and low sensitivity for identifying bad models.

How can we come up with better metrics? One approach is to borrow ideas from how

generative models are being evaluated in other application areas in machine learning. This

has proved successful previously; for instance, the development of the FCD score (Preuer

et al., 2018) built upon the Fréchet Inception Distance evaluation (Heusel et al., 2017;

Salimans et al., 2016), used for assessing and comparing GANs (generative adversarial

networks) producing natural images.

But perhaps a better approach for developing improved metrics is to start by thinking

about what we actually want to use generative models of molecules for. If it is solely to

discover new molecules, then it makes more sense to evaluate and compare the models

on this task. This can be done using one of the objectives we considered in the opti-

mization experiments, or even more recent benchmark-targets incorporating docking

scores (Boitreaud et al., 2020; Cieplinski et al., 2020). A crucial challenge in this area is

to design tasks that are significantly challenging enough to be interesting, yet not too

computationally expensive to evaluate such that they inhibit fast experimentation.

Picking relevant baselines The other difficult task when assessing our models is choos-

ing relevant baseline models to compare to. For instance, in this chapter we found that by

re-implementing the CVAE and GVAE models, tuning the hyperparameters, and by using

more modern autoencoder training techniques to enable the training of larger, autore-

gressive decoders, we were able to get much better performance than from the implemen-

tations of these models commonly used (§ 5.4.1). This is problematic, as when comparing

generative models of molecules, we want to evaluate the differences attributable to the dis-

tinctions in the conceptual level in which they represent molecules, rather than variations

arising due to hyperparameters. Unfortunately, this is often easier said than done: hyper-

parameter sweeps are expensive to perform and even here one would pick the best model

based on an autoencoder loss, which may not correlate perfectly with other objective

metrics.

Fortunately, progress in improving the situation has been made through the devel-

opment of good-quality reference implementations and benchmark suites (Brown et al.,
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2019; Polykovskiy et al., 2020). We therefore included baselines from these benchmarks

here.

5.5.4 Multi-objective optimization

In evaluating our models in optimization tasks, we only considered optimizing for a single

property at a time4. In practice, we may want to optimize for several objectives at once.

For example, we might wish to find a molecule that is both effective and cheap to produce.

This particular example would be fairly straightforward to do using our approach, given

that we explicitly consider the construction sequence. For instance, we could easily

assign costs to each building block, obtaining reasonable prices from a chemical vendor’s

catalog. We could then sum the costs for the building blocks used and add it to our original

objective, optimizing this new, replacement objective in the same way.

However, in multi-objective optimization tasks one often does not want to find just

a single optimum; instead, one may wish to obtain the “Pareto set”, the set of points for

which one cannot improve in one objective without doing worse in another (Collette and

Siarry, 2004; Van Moffaert and Nowe, 2014). Therefore, an interesting avenue of research

here would be to explore the use of other optimization algorithms, specifically designed

for this task.

5.6 Summary

In this chapter we introduced a new model for generating molecules, DOG-GEN. DOG-

GEN extended the ideas introduced in the last chapter with MOLECULE CHEF, of generating

molecules via virtual chemical reactions, to multiple steps of reactions. Specifically, it

did this by generating a molecule synthesis DAG, describing how simple building block

molecules recursively combine together to form more complex molecules of interest.

We showed how we could use DOG-GEN as a component in larger ML architectures

and frameworks. For instance, we showed how it could be used as the decoder in an

autoencoder structure (DOG-AE), for sampling and interpolating in the space of reaction

networks. In addition, when paired with a RL algorithm, it could be used for optimization,

finding molecules that not only had good property scores, but also could be synthesized

too.

4Implicitly these could depend on a set of several different, independent calculations but even so the
relative weighting of these is fixed.



Chapter 6

Conclusions and Future Directions

This thesis has presented a new method for chemical reaction prediction and, using ML

reaction predictors, brought center stage the idea of synthesis in ML-driven molecule

generation. In this final chapter we summarize the contributions of our work and lay out

possible future directions.

6.1 Summary of contributions

In this section we briefly summarize the contributions we have made in each chapter.

In Chapter 3 we introduced a new model, ELECTRO, for reaction prediction on reactions

exhibiting linear electron flow topology. Here, we demonstrated how we could design a ML

model that predicted electron movements in an end-to-end manner. We then designed

an approach to extract approximate reaction mechanisms from atom-mapped reaction

SMILES strings, allowing us to train ELECTRO on large reaction datasets. Finally, we showed

that ELECTRO compared favorably to the strongest baselines of the time (when predicting

final products) and was able to learn basic chemical concepts, such as functional group

selectivity, without explicit training.

In Chapters 4 and 5 we introduced new models for the generative modeling of molecules.

Chapter 4 introduced MOLECULE CHEF, a model that is able to address, simultaneously,

two common problems in the search for new molecules: what molecule to make and how

to make it. We showed that the sensible inductive bias of first selecting reactants before

then transforming them under chemical reactions, allowed MOLECULE CHEF to generate

a wide range of valid and stable molecules. Intriguingly, models such as MOLECULE CHEF

also offer the opportunity to solve established problems such as retrosynthesis in new

ways, and we presented an example of how we could MOLECULE CHEF to find alternatives

to certain molecules with easier reactants to handle.
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Chapter 5 extended the ideas introduced in MOLECULE CHEF to multiple reactions.

We proposed a new model, DOG-GEN, to model complex synthesis plans. We explained

how complex synthesis plans could be described using a synthesis DAG, and introduced

an efficient serialization procedure over such a structure. Following this, we developed a

hierarchical message passing routine over synthesis DAGs, and used this in conjunction

with DOG-GEN to create an autoencoder, DOG-AE, useful for sampling and interpolating

in the space of reaction networks. Finally, we showed that by combining DOG-GEN with

RL-based optimization routines, we could find optimized molecules with comparable

scores to those found by previous, unconstrained approaches, while ensuring that the

molecules we suggested were synthesizable and stable too.

6.2 Future directions

We now turn to possible future directions of our work.

6.2.1 Levels of abstraction

A key theme in this thesis is that we can model molecules and their interactions at a

variety of different levels of abstraction. These different abstractions can have differ-

ent characteristics, provide different information, or be more natural to model. For

instance, by modeling electron flows using ELECTRO in Chapter 4, we showed how we

were able to predict the outcomes of new reactions in an end-to-end and interpretable

manner, while ensuring that we always respected balanced atom counts. Likewise, in

Chapter 5, we demonstrated that by generating molecules via virtual reaction schemes,

more aligned with how a chemist would create a molecule in practice, we were able to

generate molecules that performed competitively on optimization tasks while also being

more synthesizable and stable too.

Abstractions elsewhere in chemistry An interesting avenue of research would be to

take these ideas forward to other areas of chemistry or the natural sciences. An obvious

idea might be molecule regression tasks, for instance predicting how well a molecule

might “dock” with a protein. Chemistry is a mature field, such that many powerful,

principled, and interpretable abstractions have been invented and refined over centuries

of development. It is prudent to take advantage of these tools when designing new models.

Often these ideas can also then feedback to other areas of ML. For instance, as discussed

in Chapter 2, modern GNNs in ML hark back to many older ideas in chemoinformatics.
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Combining representations Another possibility is to investigate how we can combine

abstractions or representations. For instance, with reaction prediction, we have a whole

hierarchy, or “stack”, of levels with which we can represent the underlying process; models

operating at different levels often trade off compute for accuracy. It would be interesting

to develop models that can operate across the whole stack at once, dropping down to a

lower level whenever their uncertainties suggest more accurate or precise calculations are

required.

Sometimes we may wish to also use different representations or abstractions at the

same time. This relates to multi-view or multimodal representation learning and dataset

augmentation (Ngiam et al., 2011; Shorten and Khoshgoftaar, 2019; Wang et al., 2015). For

instance, with the autoencoders used for molecules, it may be interesting to train multiple

decoders simultaneously. In choosing a decoder, we are implicitly assigning a prior to

what constitutes a “neighborhood” of a molecule, and so by using several and weighting

their losses differently, we have another tool to structure the latent space.

A similar idea might also be useful in molecule regression tasks. If the task does not

indicate a natural representation, then by training a separate model for each different

representation and then marginalizing over them at test time, we might be able to obtain

much more robust final representations and predictions.

6.2.2 Synthesis planning

Although in general we have argued that one should design molecules with synthesizability

in mind, sometimes one might want to find a synthetic route for a molecule which one

already knows has good properties, such as a natural product. Alternatively, it is sometimes

beneficial, for instance due to environmental reasons, to look for new, alternative synthetic

routes for products which one can already make. Currently, such problems might be

tackled by top-down synthesis planners (Segler et al., 2018b; Szymkuć et al., 2016). These

methods often work in a recursive manner. Starting from the final product node, they use

tree search algorithms to gradually expand the current nodes in the tree until a complete

route from the target molecule to building block molecules is found (or the method’s

compute budget runs out).

It would be interesting to explore extending some of the ideas proposed in Section 4.3.3

(where we used MOLECULE CHEF for retrosynthesis1) to learn a direct mapping from prod-

ucts to synthesis DAGs in a bottom-up manner (using ML parlance we might describe

such a technique as “amortizing” the cost of retrosynthesis). Even if such an approach

1Some preliminary results of using DOG-GEN in a similar manner are also included in Appendix D.5.2
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was unable to find a route to the target molecule, the intermediate products found might

provide more useful building blocks for subsequent use in a top-down planner. Also,

another related, possible future avenue to explore is treating retrosynthesis as an optimiza-

tion task. We could use a similar fine-tuning technique to the one used in Section 5.3.1,

initially pre-training a model for retrosynthesis but then adapting it for particular targets

by fine-tuning.

6.2.3 Making ML methods more practical

A final theme of this thesis we wish to discuss is making generative models of molecules

more practical. In particular, in Chapters 4 and 5, given the intrinsic link between the

“design” and the “make” steps in molecule development, we brought synthesis instructions

into the generative process itself. We showed how this meant that we were also more likely

to generate stable molecules.

One enticing area of future research in this vein, is looking at how we can move beyond

the computational proof of concepts provided here and experimentally validate these

ideas in practice. Not only does this require collaboration with chemists but further ML

development work too. We suggested some immediate considerations, solvable with ML,

in the discussion of Section 5.5. However, other ML/computational work would probably

be required too, such as designing methods to optimize reaction conditions. Most exciting

of all is likely the design of solutions to the problems we do not even know exist yet, and in

this manner such a research direction can drive intriguing work in many directions.

6.3 Conclusion

This thesis has argued that while working in the seams of chemistry and machine learning

it is important to stitch together ideas from both fields. We demonstrated in the interlinked

areas of reaction prediction and molecule design that building our ML models around

abstractions from chemistry can aid their interpretability and extrapolation properties.

While there are still many open challenges in these areas, we hope that the models that

we have developed, and the ideas we have extolled, will act as a spring board in the

development of future techniques.
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Appendix A

Appendix for Chapter 2

This appendix clarifies additional details that were omitted from the main text of the

background chapter. Specifically, in the main text we kept the description of graph neural

networks (GNNs) general; here, in Section A.1, we provide details of the Gated Graph

Sequence Neural Networks (Li et al., 2015) we used in the experiments. Furthermore,

we also demonstrate why the 1-dimensional Weisfeiler-Lehman test cannot distinguish

between the pathological pair of molecules given in Box 2.2 of the main thesis.

A.1 Graph neural networks

In Section 2.2.2 the general form of a graph neural network was specified, using generic

equations for the different steps. As mentioned in that section, in the experiments we

used the Gated Graph Sequence Neural Network (GGNN) proposed by Li et al. (2015). This

means that we can be more specific about the particular form of the equations used. For

the message passing part of this architecture, the message formation function takes the

form:

g m
(

hv,l−1,
{(

hw,l−1,e(w,v)
)

,∀w ∈N (v)
})

= ∑
w∈N (v)

MLPm
e(w,v)

(
hw,l−1

)
, (A.1)

where MLPm
e(w,v)

(·) is a multi-layer perceptron (MLP)1, one for each kind of bond type. The

update function takes the form:

g u
(
hv,l−1,mv,l

)
=GRUu (

hv,l−1, mv,l
)

, (A.2)

1Note that here we are abusing the general terminology somewhat; often in practice we use just a single
layer for the MLPs (i.e. a learnable linear transform).
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where GRUu(·, ·) is a gated recurrent unit cell (Cho et al., 2014a).

In the readout part, the readout function takes the form of an attention weighted sum:

g r
({

hv,L ,∀v ∈V})=MLPpost

( ∑
v∈V

[
σ

(
MLPgate (

hv,L
))

MLPpre (
hv,L

)])
, (A.3)

where σ(·) is the sigmoid function, and MLPpost(·), MLPgate(·), and MLPpre(·) are again

multi-layer perceptrons, although often we may use only a single layer here for simplicity.

The weights and biases associated with both the MLPs and the recurrent unit used

make up the learnable parameters of our model.

A.2 Molecules the 1D WL test cannot distinguish

In Box 2.2 of Chapter 2 we described how the 1-dimensional Weisfeiler-Lehman (WL)

test cannot distinguish between the dicyclopropylmethane and norbornane molecules.

Figure A.1 demonstrates why this is the case by running through the iterations of the WL

algorithm until convergence and showing that the resulting multiset of node labels for

each of the two graphs is identical.
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Figure A.1 Demonstration of why the 1-dimensional Weisfeiler-Lehman (WL) test cannot distinguish
between the dicyclopropylmethane and norbornane molecules (see box 1). In the 1-dimensional
WL test, each node in each of the graphs is given a label (also often referred to as a “color”; shown
here with the colored integers). Each label is initialized using the corresponding node’s properties
(e.g. its degree; see box 2). The test then goes through a series of iterations where the label for a
node is updated based on its old label and the labels of its neighbors (see boxes 3 and 4 – where the
parenthesis show how the new labels are derived from the old ones; for further details please refer to
e.g. Morris et al., 2019, Eq. 1). These iterations continue until either the multiset of labels for each
of the graphs differ (meaning that the graphs are not isomorphic) or the test converges (meaning
that the graphs are potentially isomorphic). In this particular example, one can see that the test
converges after 3 steps (i.e. one could relabel “7” as “4”, “8” as “5”, and “9” as “6” in box 4 of this figure
without affecting the overall labeling in any meaningful way).
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Appendix for Chapter 3

This appendix clarifies additional details that were omitted from the main text of the

chapter on reaction prediction (Chapter 3). In particular we include the following sections:

Section B.1, Further information on dataset preprocessing We provide further details

of how we preprocess the USPTO dataset to extract approximate reaction mecha-

nisms, supplementing Section 3.3.1 of the main text.

Section B.2, Experimental details We provide details of the specific architectures used

in our experiments. We also provide additional information about the baselines

used.

Section B.3, Further experimental results We provide further examples of the predic-

tions made by our models.

B.1 Further information on dataset preprocessing

This section provides further details on how we extract reactions with linear electron flow

topology from the USPTO dataset, complementing Figure 3.4 in the main text. We start

from the USPTO reaction SMILES string and list of bond changes (see § 3.3.1) and from

this wish to find the electron path.

The first step is to look at the bond changes present in a reaction. Each atom on the

ends of the path will be involved in exactly one bond change; the atoms in the middle will

be involved in two. We can then line up bond change pairs so that neighboring pairs have

one atom in common, with this ordering forming a path. For instance, given the pairs

"11-13, 14-10, 10-13", we form the unordered path "14-10, 10-13, 13-11". If we
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are unable to form such a path, for instance due to two paths being present as a result of

multiple reaction stages, then we discard the reaction.

For training our model we want to find the ordering of our path, so that we know in

which direction the electrons flow. To do this we examine how the properties of the atoms

at each end of our path change before and after the reaction. In particular, we look at the

changes in charge and attached implicit hydrogen counts (as discussed in Section 2.1.1,

hydrogens are not treated as separate nodes in our graph, but the number attached to a

node can be inferred from the atom type, its charge and the node’s associated bonds). The

gain of negative charge (or analogously the gain of hydrogen as H+ ions without changing

charge) indicates that electrons have arrived at this atom, implying that this is the end

of the path; vice versa for the start of the path. However, sometimes the difference in

atom properties before and after a reaction is not available in the USPTO data. This is

because unfortunately only major products are recorded, and so details of what happens

to some of the reactant molecules’ atoms may be missing. In these cases we fall back to

using an element’s “electronegativity” to estimate the direction of our path, with more

electronegative atoms attracting electrons towards them and so being at the end of the

path.

The next step of filtering checks that the path alternates between add steps and remove

steps. This is done by analyzing and comparing the bond changes on the path in the

reactant and product molecules. Reactions that involve greater than one change between

atoms (for instance going from no bond between two atoms in the reactants to a double

bond between the two in the products) can indicate multi-stage or other kinds of non-LEF

reactions, and so are discarded. As a final validation, we use RDKit to produce all the

intermediate and final products induced by our path acting on the reactants, to confirm

that the final product that is produced by our extracted electron path is consistent with

the major product SMILES in the USPTO dataset.

B.2 Experimental details

In this section we provide specific details about the architectures of our models used in

the experiments; further details can also be found in our code, https://github.com/
john-bradshaw/electro. At the end of this section, we provide additional information

about the implementations of the baselines we compared against.

https://github.com/john-bradshaw/electro
https://github.com/john-bradshaw/electro
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Table B.1 Atom features we use as input to the GGNN. These are calculated using RDKit (RDKit
Team, 2019).

Feature Description

Atom type One hot (72 possible elements in total)
Degree One hot (0, 1, 2, 3, 4, 5, 6, 7, 10)
Explicit Valence One hot (0, 1, 2, 3, 4, 5, 6, 7, 8, 10, 12, 14)
Hybridization One hot (SP, SP2, SP3, other)
H count Integer
Electronegativity Float
Atomic number Integer
Part of an aromatic ring Boolean

Table B.2 The GNNs GNNreagents (·) and GNNcont (·) have different readout architectures. We provide
details of the dimensionalities of the vector spaces the MLPs operate with in this table (see Eq. A.3).

GNNreagents (·) GNNcont (·)
MLPgate (·) R101 →R1 R101 →R1

MLPpre (·) R101 →R202 R101 →R202

MLPpost (·) R202 →R100 R202 →R1

B.2.1 Architecture and training details

In this section we provide further details of our model architectures.

Graph neural networks (GNNs) As described in Section 3.2 (in particular see Alg. 3.1),

we used three GNNs: GNNnode (·) for computing node embeddings (i.e. without a readout

part); GNNreagents (·) for computing a molecule-level embedding of the reagents; and

finally GNNcont (·) for computing the continuation logit. All three of these networks are

based around the GGNN architecture (§ A.1).

For the message passing part (i.e. Eq. A.1 and Eq. A.2), these GNNs share the same

architecture (including weights). Here, we run four stages of messages passing (i.e. L = 4).

The GNNs use as initial node attributes, xv , the atom features shown in Table B.1. In our

implementation, the node-embeddings have a dimensionality of 101.

The GNNreagents (·) and GNNcont (·) networks have an additional readout part (Eq. A.3).

These two GNNs use different MLPs here, projecting to graph-level embeddings with

different dimensionalities. We provide further details of this in Table B.2.
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Action distributions Section 3.2 of our thesis discusses the different components of our

model. To compute the atoms on the path we are interested in computing two conditional

probability terms: (a) pstart
θ

(a0|M0,Me ), the probability of the initial state, a0, given the

reactants and reagents; and (b) pθ (at |Mt , at−1, t ), the conditional probability of the next

state, at , given the intermediate products, Mt , for t > 0.

These distributions are parameterized by NNs (neural networks): f add (·, ·), f remove (·, ·),

and f start (·, ·). All of these operate on node embeddings created by the same GNN. In this

section we shall go through each of these networks in turn.

The networks for f add (·, ·) and f remove (·, ·), that operate on each node to produce

an action logit, are both feedforward NNs consisting of one hidden layer of 100 units.

Concatenated onto the node features going into these networks are the node features

belonging to the previous atom on the path. To write this out more explicitly for the add

network:

f add (
HMt , at−1

)
v =MLPadd (

hv ∥hat−1

)
, (B.1)

where v indexes a particular atom, hv denotes the final node embedding from GNNnode (·)
for atom v (i.e. a particular row of HMt ), “∥” the concatenation operator, and MLPadd(·)
denotes a regular feedforward neural network. The network for f remove (·, ·) takes a similar

form.

The final function, f start (·, ·), is represented by a NN with hidden layers of 100 units.

When conditioning on reagents (i.e. for ELECTRO) the reagent embeddings calculated by

GNNreagents (·) are concatenated onto the node embeddings and we use two hidden layers

for our NN. When ignoring reagents (i.e for ELECTRO-LITE) we use one hidden layer for

this network. To write this out more explicitly:

f start (HM0 ,mMe

)
v =MLPstart (hv ∥mMe

)
, (B.2)

where again v indexes a particular atom, hv denotes the node embedding from GNNnode (·)
for atom v (i.e. a particular row of HM0 ), mMe denotes the graph-level embedding from

GNNreagents (·), and MLPstart(·) denotes a regular feedforward neural network.

Although we found choosing the first entry in the electron path is often the most

challenging decision, and greatly benefits from reagent information, we also considered

a version of ELECTRO where we fed in the reagent information at every step. In other

words, the networks for f add (·, ·) and f remove (·, ·) also received the reagent embeddings

calculated by GNNreagents (·) concatenated onto their inputs. On the mechanism prediction

task (Table 3.2), this new model gets a slightly improved top-1 accuracy of 78.4% (77.8%
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before) but a similar top-5 accuracy of 94.6% (94.7% before). On the reaction product

prediction task (Table 3.3), the new model gets 87.5%, 94.4%, and 96.0% top-1, 3, and 5

accuracies (87.0%, 94.5%, and 95.9% before). The trade-off is this new model is somewhat

more complicated and requires a greater number of parameters.

Training We train everything using the Adam optimizer (Kingma and Ba, 2014) and an

initial learning rate of 0.0001, which we decay after 5 and 9 epochs by a factor of 0.1. We

train for a total of 10 epochs. For training we use reaction minibatch sizes of one, although

these can consist of multiple intermediate graphs.

B.2.2 Baselines

For the baselines in Table 3.3 we used the following implementations:

WLDN (Jin et al., 2017): We used the official implementation at:

https://github.com/wengong-jin/nips17-rexgen
We used the pre-trained model available in this online repository for the FTS com-

parison.

Seq2Seq (Schwaller et al., 2018): Unfortunately, no “official” implementation was avail-

able so we used an implementation of a sequence-to-sequence model from the

OpenNMT library (Klein et al., 2017). We matched the hyperparameters, architec-

ture details, and tokenization process to that reported in Schwaller et al. (2018), and

trained the model up from scratch.

B.3 Further experimental results

This section provides further examples of the paths predicted by our model. In Figures

B.1 and B.2 we wish to show how the model has learned chemical trends by testing it on

additional textbook reactions (see also Figure 3.5 in the main text).

https://github.com/wengong-jin/nips17-rexgen
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O

1st choice
2nd choice

example 3

Figure B.1 Predicted mechanism of our model on reactant molecules. The dark blue solid (—) arrows
show the model’s preferred mechanism, whereas lighter blue dashed (−−) arrows show the model’s
second choice. Here, the first-choice prediction is incorrect, but chemically reasonable, as the Weinreb
amide is typically used together in reactions with magnesium species. The second-choice prediction
is correct.

example 4

example 5

example 6

Figure B.2 Additional typical selectivity examples. Here, the expected product is shown on the right.
The dark blue solid (—) arrows indicate the top ranked paths from our model, the red dashed (−−)
arrows indicate other possibly competing but incorrect steps, which the model does not predict to be
of high probability. In all cases, our model predicted the correct products. In examples 5 and 6, our
model correctly recovers the regioselectivity expected in electrophilic aromatic substitutions.
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Appendix for Chapter 4

This appendix clarifies additional details that were omitted from the main text of the

chapter introducing MOLECULE CHEF (Chapter 4). In particular we include the following

sections:

Section C.1, Dataset details We provide further information on the dataset we used in

the evaluation.

Section C.2, Experimental details We provide details of the specific architectures used

in our experiments, details of the implementations we used for the baselines in the

generation section, as well as a short commentary on why we used the Molecular

Transformer as the reaction prediction component.

Section C.3, Further random walk examples We provide further examples of random

walks in the latent space of MOLECULE CHEF and describe the rationales used for

the expert labels.

Section C.4, Further experiments on retrosynthesis We provide further experiments eval-

uating the use of MOLECULE CHEF’s latent space for retrosynthesis.

C.1 Dataset details

In this section we provide further details about the molecules used in training our model

and the baselines. We also describe details of the molecules used in the retrosynthesis

experiments.

For MOLECULE CHEF’s building block vocabulary we use reactants that occur at least

15 times in the USPTO training dataset, as processed and split by Jin et al. (2017). This
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Figure C.1 Examples of molecules found in the dataset we use for training the baselines. This is
a subset of the molecules found in USPTO (Lowe, 2012). The dataset for training the baselines
consists of the building blocks that MOLECULE CHEF can select along with the associated products.
It contains complex molecules with challenging structures to learn.

dataset uses reactions collected by Lowe (2012) from the US patents. In total we have

4,344 building block molecules (possible reactants), and a training set of 34,426 unique

reactant bags for which these building blocks co-occur. Each reactant bag is associated

with a product.

We train the baselines on these building block molecules and the associated products.

This results in a dataset of approximately 37,000 unique molecules, containing a wide

variety of heavy atoms:

{ “Al”, “B”, “Br”, “C”, “Cl”, “Cr”, “Cu”, “F”, “I”, “K”, “Li”,
“Mg”, “Mn”, “N”, “Na”, “O”, “P”, “S”, “Se”, “Si”, “Sn”, “Zn” } .

Some examples of the molecules found in the dataset are shown in Figure C.1. Note

that the dataset is challenging to model, especially compared to some of the more common

benchmark datasets used elsewhere (such as ZINC, Irwin et al., 2012), due to its small

overall size and the large number of heavy atoms present.

We use examples from the USPTO test dataset when performing the retrosynthesis

experiments. However, we first filter out any reactions where the exact same reactan-
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t/product pair is also present in MOLECULE CHEF’s training data1. Then we split the

resultant dataset into two subsets. The first, which we refer to as the “reachable” dataset,

contains only reactant molecules in MOLECULE CHEF’s vocabulary of possible building

blocks. The second, which we refer to as the “unreachable” dataset, contains reactions

with at least one reactant not in the vocabulary.

C.2 Experimental details

In this section we provide specific details about the architectures of the models used

in our experiments. Further details can also be found in our code, https://github.
com/john-bradshaw/molecule-chef. Following a similar layout to Section B.2 in the

previous appendix, we also provide additional information about the implementations

of the baselines we compared against. In the final part of this section we provide further

details on why we picked the Molecular Transformer for reaction prediction.

C.2.1 Architecture and training details

Here we give a brief description of the architecture of MOLECULE CHEF used in the experi-

ments.

Computing vector embeddings of molecular graphs using graph neural networks

Both MOLECULE CHEF’s encoder and decoder networks rely on vector representations of

molecules (i.e. molecule-level embeddings) computed by a graph neural network (GNN;

§ 2.2.2). For computing the vector representations of molecular graphs we again used

Gated Graph Sequence Neural Networks (§ A.1), with the same network shared in both

the encoder and decoder. We ran four stages of message passing (i.e. L = 4) and the

node embeddings had a dimension of 101. We initialized the node embeddings with the

same atom features we used for ELECTRO, shown in Table B.1. The final molecule-level

embeddings had a dimension of 50.

Encoder MOLECULE CHEF’s encoder takes in a multiset of reactants and outputs the

parameters of a Gaussian distribution over z .

The encoder sums the vector embeddings of the molecules present in the reactant

multiset (each computed using a GNN) to get a 50 dimensional vector embedding of the

1After canonicalization and the removal of reagents, the USPTO train and test dataset has some reactions
present in both sets.

https://github.com/john-bradshaw/molecule-chef
https://github.com/john-bradshaw/molecule-chef


126 Appendix for Chapter 4

Table C.1 Parameters for the GRU used in the decoder

Parameter Value

GRU hidden size 50
GRU number of layers 2
GRU maximum number of steps 5

entire multiset. This embedding is fed through a single hidden layer NN (neural network),

with a hidden layer size of 200, to parameterize the mean and diagonal of the covariance

matrix of a 25 dimensional multivariate Gaussian distribution over z .

Decoder The decoder maps from the latent space, z , to a multiset of reactants, x , se-

lected from a vocabulary of possible building blocks. It does this through a sequential

process, selecting one reactant at a time using a gated recurrent unit (GRU; Cho et al.,

2014a) RNN (recurrent neural network). The hyperparameters used for specifying the

architecture of this GRU are shown in Table C.1. The initial hidden state of the RNN is set

using the result from a learned linear projection of z . The output of the GRU at each time

step is fed through a single hidden layer NN (with a hidden size of 128) to form an output

vector. The dot product of this output vector is formed with the HALT embedding and also

with each of the possible building blocks’ embeddings to form logits for the next reactant

output of the decoder. The embedding of the selected reactant is fed back in as input for

the RNN at the next step.

Property predictor In Section 4.2.2 of the main text we discussed how, while training

the WAE, we can also train a property predictor from the latent space to a property of

interest such as the QED score (§ 4.3.2). To this end, we used a fully connected NN (neural

network) with two hidden layers (both with a dimensionality of 40) for the QED score

property predictor. The loss from this network was added to the WAE loss when training

the model for the local optimization and retrosynthesis tasks.

Training We trained the WAE (and property predictor when applicable) for 100 epochs.

We used the Adam optimizer (Kingma and Ba, 2014), with an initial learning rate of 0.001.

We decayed the learning rate by a factor of 10 every 40 epochs.

C.2.2 Baselines

Further details of the baselines in Table 4.1 are shown below:
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CGVAE (Liu et al., 2018): We used the official implementation:

https://github.com/microsoft/constrained-graph-variational-autoencoder
We decided to include element-charge-valence triplets that occur at least 10 times

over all of the molecules in the training data. At generation time we pick one starting

node at random.

SMILES LSTM (Segler et al., 2018a) : We used the implementation available at:

https://github.com/BenevolentAI/guacamol_baselines
This implementation follows Segler et al. (2018a), which has as its alphabet a list

of all individual element symbols, plus special characters used in SMILES strings.

This differs from the alphabet used by the decoder in the Molecular Transformer

(Schwaller et al., 2019), which instead extracts “bracketed” atoms directly from the

training set using a regular expression. This means that a portion of a SMILES string

such as “[OH+]” or “[NH2-]” would be represented as a single tokenized character,

rather than as a sequence of five individual tokenized characters. Effectively, this

makes the trade-off of increasing the alphabet size (from 47 to 203 items), while re-

ducing the chance of making syntax errors or suggesting invalid charges. In practice,

we found very little qualitative or quantitative difference in the performance of the

LSTM model for the two alphabets; for sake of consistency with MOLECULE CHEF,

we report the baseline using the larger alphabet.

AAE (Kadurin et al., 2017; Polykovskiy et al., 2020): We used the implementation avail-

able at:

https://github.com/molecularsets/moses/tree/master/moses/aae

GVAE (Kusner et al., 2017): We used the official implementation available at:

https://github.com/mkusner/grammarVAE

CVAE (Gómez-Bombarelli et al., 2018): We used the version available at:

https://github.com/mkusner/grammarVAE

C.2.3 Rationale behind choosing the Molecular Transformer

In this subsection we provide a short commentary on how we ended up using the Molecu-

lar Transformer as the reaction predictor “oracle” in Chapter 4. We hope that this provides

the reader additional insight into the challenges in using/designing the models described

in this thesis, as well as pointing out fruitful possible areas for future work.

Perhaps an obvious question to ask when reading Chapter 4, is why did we not use

ELECTRO for the reaction prediction component of MOLECULE CHEF? Initially, we tried

https://github.com/microsoft/constrained-graph-variational-autoencoder
https://github.com/BenevolentAI/guacamol_baselines
https://github.com/molecularsets/moses/tree/master/moses/aae
https://github.com/mkusner/grammarVAE
https://github.com/mkusner/grammarVAE
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using it in place of the Molecular Transformer but we found that it gave worse performance.

On investigation, we found that ELECTRO would sometimes choose not to transform the

reactants at all, leaving them unchanged. This would lead to poorer novelty scores. We

hypothesize that this behavior could partly be due to ELECTRO not being able to predict

non-LEF reactions, which might be necessary to model many of the chosen reactant bags’

interactions.

We believe the current limitations of ELECTRO in this setting motivate exciting future

work. One such area is the challenge of extending ELECTRO to model non-LEF reactions,

which we previously discussed in Section 3.4.1. Another possible direction is to study the

generalizability of reaction predictors more broadly. For the most part, reaction predictors

are usually evaluated on independently and identically distributed train and test sets.

Generative models of molecules built around virtual reaction schemes provide a setting

(particularly when these models are being used for optimization) where this assumption

may no longer hold true. It would be interesting to see how the different methods for

reaction prediction compare in this setting.

C.3 Further random walk examples

In this section we provide more examples of random walks done in MOLECULE CHEF’s

latent space (see Figures C.3 and C.4). We include also a blown up version of Figure 4.5

from the main text (see Figure C.2). We also provide further details of the labeling scheme

used in Section 4.3.1.

Rationales for expert labels in Figure 4.5 in the main text (§ 4.3.1) Denoted using let-

ters for the rows and numbers for the columns. A3: unstable, enol; A5: unstable, aminal;

B2: reactive, radical; B4: unstable ring system; B5: toxic, reactive sulfur-chloride bond,

unstable ring system; B6: unstable ring system; B7: unstable ring system; B9: toxic:

thioketone.
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Figure C.2 We repeat here a larger version of Figure 4.5 to allow for easier viewing. The rationales
for the labels are (using letters for rows and numbers for columns – when viewed in landscape):
A3: unstable, enol; A5: unstable, aminal; B2: reactive, radical; B4: unstable ring system; B5: toxic,
reactive sulfur-chloride bond, unstable ring system; B6: unstable ring system; B7: unstable ring
system; B9: toxic: thioketone.
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Figure C.3 Another example random walk in latent space. See Section 4.3.1 for further details. The
rationales for the labels are (using letters for rows and numbers for columns – when viewed in
landscape): A1: unstable, gemthiolol; A7: unstable, gem-aminohydroxyl; B3: corrosive, acyl fluoride
B5: corrosive, acyl fluoride; B6: corrosive, acyl chloride; B7: corrosive, acyl chloride; B9: corrosive,
acyl bromide.
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Figure C.4 Another example random walk in latent space. See Section 4.3.1 for further details.
The rationales for the labels are (using letters for rows and numbers for columns – when viewed
in landscape): A1: toxic, explosive, hydrazine, three consecutive aliphatic nitrogen atoms; A2:
toxic, hydrazine; A3: toxic, unstable, hydrazine, hemithioacetal; A4: toxic, hydrazine; A5: unstable,
could be oxidized to 1,3,4-triazol, potentially also toxic due to N-N bond/hydrazine; A6: unstable,
three-membered ring is antiaromatic; A7: toxic, hydrazine; A8: toxic, explosive, hydrazine, three
consecutive aliphatic nitrogen atoms. B4: unstable, hemiacetal; B5-B8: unstable, unfavorable ring
systems.
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C.4 Further experiments on retrosynthesis

In this section we first provide more retrosynthesis examples before also describing an

extra experiment in which we try to assess how well the retrosynthesis pipeline is at

finding molecules with similar properties to a target molecule, even if not reconstructing

the correct reactants themselves.

C.4.1 Additional examples

Figures C.5 and C.6 show further individual examples of retrosynthesis suggestions made

by our model (see § 4.3.3).

C.4.2 ChemNet distances between products and their reconstruc-

tions

In this section we consider an additional retrosynthesis experiment to complement the

one carried out in Section 4.3.3 (see also Figure 4.10). Instead of comparing the QED score

of the product and the reconstructed product, we consider looking at the differences of the

products’ ChemNet2 embeddings. ChemNet embeddings are used when calculating the

FCD score (Preuer et al., 2018) between molecule distributions, and so hopefully capture

various properties of the molecule (Mayr et al., 2018).

In particular, we consider the Euclidean distance between the ChemNet embeddings of

the product and reconstructed product. In order to ensure MOLECULE CHEF’s latent space

is structured according to these embeddings, when learning MOLECULE CHEF for this task,

we include a NN that maps from the latent space to the space of ChemNet embeddings.

The MSE (mean squared error) loss from this network is added to the WAE loss and is

minimized during training (in a similar manner to that described in Sections 4.2.2 and

4.3.2 for the QED scores). As a baseline, we compare against the Euclidean distances

between ChemNet embeddings of randomly chosen pairs of molecules from the dataset

used to train the baseline models in the generation task.

The distributions of these Euclidean distances is shown in Figure C.7. Encouragingly,

we see that the distribution of the distance between the product and its reconstruction has

greater mass on smaller values compared to the distribution associated with the random

pairs baseline.

2Note that this network is different to Kireev (1995)’s “ChemNet” that we discussed in Box 2.2.
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Figure C.5 Further examples of the predicted reactants associated with a given product for prod-
uct molecules not in MOLECULE CHEF’s training dataset; however, with reactants belonging to
MOLECULE CHEF’s vocabulary of building blocks (i.e. “reachable” dataset).
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Figure C.7 KDE (kernel density estimate) plot showing the distribution of the Euclidean distances
between the ChemNet embeddings (Mayr et al., 2018; Preuer et al., 2018) of our product and recon-
structed product compared to randomly chosen molecule pairs.



Appendix D

Appendix for Chapter 5

This appendix clarifies additional details that were omitted from the main text of the

chapter introducing DOG-GEN (Chapter 5). In particular, following roughly the structure

of the previous appendix, we include the following sections:

Section D.1, Dataset details We provide further information on the dataset we used in

the evaluation.

Section D.2, Further model details We provide additional information about our model.

Section D.3, Synthesizability score We define the synthesizability score.

Section D.4, Experimental details We provide additional information about our experi-

mental setup, with a more detailed description of the hyperparameters used. We

also provide details of the implementations we used for the baselines in the genera-

tion task as well as a short discussion about why we used the fine-tuning approach

in the optimization tasks.

Section D.5, Additional experiments We provide additional results from the evaluation

described in the main text as well as a comparison to an older reaction-driven de

novo design algorithm. We also provide an investigation into using DOG-GEN for

synthesis planning.

D.1 Dataset details

In this section we describe how we create a dataset of synthesis DAGs, with a high-level

illustration of the process given in Figure D.1.
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The creation of our synthesis DAG dataset starts from the same processed and cleaned

version of the USPTO dataset provided by Jin et al. (2017, § 4) we have previously de-

scribed (§3.3.1)1. Similar to ELECTRO, we again filter out reagents (molecules that do not

contribute any atoms to the final product). In addition, for creating a dataset of synthesis

DAGs we also filter out multiple product reactions (97% of the dataset is already single

product reactions) using the approach of Schwaller et al. (2018, § 3.1).

This processed reaction data is then used to create a “reaction network” (Grzybowski

et al., 2009; Jacob and Lapkin, 2018; Segler and Waller, 2017a). To be more specific, we start

with the reactant building blocks specified in Chapter 4 (for MOLECULE CHEF) as initial

molecule nodes in our network. We then iterate through our list of processed reactions,

adding any reactions (and the associated product molecules) (i) that depend only on

molecule nodes that are already in our network, and (ii) where the product is not an initial

building block. This process repeats until we can no longer add any of our remaining

reactions.

This reaction network is then used to create one synthesis DAG for each molecule. To

this end, starting from each possible (non building block) molecule node in our reaction

network, we step backwards through the network until we find a subgraph of the reaction

network (without any loops) with initial nodes that are from our collection of building

blocks. When there are multiple possible routes, we pick one. This leaves us with a dataset

of 72,008 synthesis DAGs, which we use approximately 90% of as training data and split

the remainder into a validation dataset (of 3,601 synthesis DAGs) and a test dataset (of

3,599 synthesis DAGs).

The training set DAGs have an average of 4.6 nodes, with the final molecules con-

taining an average of 20.5 heavy atoms and 21.7 bonds (between heavy atoms). The

average number of actions required to construct these DAGs is 11, as each reactant often

contributes several atoms and bonds to the product.

D.2 Further model details

In this section we provide more details on our generative model for synthesis DAGs,

including pseudocode for the full generative process.

Notation We first recap the notation that we used in Chapter 5. We formally represent

the DAG,D, as a sequence of actions, withD= [V1,V2,V3, . . . ,VJ ]. Alongside this we denote

the associated action types as ⊤⊤⊤= [⊤1,⊤2,⊤3, . . . ,⊤J ]. The action type entries, ⊤ j , take

1Here though we no longer use Jin et al. (2017)’s splits.
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[CH2:15]([CH:16]([CH3:17])[CH3:18])[Mg+:19].[CH2:20]1[O:
21][CH2:22][CH2:23][CH2:24]1.[Cl-:14].
[OH:1][c:2]1[n:3][cH:4][c:5]([C:6](=[O:7])[N:8]([O:9][CH
3:10])[CH3:11])[cH:12][cH:13]1>>
[OH:1][c:2]1[n:3][cH:4][c:5]([C:6](=[O:7])[CH2:15][CH:16
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Figure D.1 An illustration of how we create a dataset of synthesis DAGs from a dataset of reactions.
We first clean up the reaction dataset by removing reagents (molecules which do not contribute
atoms to the final product) and any reactions which lead to more than one product. We then form
a modified reaction network (we do not allow loops back to building block molecules), which is a
directed graph showing how molecules are linked to others through reactions. This process starts
by adding molecule nodes corresponding to our initial building blocks. We then repeatedly iterate
through our list of reactions and gradually add reaction nodes (and their associated product nodes)
to the graph if both (i) the corresponding reaction’s reactants are a subset of the molecule nodes
already present in the graph, and (ii) the product is not a building block. Finally, for each possible
product node, we iterate back through the directed edges until we have selected a subgraph without
any loops, and where the initial nodes are members of our set of building blocks.

values in {A1,A2,A3}, corresponding to the three action types. The action type entry at

a particular step, ⊤ j , is fully defined by the actions (and action types) chosen previously

to this time j , the exact details of which we shall come back to later. Finally the set of

molecules existing in the DAG at time j are denoted (in an abuse of our notation) by M< j .
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Actions and the values that they can take We now describe the potential values that

the actions can take. These depend on the corresponding action type, and we denote

this conditioning as V
|⊤ j

j . For example, for node addition actions (i.e. ⊤ j = A1), the

possible values of V j (i.e. V |A1
j ) are either 'B' for creating a new building block node, or

'P' for a new product node. Building block actions (i.e. ⊤ j = A2) have corresponding

values V j ∈ B, which determine which building block becomes a new “leaf” node in

the DAG. Connectivity choice actions (i.e. ⊤ j = A3) have values V j ∈ M< j ∪ { ̸→I , ̸→F

}, where M< j denotes the current set of all molecules present in the DAG; selecting

one of these molecules adds an edge from it into the new product node. The symbol

̸→I is an intermediate product stop symbol, indicating that the new product node has

been connected to all its reactants (i.e. an intermediate product has been formed); the

symbol ̸→F is a final stop symbol, which triggers production of the final product and the

completion of the generative process.

As hinted at earlier, the action type, ⊤ j , is defined by the previous actions V1, . . . ,V j−1

and action types (see also Figure 5.3 in the main text). More specifically, this happens as

follows:

• If ⊤ j−1 =A1, then:

– If V j−1 = 'B', then the next action type is building block selection, ⊤ j =A2.

– If V j−1 = 'P', then the next action type is connectivity choice, ⊤ j =A3, to work

out what to connect up to the product node previously selected.

• If ⊤ j−1 =A2 , then the next action type is again node addition, ⊤ j =A1 (as you will

have selected a building block on the previous step).

• If ⊤ j−1 =A3, then:

– If V j−1 ∈M< j , then connectivity choice continues, i.e. ⊤ j =A3.

– If V j−1 ≠→I , then the next action type is to choose a new node again, i.e.

⊤ j =A1.

– If V j−1 ≠→F , the generation is finished.

Our generative process over these actions Our model is shown at a high-level in Fig-

ure D.2 (this is an expanded version of Figure 5.4 in Chapter 5), which serves to provide an

intuitive understanding of the generative process. The overall structure of the probabilistic

model is rather complex, as it depends on a series of branching conditions: we therefore

give pseudocode for the entire generative procedure in detail in Algorithm D.1. Much like
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our generative procedure for ELECTRO (Alg. 3.1), we can interpret this as a probabilistic

program; running it forward will sample from the generative process, but it can equally

well be used to evaluate the probability of a DAG, D, of interest by instead accumulating

the log probability of the sequence at each distribution encountered during the execution

of the program. As such it defines a distribution over DAG serializations.
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Algorithm D.1: Pseudocode for DOG-GEN

Input:
• Action networks for node addition, building block molecular identity, and connectivity choice:
na(·), bbmi(·), cc(·);

• Reaction predictor, Product(·);
• Context RNN, c j =GRU(c j−1,e j );
• Continuous latent variable, z ;
• Linear projection for mapping continuous latent variable to RNN’s initial hidden vector, Lin(·);
• Graph neural network, GNN (·), for computing molecule embeddings;
• Set of available (e.g. cheap, easy-to-obtain, etc.) building blocks, B, to use as possible reactants;
• Learnable embeddings for abstract actions: h'B', h'P', h ̸→I , and h ̸→F .

Result:
• Complete molecule synthesis DAG, D;
• Final product molecule, MI .

1 Initialize DAG D← [V1 = 'B'], Initialize ⊤⊤⊤← [⊤1 =A1,⊤2 =A2]
2 Initialize molecule set M ← {} and unused reactants set U ← {} ◃ Track all molecules & unused molecules.

3 c1 ← Lin(z) ◃ z initializes the first hidden state of the RNN.

4 e2 ← h'B' ◃ Initial input into RNN reflects that new node added on first step.

5 while V|D| ̸= ̸→F do ◃ Loop until stop symbol.

6 j ←|D|+1 ◃ Update action index for this iteration of the loop.

7 c j ←GRU(c j−1,e j ) ◃ Update context.

8 if ⊤ j =A1 then ◃ Node addition.

9 w ← na(c j ); B ← STACK([h'B',h'P'])
10 logits ← w B t ◃ Form logits from dot products (·t is transpose).

11 V j ∼ softmax(logits) ◃ Sample (from categorical) new node type: (a) building block or (b) product.

12 if V j = 'B' then ◃ If new building block:

13 ⊤ j+1 ←A2; e j+1 ← h'B' ◃ next time pick its identity.

14 else if V j = 'P' then ◃ If new product:

15 ⊤ j+1 ←A3; e j+1 ← h'P' ◃ next time connect it up.

16 Initialize intermediate reactant set R ← {} ◃ Will temporarily store “working” reactants.

17 stop_actions ← [h ̸→F ] ◃ You cannot stop for intermediate product until at least one reactant.

18 else if ⊤ j =A2 then ◃ Building block molecular identity.

19 w ← bbmi(c j ); B ← STACK([GNN
(
g
)

for g in B \ M ])
20 logits ← w B t

21 V j ∼ softmax(logits) ◃ Sample (from categorical) building block molecule.

22 ⊤ j+1 ←A1; e j+1 ←GNN
(
V j

)
23 M ← M ∪ {V j }; U ←U ∪ {V j }
24 else if ⊤ j =A3 then ◃ Connectivity choice.

25 w ← cc(c j ); B ← STACK([GNN
(
g
)

for g in M \ R]+ stop_actions)
26 logits ← w B t

27 V j ∼ softmax(logits) ◃ Sample from categorical: (a) molecule to connect to, or (b) to stop.

28 if V j ≠→I then ◃ Selected an intermediate product so run the reaction.

29 Mnew ←Product(R)
30 M ← M ∪ {Mnew}; U ←U ∪ {Mnew}
31 ⊤ j+1 ←A1; e j+1 ← h ̸→I ◃ Finished product so make new node again next time.

32 else if V j ∈ M then ◃ Selected an extra reactant.

33 R ← R ∪ {V j } ◃ Update reactant set.

34 U ←U \ {V j } ◃ Remove from pool of “unused” molecules.

35 ⊤ j+1 ←A3; e j+1 ←GNN
(
V j

)
◃ Continue to add edges next time around.

36 stop_actions ← [h ̸→I ,h ̸→F ] ◃ Now you can stop for both final or intermediate product.

37 Update D← [V1, . . . ,V j ]; ⊤⊤⊤← [⊤1, . . . ,⊤ j ]
38 Predict final product MI ←Product(R ∪U ) ◃ The final product considers both R and U .

39 return D, MI
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Figure D.2 This is an expanded version of Figure 5.4 in the main text showing all the actions required
to produce the example DAG for paracetamol (see also Figures 5.3 and 5.1 in Chapter 5). A shared
RNN (recurrent neural network) provides a context vector for the different action networks. Based on
this context vector, each type of action network chooses an action to take (some actions are masked
out as they are not allowed, for instance suggesting a building block already in the graph, or choosing
to make an intermediate product before choosing at least one reactant). Note that the embeddings
of the molecular graphs are computed using a GNN (graph neural network; see Section 2.2.2). The
initial hidden vector of the shared RNN is initialized using a latent vector z in our autoencoder
model DOG-AE; in DOG-GEN it is set to a constant. The state of the DAG at each stage of the
generative process is indicated in the dotted gray circles.
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D.3 Synthesizability score

The synthesizability score is defined as the geometric mean of the nearest neighbor

reaction similarities:

|R|
√∏

r∈R
κ
(
r,nn(r )

)
, (D.1)

where R is the list of reactions making up a synthesis DAG, r ∈ R are the individual

reactions in the DAG, nn(r ) is the nearest neighbor reaction in the chemical literature

in Morgan fingerprint space, and κ(·, ·) is the Tanimoto similarity, defined using Morgan

reaction fingerprints (Schneider et al., 2015a).

D.4 Experimental details

This section reports more specific details about the architectures of the models used in

the experiments (further details can also be found in our code, https://github.com/
john-bradshaw/synthesis-dags). This section follows a similar format to the equiva-

lent section in the previous appendix, first describing the hyperparameters used for the

models we proposed, before providing a summary of the implementations used for the

baselines. The section ends with a discussion on the use of the fine-tuning approach in

the optimization experiments.

D.4.1 Architecture and training details

Here we describe in turn the architecture and training details for our DOG-GEN and

DOG-AE models.

DOG-GEN (as an autoregressive model)

Forming molecule embeddings For forming molecule embeddings we used a GGNN

(Gated Graph Sequence Neural Network; § A.1). This network operated on the atom

features described in Table D.1. The GGNN was run for 5 rounds of message passing (i.e.

L = 5) to form 80 dimensional node embeddings; these node embeddings were aggregated

into a 160 dimensional molecule embedding through a linear projection and weighted

sum.

RNN For generating the context vector we used a 3 layer GRU RNN (gated recurrent

unit recurrent neural network) with 512 dimensional hidden layers. The action networks

https://github.com/john-bradshaw/synthesis-dags
https://github.com/john-bradshaw/synthesis-dags
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Table D.1 Atom features we use as input to the GGNN. These are calculated using RDKit.

Feature Description

Atom type One hot (72 possible elements in total)
Atomic number Integer
Acceptor Boolean (accepts electrons)
Donor Boolean (donates electrons)
Hybridization One hot (SP, SP2, SP3)
Part of an aromatic ring Boolean
H count Integer

used were feedforward neural networks with one hidden layer of dimension 28 and ReLU

(rectified linear unit) activation functions. For the RNN, the initial hidden vector was set

using a learned constant (i.e. this vector was initialized the same way each time, unlike

DOG-AE).

Training We trained our model for 30 epochs, as we found (using our validation dataset)

that training for longer would lead to overfitting.

Fine-tuning For property optimization (i.e. via the fine-tuning approach described in

Algorithm 5.1), we started by evaluating the score on every synthesis DAG in our training

and validation datasets; we then ran 30 stages of fine-tuning, sampling 7,000 synthesis

DAGs at each stage and updating the weights of our model by using the best 1,500 DAGs

seen at that point as a fine-tuning dataset. For both our model and the baselines, when

reporting the GuacaMol benchmark property score, we reported the score obtained by the

best individual molecule in the group.

We used Jug (Coelho, 2017), a parallelization framework, to parallelize over the Gua-

caMol optimization tasks.

Reaction predictor As described in the main text, we used the Molecular Transformer

(Schwaller et al., 2019) for reaction prediction. We used pre-trained weights; these were

obtained by training on a processed USPTO (Jin et al., 2017; Lowe, 2012) dataset without

reagents. We treated the Transformer as a black box oracle and so made no further

adjustments to its weights when training the rest of our model later.
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DOG-AE

Forming molecule embeddings The way we formed molecule embeddings for DOG-AE

was similar to the approach we used for DOG-GEN, discussed above. We again used a

GGNN, this time for 4 propagation steps, and projected the final node embeddings down

to a 50 dimensional space by using a learned linear projection. The node embeddings

were then combined to form molecule embeddings through a weighted sum. The same

GNN architecture was shared between the encoder and the decoder.

Encoder The encoder consisted of two GGNNs. The first, described above, created

molecule embeddings which were then used to initialize the node embeddings in the

synthesis DAG. The synthesis DAG node embeddings, which were 50 dimensional, were

further updated using a second GGNN. This second GGNN performed 7 stages of mes-

sage passing (i.e. L = 7), and the messages were passed forward on the DAG from the

“leaf” nodes to the final product node. Finally, the node embedding of the final product

molecule node in the DAG was passed through an additional linear projection in order to

parameterize the mean and log variance of independent Gaussian distributions over each

dimension of the latent variable.

Decoder For the decoder (i.e. the embedded DOG-GEN model) we used a 3 layer GRU

RNN (Cho et al., 2014a) to compute the context vector. The hidden layers had a dimension

of 200 and while training we used a dropout rate of 0.1. For initializing the hidden layers

of the RNN we used a linear projection of z (the parameters of which we learned). The

action networks were feedforward neural networks with one hidden layer (dimension 28)

and ReLU activation functions. For the abstract actions (such as 'B'or 'P') we learned 50

dimensional embeddings, such that these embeddings had the same dimensionality as

the molecule embeddings we computed.

Training We trained DOG-AE, with a 25 dimensional latent space, using the Adam

optimizer (Kingma and Ba, 2014), an initial learning rate of 0.001, and a batch size of

64. We used an inverse multiquadratics kernel for computing the MMD term in the WAE

objective.

DOG-AE was trained using teacher forcing for 400 epochs (each epoch took approx-

imately 7 minutes) and we multiplied the learning rate by a factor of 0.1 after 300 and

350 epochs. DoG-AE obtained a reconstruction accuracy (on our held out test set) of 65%

when greedily decoding (greedy in the sense of picking the most probable action at each

stage of decoding). If we tried instead decoding by sampling 100 times from our model
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and then sorting based on probability, we obtained a slightly improved reconstruction

accuracy of 66%.

D.4.2 Baselines

The detail of the baselines used in Table 5.1 are shown below:

CGVAE (Liu et al., 2018): We used the official implementation:

https://github.com/microsoft/constrained-graph-variational-autoencoder
We decided to include element-charge-valence triplets that occur at least 10 times

over all of the molecules in the training data. At generation time we pick one starting

node at random.

SMILES LSTM (Segler et al., 2018a): We used the implementation available at:

https://github.com/BenevolentAI/guacamol_baselines

JT-VAE (Jin et al., 2018): We used the official implementation available at:

https://github.com/wengong-jin/icml18-jtnn
We used the updated version of this code, i.e. the fast_jtnn version.

GVAE (Kusner et al., 2017): We used our own re-implementation. We used a 72 dimen-

sional latent space. We multiplied the KL term in the VAE loss by a parameter β (see

Box 4.2); this β term was then gradually annealed in during training until it reached

a final value of 0.3. We used a 3 layer GRU RNN (Cho et al., 2014a) for the decoder

with 384 dimensional hidden layers. The encoder was a 3 layer bidirectional GRU

RNN also with 384 dimensional hidden layers.

CVAE (Gómez-Bombarelli et al., 2018): We used our own implementation, using the

same hyperparameters as for our implementation of the GVAE described above.

GraphVAE (Simonovsky and Komodakis, 2018): We used our own re-implementation.

When training the GraphVAE on our datasets we excluded any molecules with

greater than 20 heavy atoms, as this procedure was found in the original paper to

give better performance when training on ZINC (Simonovsky and Komodakis, 2018,

§ 4.3). We used a 40 dimensional latent space, a GGNN (§ 2.2.2) for the encoder, and

used the max-pooling graph matching procedure (see Simonovsky and Komodakis,

2018, § 3.4) during training.

For the CVAE, GVAE, and GraphVAE baselines, we used our own implementations, as

noted above. We tuned the hyperparameters of these models on the ZINC or QM9 datasets

https://github.com/microsoft/constrained-graph-variational-autoencoder
https://github.com/BenevolentAI/guacamol_baselines
https://github.com/wengong-jin/icml18-jtnn
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so that we were able to get at least similar (and often better) results compared to those

originally reported in Kusner et al. (2017); Simonovsky and Komodakis (2018).

D.4.3 Rationale behind using the fine-tuning approach for op-

timization

In this subsection we provide a short commentary on why we ended up using the fine-

tuning technique (Alg. 5.1) for the optimization experiments in Chapter 5.

For the optimization experiments in Chapter 5, we moved away from the local opti-

mization approach used in Chapter 4 (in particular see Section 4.3.2). This is because

we found such an approach less effective for DOG-AE. In particular, we found it difficult

to train an autoencoder for molecular synthesis DAGs for which the latent space was

smooth in terms of the final molecule’s property score. To be specific, by moving a short

distance in latent space, we might change one building block in our DAG and end up

with a final molecule with very different properties, making optimization difficult (this

phenomenon was also seen with MOLECULE CHEF but to a much lesser extent – see Sec-

tion 4.3.2). In contrast, we found adapting the fine-tuning technique from Segler et al.

(2018a) empirically worked well with little setup.

We believe that discovering the best way to utilize generative models of molecules for

molecular optimization is still an open problem. In our experience, autoencoder-type

models, such as MOLECULE CHEF or DOG-AE, generally struggle with the more challeng-

ing optimization tasks of Chapter 5. Often to perform well on these tasks, we need models

to extrapolate and generate very different looking molecules, an area which autoencoders

are perhaps less well suited for. There has been some recent work looking to address this

using retraining techniques (Tripp et al., 2020), which are not too dissimilar in spirit to the

fine-tuning approach we used2. However, a challenge with fine-tuning approaches, and

indeed many current optimization techniques, is that of sample efficiency. We think this

is an interesting direction to explore in the future and discussed some ideas in this vein in

Section 5.5.2.

2Note, however, that Tripp et al. (2020)’s method also has some key differences to the fine-tuning approach
we used, such as the continuous weighting of all datapoints during retraining/fine-tuning as well as the use
of a second optimization routine.
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D.5 Additional experiments

D.5.1 Further results from the GuacaMol optimization tasks

This section provides more results from the GuacaMol optimization tasks described in

the main text (§ 5.4.2). Similar to the analysis in the main text, these have been produced

by considering the top molecules returned by each method for each task (note that we

considered only the top molecules each method returned, and we limited the number to a

maximum of 100).

Figure D.3 shows the scores of the best molecules found on each of the tasks by the

various methods, particularly distinguishing between the cases in which (i) no synthetic

route can be found, (ii) a synthetic route can be found, and (iii) a synthetic route can be

found and the found route has a synthesizability score (§ D.3) over 0.9.

Tables D.2, D.3, and D.4 provide a more detailed breakdown of the results presented

in Table 5.2 in the main text. Table D.2 shows (for each task) the fraction of the top 100

molecules proposed by each method for which a synthetic route can be found. Table D.3

shows the average synthesis score over the top 100 molecules proposed by each method

for each task. Table D.4 shows (for each task) the median number of steps required to

synthesize the top 100 molecules found by each method; here, the median has been

calculated considering only those molecules for which a synthetic route can be found.
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Figure D.3 The score of the best molecule found by the different approaches over a series of ten
GuacaMol tasks (Brown et al., 2019, § 3.2). Scores range between 0 and 1, with 1 being the best. We
also differentiate between the synthesizability of the molecules found (judged using a computer-
aided synthesis planning tool). This is shown in the figure through the use of different hatching styles
on the bars: (i) the circular hatched bar shows the score of the best molecule found (regardless of
synthesizability), (ii) the diagonally hatched bar shows the score of the best molecule found with a
synthetic route, and (iii) the solid bar shows the score of the best molecule found with a synthetic
route and a synthesizability score (§D.3) greater than or equal to 0.9. Note that later bars occlude
earlier bars. The dotted gray line for each task represents the score one obtains if picking the best
molecule in the training set.
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Table D.2 Fraction of the top 100 molecules suggested by each method for which a synthetic route
can be found.

Graph GA SMILES LSTM SMILES GA DoG-Gen

Amlodipine 0.52 0.13 0.00 1.00
Aripiprazole 0.98 0.72 0.29 0.99
Deco Hop 0.09 0.05 0.16 0.95
Osimertinib 0.27 0.09 0.00 0.67
Perindopril 0.25 0.15 0.02 0.82
Ranolazine 0.00 0.77 0.00 0.63
Scaffold Hop 0.54 0.02 0.68 0.91
Sitagliptin 0.00 0.96 0.50 0.98
Valsartan 0.85 0.87 0.89 1.00
Zaleplon 0.72 1.00 0.53 1.00

Table D.3 Average synthesizability score score (see § D.3) of the top 100 molecules suggested by each
method.

Graph GA SMILES LSTM SMILES GA DoG-Gen

Amlodipine 0.35 0.09 0.00 0.86
Aripiprazole 0.91 0.62 0.24 0.98
Deco Hop 0.07 0.04 0.12 0.74
Osimertinib 0.20 0.06 0.00 0.57
Perindopril 0.19 0.09 0.02 0.68
Ranolazine 0.00 0.69 0.00 0.55
Scaffold Hop 0.36 0.02 0.52 0.71
Sitagliptin 0.00 0.62 0.42 0.83
Valsartan 0.72 0.79 0.82 0.88
Zaleplon 0.48 0.87 0.48 0.82
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Table D.4 Table showing the median number of synthetic steps for each molecule found in the top
100 (median calculated only over synthesizable molecules). Hyphens (“-”) indicate no synthesizable
molecule was suggested in the top 100 by that method on that task.

Graph GA SMILES LSTM SMILES GA DoG-Gen

Amlodipine 7.0 6.0 - 3.5
Aripiprazole 3.0 6.0 5.0 2.0
Deco Hop 5.0 8.0 3.5 5.0
Osimertinib 8.0 9.0 - 7.0
Perindopril 7.0 11.0 6.0 7.0
Ranolazine - 7.0 - 8.0
Scaffold Hop 7.0 8.0 5.0 4.0
Sitagliptin - 7.0 3.0 3.0
Valsartan 6.0 3.0 2.0 3.0
Zaleplon 6.0 3.0 4.0 3.0

D.5.2 Retrosynthesis

Our generative model of synthesis DAGs, DOG-GEN, can be seen as a parameterizable

mapping from a vector of real numbers to a synthesis DAG. As a module it can be mixed

and matched in different ML frameworks, as we have already seen in the main thesis with,

for instance, DoG-AE. In this section we describe some preliminary results with a third

model architecture, called RetroDoG. This model consists of the composition of a GNN

with the DOG-GEN model to produce a learnable mapping from a molecular graph to a

synthesis DAG. By training this model on pairs of product molecules and their associated

synthesis DAGs, we can use this model to perform retrosynthesis (i.e. predict how a

particular product can be made). Much like the approach described in Section 4.3.3 for

MOLECULE CHEF, the model described in this section can additionally allow one to feed

in a potentially hard- or impossible-to-synthesize molecule and obtain a similar molecule

that is easy to synthesize, which is impossible to do with current planners.

In order to qualitatively assess such a model, we train RetroDoG on the same DAG

dataset described in Section D.1. At test time, we sample 200 DAGs from our model and

then sort them based on the Tanimoto similarity (using Morgan fingerprints) between the

final product molecule of the DAG and the original molecule fed into RetroDoG, before

picking the best one (note that this uses only the input data and not the true target data).

In Figures D.4 and D.5 we show the result of this on three molecules taken from the WHO

Essential Medicines List (World Health Organization, 2019). Although we do not find a

route to the exact molecule of interest, we often decode to similar final product molecules.
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In particular, we find that RetroDoG finds molecules that are often as similar (measured

again using the Tanimoto similarity between the fingerprints) as the closest molecule to

the target in our original training dataset.

We should point out, much like the work in Section 4.3.3, that we do not expect this

preliminary approach to currently be competitive with complex synthesis planning tools

such as the one proposed by Segler et al. (2018b). These complex tools work in a top-down

manner assessing many different routes. RetroDoG in contrast tries to construct the DAG

in a bottom-up manner and is not able to roll back and adjust already made choices based

on new data. Having said that, we believe such an approach as RetroDoG, or the method

described in Section 4.3.3, may be worthy of future research interest. For instance, it could

be useful in combination with more complex tools to amortize the cost of searching for

synthetic routes (see the discussion in Section 6.2.2).
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Figure D.4 RetroDoG suggested DAGs for ribavirin and epinephrine.
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target molecule RetroDoG outputclosest in train
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Figure D.5 RetroDoG suggested DAG for methotrexate.
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D.5.3 Comparison to the SYNOPSIS algorithm

In this section we compare to a re-implemented version of the SYNOPSIS algorithm as an

additional baseline (Vinkers et al., 2003). This method represents one of the first reaction-

driven de novo design algorithms (see Box 4.1) and uses a simulated annealing–based

optimization approach. The algorithm works as follows (generating ≈ 100,000 molecules

per task):

1. A pool of molecules is initialized using all of the available building blocks and

training molecules provided to the other models.

2. Three molecules are sampled from the pool according to a Boltzmann distribution:

p(Mi ) ∝ exp
(−(objmax −obj(Mi ))/Tc

)
, where Mi is the molecule being consid-

ered, obj(·) the objective function, objmax the maximum seen objective value, and

Tc the current “temperature”.

3. A reaction scheme for these molecules is randomly sampled (we use the schemes

published in Button et al., 2019; Chevillard and Kolb, 2015) and the reactions carried

out. If the reaction requires a reaction partner, up to 64 suitable building blocks

are selected (to use as reactants) by sampling uniformly from all building blocks

applicable under the reaction scheme.

4. The resulting molecules are scored and then added to both an output collection

(eventually returned) and the initial pool. The procedure then returns to step 2

and steps 2-4 are repeated until 1,000 iterations of the resulting loop have been

completed.

Table D.5 shows the results of running this re-implementation of Vinkers et al. (2003)’s

algorithm. The results show that DOG-GEN performs well in comparison to this older

reaction-driven de novo design algorithm.
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Table D.5 Score of the best molecule found by DOG-GEN and the SYNOPSIS-inspired (Vinkers et al.,
2003) discrete optimization algorithm on the GuacaMol tasks.

DOG-GEN SYNOPSIS

Amlodipine 0.80 0.63
Aripiprazole 1.00 0.87
Deco Hop 1.00 0.88
Osimertinib 0.89 0.84
Perindopril 0.70 0.55
Ranolazine 0.87 0.83
Scaffold Hop 0.67 0.54
Sitagliptin 0.55 0.43
Valsartan 1.00 0.00
Zaleplon 0.62 0.52
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