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Predictive chemistry: machine learning for reaction
deployment, reaction development, and reaction

Zhengkai Tu,1? Thijs Stuyvert® and Connor W. Coley @ *2°

The field of predictive chemistry relates to the development of models able to describe how molecules
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interact and react. It encompasses the long-standing task of computer-aided retrosynthesis, but is far

more reaching and ambitious in its goals. In this review, we summarize several areas where predictive
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Introduction

Advances in the high-throughput generation and availability of
chemical reaction data have spurred a rapidly growing interest
in the intersection of machine learning and chemical
synthesis."™ Deep learning approaches have achieved unprece-
dented accuracy and performance in a wide variety of predictive
tasks; their potential to accelerate scientific discovery is there-
fore of immense interest.>”” Here, we discuss recent advances in
the application of machine learning to synthetic chemistry,
divided in three categories (Fig. 1):
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chemistry models hold the potential to accelerate the deployment, development, and discovery of
organic reactions and advance synthetic chemistry.

(1) Reaction deployment—learning from reaction corpora to
identify trends and predict when known reactions apply to
novel substrates or combinations thereof.

(2) Reaction development—accelerating the improvement or
optimization of an existing chemical process, often in an iter-
ative setting incorporating experimental feedback.

(3) Reaction discovery—creating new knowledge through the
elucidation of reaction mechanisms or the discovery of
unprecedented synthetic methods.

Progress in these areas has benefited from a “virtuous cycle”
between chemistry and computer science experts, where the
former identify pressing domain challenges and the latter design
new computational tools to tackle them. As new algorithmic
methods are developed, intended either for chemical problems
or for the more widespread applications of image and language
processing, the scope of synthetic problems able to be addressed
by computational assistance expands. We encourage all synthetic
and computational chemists to familiarize themselves with these
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Fig. 1 Overview of the three main categories of predictive chemistry tasks discussed throughout this review: reaction deployment, develop-
ment, and discovery. It is useful to consider the extent to which each task represents an extrapolation from known reactivity to new reactivity.

applications and methods to identify (a) tools that can be directly
incorporated into their R&D workflows, (b) additional applica-
tions where similar tools may be impactful, and (c) opportunities
for developing novel algorithms.

This review will highlight progress towards building
machine learning models that support synthetic chemistry in
each of the areas of reaction deployment, development, and
discovery. The progression through these three topics is meant
to reflect an increasing degree of extrapolation from known
reactivity to new reactivity. Throughout, we emphasize the
major questions that models have been built to address, the
myriad of approaches that have been developed to help address
them, and some goals where further development is still
needed. At times, we will go into some technical depth to
describe and distinguish different models built for the same
task, but these details may not be relevant for every reader.

Preliminaries on machine learning and
molecular representation

There are numerous reviews for machine learning in chemistry
that provide an introduction to the field. Rather than explaining
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the basics of statistical learning, we instead redirect the reader
to work by Strieth-Kalthoff et al.,® Butler et al.,’ and Janet and
Kulik.® Here, we will only briefly mention a few key consider-
ations in molecular representation and algorithm design.

Supervised learning problems are typically divided into
regression and classification tasks, which seek to predict either
a continuous scalar value or a discrete category. Both types of
problems are ubiquitous in molecular machine learning and
drug discovery applications (e.g., in the form of quantitative
structure-property relationship models), but cannot describe
every task we discuss below. While the learning objective may be
to predict reaction yield, rate, enantiomeric excess, etc., some
tasks require the prediction/generation of a molecular structure;
for example, when predicting the product of a chemical reac-
tion. Nevertheless, the types of tasks we will review are
predominantly supervised learning problems wherein we try to
recapitulate the relationship between input-output pairs
derived from experiments or computational chemistry. When
describing a supervised learning problem, it is essential to be
precise about which factors should be considered part of the
input, which factors are held constant, and which confounding
factors are omitted due to missing data.

Molecular representation is perhaps the most fundamental
aspect of molecular machine learning. In order for a model to
learn the relationship between an input and an output, we must
be able to describe the input in some objective, mathematical
way. When working with reactions, we must choose how to
represent the constituent molecules and other aspects of the
reaction conditions. There has been a substantial amount of
work on the former from cheminformatics and adjacent fields.*
The first consideration one makes is whether a molecular
structure should be considered a rigid 3D object or a more
flexible structure defined as a 4D conformer ensemble or a 2D/
2.5D molecular graph. This choice is influenced by the learning
problem, i.e., whether the goal is to predict properties of an
ensemble of 3D conformers, a specific 3D conformer, or the
molecular identity. For most learning problems involving
experimental reaction data, representing the molecular identity
without restricting it to any individual conformation should be
appropriate. However, computing properties of 3D conformers
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has proven to be an effective way to featurize catalysts and
ligands for various learning problems, and 4D conformer
ensemble inputs have been demonstrated to yield excellent
results for, among others, solvation properties.****

Broadly speaking, molecular representations include struc-
ture-based fingerprints, SMILES strings,"® 2D graphs, and 3D
conformations as well as descriptor-based vector representations
using computed properties often inspired by physical organic
chemistry. Descriptors may be directly derived from molecular
structure and the two are by no means mutually exclusive.™
Each of these representations is compatible with a different set
of machine learning model architectures (see Fig. 1 of Pattanaik
and Coley" for an illustration). What is considered “machine
learning” is ambiguous; multivariate regression and PCA
arguably count, but the implicit emphasis in this article will be
on neural networks (e.g., feedforward neural networks, graph
neural networks (GNNs),'® the transformer'”) and random forest
(RF)*® models. Some components of reactions may be chal-
lenging to represent if they do not have a well-defined structure
(e.g., “air” as a reagent) or if they involve non-covalent bonds
that are poorly described by SMILES strings or molecular graphs
(e.g., many organometallic complexes, including metallocenes).
There is little standardization in, i.e., no uniformly applied
approach toward, how categorical reaction conditions are rep-
resented as inputs to machine learning models.

Reaction deployment goals

Reaction deployment involves the widespread task of retro-
synthetic planning wherein new synthetic routes are proposed
based on an algorithmic or statistical analysis of reaction data.
These techniques do not aim to develop what a synthetic
chemist would consider a “new reaction” (i.e., a new method),
but nevertheless may make predictions on new substrates via
interpolation within reaction space. In addition to retro-
synthetic planning, here we intend for it to also include the
forward task of reaction outcome prediction, as well as other
tasks to support information retrieval like classification and
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mapping (Fig. 2). Retrosynthesis and reaction prediction are
both molecule-to-molecule transformations, but their
approaches and evaluation diverge due to the one-to-many
nature of retrosynthetic prediction and the lack of a single
correct answer for model training and evaluation. Reaction
prediction, generally simplified as major product prediction by
recent works, is also arguably easier as we typically have all the
heavy atoms in the reactant input, in contrast to retrosynthesis
where atoms in the leaving groups have to be inferred.

One-step retrosynthetic prediction

Models for one-step retrosynthesis aim to predict the “correct”
reaction precursor(s) given the product molecule. Because there
are many starting materials that could produce the target of
interest, evaluation has focused on models' abilities to reca-
pitulate experimentally-reported reactants within the highest
ranked k options. The top-k accuracy (%) on the USPTO-50k
dataset,” a subset with approximately 50 thousand atom-
mapped reactions mined from the US Patent and Trademark
Office®® has emerged as a common (small) benchmark for
comparison despite this underspecification; larger datasets of
ca. 1 M from the USPTO have also been used (several versions of
“USPTO-full”). Alternate metrics to top-k accuracy such as
accuracy for the largest fragment® and round-trip accuracy
evaluated by a separate forward predictor®* have been proposed,
and have since been used occasionally in parallel to top-k
accuracy. The field has sometimes reported results when the
reaction type-or class-is known and provided as part of the
input, but this artificial setting has been decreasing in popu-
larity. Some approaches have been evaluated on commercial
(e.g., Reaxys,>® CAS,** Pistachio®) or in-house data (e.g., electric
laboratory notebook (ELN) data from AstraZeneca®® or Pfizer*),
but results are also reproduced on USPTO-50k for most
approaches.

Depending on whether these one-step models make use of
reaction templates, which are reaction rules most commonly
encoded using SMARTS patterns,*® they can be broadly catego-
rized into template-based and template-free approaches; the

Reaction classification

Fig. 2 Overview of five key reaction deployment tasks. Reaction outcome prediction aims to predict the major product given the reactants.
One-step retrosynthesis is the reverse task of proposing reaction precursors for new targets. The one-step models are called at each step of
multi-step planning, which aims to propose synthesis routes that end in commercially/experimentally accessible building blocks. Atom mapping
aligns the atoms on both sides of a reaction, and reaction classification maps reactions into distinct (human-interpretable) classes, both of which

are complementary to the core synthesis planning workflow.
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latter can be further divided into graph-edit based and
translation-based formulations.

Template-based approaches. Each template defines
substructural patterns of reactants and products that codify, at
least in a crude manner, a “rule of chemistry”. Reaction
templates can be applied to product molecules to generate the
corresponding reactants with the help of cheminformatics
software such as RDKit.>® These templates can either be defined
by expert chemists or algorithmically extracted from atom-
mapped reactions,**® possibly using extraction tools such as
RDChiral.** Expert-defined templates have had use in retro-
synthetic programs for decades and still form the knowledge
bases of expert programs like Synthia;** typically, in expert
programs, templates are applied exhaustively and do not rely on
models to downselect the most strategic templates.

The most basic data-driven template-based methods adopt
a multi-way classification formulation to select the template
that was extracted for the experimentally-recorded reaction
given the product molecule structure. For example, NeuralSym?>
uses extended connectivity (EC) fingerprints®*® of product
molecules as the input into a neural network which is trained to
maximize the probability of the extracted template. Perfor-
mance gains have been made possible with additional tech-
niques like pretraining,* refining template definition,*”
clustering,* or using additional features.*® Most notably, the
state-of-the-art template-based method LocalRetro*® divides
generic reaction templates into atom-change, bond-change and
multiple-change templates, and trains three different classifiers
accordingly.

Apart from the classification formulation, it is also possible
to model one-step retrosynthesis as a retrieval or ranking
problem. RetroSim® retrieves the existing molecules that are
most similar to given targets, and returns the associated
templates as the results. MHNreact,” on the other hand,
encodes the template as well and trains a neural model to
retrieve the most applicable templates for new molecules
directly.

Template-free graph-edit based approaches. Despite
attempts to refine template definition for retrosynthesis, there
is always an intrinsic tradeoff between the generalizability and
the specificity of templates. If the templates are defined too
generally, they may not be able to capture sufficient information
about chemical environments surrounding the reaction centers,
and so the template may be used to propose disconnections that
are not chemically feasible; if they are too specific, we may end
up with an excessive number of templates each with few
occurrences, making it harder to learn when its application
would be synthetically strategic. Template-free approaches help
mitigate this limitation. The first class of template-free methods
are based on graph edits, modelling one-step retrosynthesis as
a sequence of graph modifications that convert the target
molecular graph into the reactant graphs. As most representa-
tive of such a formulation for retrosynthesis, MEGAN*' first
determines a ground-truth order of actions (addition, deletion
or modification of atoms and bonds) using some heuristic
priority rules, after which a graph encoder-decoder is trained to

© 2023 The Author(s). Published by the Royal Society of Chemistry
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predict the actions given the molecular graphs of the target or of
the intermediates.

As variants of graph-edit based approaches, semi-template
based methods that mimic the synthon approach to retrosyn-
thesis have recently gained popularity. They first break the
target into synthons (i.e., hypothetical reaction intermediates),
followed by a second stage to recover the reactants from pre-
dicted synthons. The reactant recovery process have been
modelled as leaving group selection,** graph generation** and
sequence generation**** conditioned on predicted synthons. In
a similar way to template-based LocalRetro, G*Retro* later
refines the reaction centers to be bond-forming, bond-changing
and atom-changing centers to enhance performance.

Template-free translation-based approaches. Graph-edit
based approaches generally require atom-mapping to
compute ground-truth graph edit(s), which complicates their
application to large, potentially messy datasets (e.g., ones
missing some reagents or with ambiguous stoichiometry). This
makes translation-based methods, the other category of
template-free approaches, more attractive in certain scenarios.
By modeling one-step retrosynthesis as a SMILES-to-SMILES
machine translation problem, they normally do not need
atom-mapping. The single-stage, end-to-end formulation also
makes these models practically easier to train, even more so
because they leverage sophisticated techniques from the
domain of Natural Language Processing (NLP).

Translation-based baselines*' typically make wuse of
sequence models including Recurrent Neural Networks (RNN)
and the Transformers."” The product SMILES string is first
tokenized either character-by-character or with a regex token-
izer® to, for example, keep four characters defining a chlorine
atom “[Cl]” together as a single token. The sequence encoder
learns to encode the tokens into some intermediate embed-
dings so that the decoder can autoregressively decode the
reactant SMILES strings. Alternate molecular
representations®>* have been explored, and so have model
architectures that use chemistry-relevant information of the
target molecular graph.”**** A number of translation-based
approaches also directly borrow existing techniques from the
NLP domain for performance improvement.”>***-%* Among the
many performance engineering techniques is SMILES
augmentation, which takes advantage of the fact that many
different SMILES strings may describe the same molecular
graph.64’55

Reranking, transfer learning and retrieval-based methods.
Regardless of the one-step model used, the highest-ranked
proposed precursors can always be corrected and/or reranked
to yield better suggestions. Correction can be as simple as
filtering out invalid SMILES,**** or with a separately trained
neural syntax corrector to convert invalid SMILES into valid
ones.* As a more universal approach, Sun et al.*® and Lin et al.*’
both train reranking models via contrastive learning, using the
primary model predictions as hard negatives (decoys) that must
be distinguish from the recorded ground-truth reactants.

There are also transfer learning approaches and retrieval-
based approaches that are unfair to be compared with other
approaches, but may nevertheless be relevant in some cases. For
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transfer learning, supervised pretraining with larger reaction
databases may boost the model performance when transferred
onto smaller datasets,*®* although the performance gain when
the model is given more reaction data is largely unsurprising.
Similarly, some retrieval-based approaches to retrosynthesis
make the prediction task easier by only retrieving from a pre-
determined set of molecules.””* This may, however, signifi-
cantly limit the generalizability of the model since it assumes
that a small collection of molecules includes every structure
that could be used as a reactant.

Multi-step retrosynthetic planning

Retrosynthetic planning for new targets of interest aims to
propose full synthetic pathways, rather than merely the single-
step transformations discussed so far. Single-step models can
be applied recursively to the target product until we find the
route(s) in which all building blocks are available (e.g., present
in some buyable database) or some termination criteria are
satisfied (e.g., maximal path length or search time). The
extremely large search spaces of molecules and of reactions,
however, render exhaustive search inefficient if at all possible.
The number of candidate precursors to consider grows expo-
nentially with increasing number of reaction steps as one
proposes disconnection after disconnection. It is preferable and
necessary to actively guide the search in the most promising
directions.

The multi-step planning problem fits well into a general
search framework with three phases, namely, selection, expan-
sion, and update (Fig. 3). A synthesis pathway is first repre-
sented as a tree (or more generally a graph), with molecules and/
or reactions being the nodes. In each search iteration, a selection
policy is employed to find the most promising node(s) to expand
(i.e., the most promising molecule(s) to propose reactants for),
which can either be based on heuristics or some value function
of the node. This selection process is not too different from that
in latest expert systems such as Synthia, which makes use of
heuristically defined cost functions, possibly based on the
structural complexity of a molecule.** An expansion policy is then
used to expand the selected node, for example, by applying

Select the most
_promising node
via selection policy
-or- user interaction

Expand the node
via expansion policy

@ molecule node
M reaction node

Discard improbable
reactions with
filter or reranker
-or- user interaction

Update all values
( along the pathway

Fig. 3 A sample iteration of multi-step planning, which takes
a partially-expanded synthetic tree and chooses one chemical node to
expand further.
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a pretrained one-step retrosynthesis model. Relevant values
along the path are then updated for use in future iterations.
Multi-step planning has sometimes been viewed as a single-
player or two-player game, which may have inspired the appli-
cations of Monte Carlo Tree Search (MCTS)”* and Proof Number
Search (PNS),”® both of which have been used for solving games
in other contexts.

One fundamental challenge of multi-step planning is with
the evaluation of proposed pathways. Assessing whether
a synthetic route is “good” is highly subjective even for expert
chemists.” Unlike in one-step retrosynthesis where the top-k
accuracy has been widely adopted as a standard metric (with
known limitations), multi-step planning has few objective
measures. Human evaluation with double-blind comparison
between proposed and reported routes’ can be valuable, but is
laborious and not scalable to large numbers of pathways. Some
computable metrics that have been used include the success
rate of finding viable pathways at different iteration limits, the
average number of iterations for finding them, and the number
of node visits, all on benchmark datasets again curated from
USPTO (e.g., on a test set of 190 target molecules’). While these
metrics serve as basis for comparison, they are heavily oriented
towards search efficiency rather than the quality and chemical
feasibility of proposed routes. Various metrics have been
proposed for quantifying route quality, including route
length,”®”” average complexity of molecules in the route,”® and
tree edit distance (TED)™ to a reference route.® They are still far
from perfect, and a consensus on evaluation has yet to be
reached for the field. Because it is not possible to assess whether
a proposed reaction would succeed with perfect accuracy (see
later discussions of product prediction), we do not expect that
compelling quantitative evaluations will arise in the foreseeable
future.

Monte Carlo tree search (MCTS) for multi-step planning. As
one of the most well-known approaches, Segler et al.” were the
first to combine a neural one-step model with MCTS. Every
search step selects the best unexpanded node, expands the node
with a template-based one-step model, and updates the scores
along the synthesis pathway. The selection policy is formulated
to achieve a balance between exploitation (i.e., highest scoring
nodes) and exploration (i.e., unvisited nodes), with a variant of
the Upper Confidence bound applied to Trees (UCT)** used in
AlphaGO.* The selected node is then expanded with the one-
step model, and only probable transformations are kept after
filtering with a separately trained in-scope filter—a binary clas-
sification model meant to quickly check whether a reaction
looks reasonable or not. As a distinct phase of MCTS, any new
molecule generated during expansion will immediately be
evaluated with a rollout, where a similar but more lightweight
one-step model is iteratively applied to the new molecule.
Depending on whether solutions (i.e., pathways with buyable
building blocks) are found, reward values will be assigned to the
molecules, which are subsequently used for the update phase.

The MCTS approach and variants thereof have been imple-
mented by ASKCOS* and AiZynthFinder.** Most notably, ASK-
COS parallelizes the tree search in the original release, and
augments the in-scope filter with a condition recommender and

© 2023 The Author(s). Published by the Royal Society of Chemistry
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a forward predictor (discussed later); AiZynthFinder uses the
same one-step model for expansion and rollout, trading effi-
ciency during rollout for better quality of reward estimation.

Improvement of the search algorithm and structure. Other
multi-step planning works can generally be viewed as replacing
or improving various components under the general search
framework. Some explore alternative search structures and/or
algorithms such as AND-OR search and PNS, whereas others
focus on improving the selection policy and rarely, the expan-
sion policy.”> We will first review different search algorithms
and/or structures, which are somewhat agnostic to the selection
policy.

While the search tree can be easily modified to allow for node
sharing (thereby turning it into a multi-tree as in ASKCOS or
a hyper-graph as in Schwaller et al.??), quite a few recent works
use AND-OR trees’®””*>% instead, whose early application to
synthesis planning dates back to the pre deep-learning era.*”
The AND-OR formulation enables alternative search algorithms
to MCTS, such as Proof Number Search (PNS) to be used. We refer
the reader to Heifets and Jurisica®” for details on how the proof/
disproof numbers are defined for reactions (AND nodes) and
molecules (OR nodes). Briefly, each reaction is represented as
an AND node, whose state is true only if all of its successor
nodes (which can only possibly be molecule nodes) are true.
Each molecule is represented as an OR node, whose state is true
if any of its successor nodes (which can only be reaction nodes)
is true. The selection phase in PNS picks the OR node with the
smallest proof number, or the AND node with the smallest
disproof number. The expansion phase applies a one-step
model similarly as in MCTS, and the update phase then
updates proof and disproof numbers along the pathways, which
in some cases may be generalized to depend on the value
functions.”

Kishimoto et al.”” were the first to combine a template-based
single-step model with PNS, which outperforms MCTS after
incorporating heuristic scores based on reaction probabilities
into the proof numbers of OR nodes. The performance was
significantly improved later in Retro*,”® which reformulates the
search as a single-player game by combining proof and disproof
numbers into a redefined reaction number using an additional
neural network value function estimator.

Improvement of the selection policy. The selection policy is
a crucial component of the overall search, as it determines
which precursors to pursue further. The UCT formula in MCTS
can be easily modified, for example, by including a “dynamic c¢”
parameter to dynamically force the exploration of nodes ranked
low by the one-step model.*® Another common strategy is to
better estimate the value function for any node without the
expensive rollout. Injection of chemical heuristics in selection
can be as simple as using a combination of reaction likelihood
and complexity assessment score like SCScore,* as was done in
Schwaller et al** Similarly, ReTReK*® defines four heuristic
scores to guide MCTS towards convergent synthesis, ring-
forming reactions, and reactants with fewer reaction centers,
harkening back to the early days of formalizing retrosynthesis
where “x-oriented” (starting material-, stereochemistry-,
topology-, etc.) strategies were proposed.®*>

© 2023 The Author(s). Published by the Royal Society of Chemistry
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While heuristic scores are generally cheap to compute, they
do not take advantage of any data on known synthetic routes
extracted from the literature. Retro*”® is among the first to
utilize a learning-based value function estimator with a surro-
gate model. It starts by constructing routes for targets in the
training set using existing reaction data in USPTO, after which
the value (i.e., the best entire route cost) for any target can be
computed. A simple neural model is then trained to predict this
value from structure, while maintaining preference for reac-
tions within the routes over other reactions proposed by the
one-step model. The ability of a model to navigate the search
can be further refined with online learning, possibly in an
iterative manner, with new training data generated from
running the search.*®**** In this way, the model will get better at
recognizing which intermediates are “most promising” and
likely to connect back to buyable starting materials. Most
recently, RetroGraph® proposed to use a GNN on the search tree
itself to parameterize the value function and learn which
molecules to expand further, bringing its results to the state-of-
the-art in terms of search efficiency on USPTO benchmarks with
a few hundred test molecules.

Enumeratio