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1 | INTRODUCTION

Venkat Venkatasubramanian

Abstract

Discovering and designing novel materials is a challenging problem as it often
requires searching through a combinatorially large space of potential candidates, typi-
cally requiring great amounts of effort, time, expertise, and money. The ability to pre-
dict reaction outcomes without performing extensive experiments is, therefore,
important. Toward that goal, we report an approach that uses context-free grammar-
based representations of molecules in a neural machine translation framework. This
involves discovering the transformations from the source sequence (comprising the
reactants and agents) to the target sequence (comprising the major product) in the
reaction. The grammar ontology-based representation hierarchically incorporates rich
molecular-structure information, ensures syntactic validity of predictions, and over-
comes over-parameterization in complex machine learning architectures. We achieve
an accuracy of 80.1% (86.3% top-2 accuracy) and 99% syntactic validity of predic-
tions on a standard reaction dataset. Moreover, our model is characterized by only a

fraction of the number of training parameters used in other similar works in this area.
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discovering new materials®1° including reaction catalysts,

13,14

1112 energy

and drug-like molecules,*® and predicting
16,17

storage chemicals

With the recent advances in machine learning algorithms complemen-
ted with significant improvements in computational capabilities—
availability of better hardware, faster processing, and cheaper
memory—the area of computational chemistry is seeing applications
that leverage machine learning models. Some of these methods have
proven to be extremely successful, thanks to the inherent efficiency
of machine learning models in capturing the complex, non-linear
dependencies between various factors that govern reactions systems.
Machine learning architectures with their proficiency in modeling vari-
ous probabilistic scenarios subject to certain conditions are therefore
well-suited for such applications.

Some of the applications of machine learning methods in the area
of computational chemistry include retrosynthetic analysis of chemical

reactions," molecular structure and property optimization,>”

suitable conditions for and discovery of chemical reactions.
Modeling of complex chemical reactions (predominantly organic) with
the objective of predicting their outcomes is one such area that has
shown significant promise of data-driven machine learning
approaches in recent years and is the focus of our work.

The problem of predicting chemical reaction outcomes could
either be formulated as a hybrid modeling problem that uses reactions
templates (submolecular patterns that encode changes in atom con-
nectivity) coupled with machine learning models or as a primarily
data-driven approach using complex, end-to-end machine learning
architectures that encode the reactions, discover transformations, and
predict the outcomes with little or no explicit incorporation of prior
chemistry knowledge. Several studies have demonstrated the reaction

templates-based approach. For example, Segler and Waller'® use
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knowledge graphs for representing chemical reactions and formulate
the reaction prediction task as a search for missing links in the graph.
Coley et al.x? proposed using forward reaction templates to generate
a set of plausible products followed by a neural network architecture
that performs classification for determining the major product. Wei

et al.?®

used a graph-convolutional neural network (CNN) approach
for predicting reaction types followed by the application of reaction
templates to predict products.

On the other hand, examples of contributions from largely data-
driven methods include a two-stage approach?* that models interactions
between molecular orbitals to generate candidates as the first stage
followed by the ranking of the candidates to identify the most productive
reaction during the second stage; representing reactants pool as an attrib-
uted graph and using a graph CNN approach for generating likelihood

t22: and Weisfeiler-Lehman

scores to identify the most likely produc
Networks-based method for scoring candidate molecules by modeling
high-order interactions between changes occurring in a molecule.?®

A subclass of methods falling under this category is sequence-to-
sequence (seq2seq) models, more commonly seen in the area of natural
language processing. The studies using seq2seq models include Nam
and Kim?2* that formulated the reaction prediction task as a translation
problem modeled using gated-recurrent units based architecture; an
encoder-decoder framework based on the recurrent neural networks
(RNN) architecture using long short-term memory (LSTM)?°; a similar
encoder-decoder architecture for retrosynthetic reaction prediction
was used in Liu et al.?% and more recently Schwaller et al.?” demon-
strated the use of the transformer architecture?® for reaction prediction
and is claimed to outperform all known algorithms in the reaction pre-
diction literature. The proposed approach in our work is based on the
seg2seq class of methods for reaction prediction.

An important aspect of using machine learning methods is the
representation of the input and the target features in the model archi-
tecture, ensuring that the features are information-rich and have pre-
dictive signatures unique to the problem under consideration. Past
work in the area of seq2seq models-based reaction prediction have
used character-based representations of molecules such as the simpli-
fied molecular-input line-entry system (or SMILES) representation.?’
A more structured way of representing molecules is by using a formal-
grammar underlying the SMILES representation, akin to context-free
grammar (CFG) in natural language processing.%° Recently, Kusner
et al.** has demonstrated the use of a grammar-based representation
in the context of a Bayesian framework for single-molecule property
optimization while searching for drug-like molecules. Such a represen-
tation leverages the formal structure underlying representations such
as SMILES and offers several advantages that we highlight in our
work. This representation is analogous to the ontology-centric frame-
works that are known to be semantically rich and efficiently describe
the semantics of the information sources. Ontologies®? have been
around for quite some time across various engineering domains
including process engineering,®® pharmaceutical engineering,343>
materials science,®® and molecular engineering.3” The individual
SMILES tokens representing the molecules are constituents of the

ontology whereas the grammar-rules describe the relationships

between these concepts and hence, the underlying SMILES grammar
could be exploited as an ontology for molecular representation.

In this paper, we propose the use of such grammar ontology-based
molecular representations for predicting the outcomes of chemical
reactions in a neural machine translation framework. To the best of our
knowledge, such representations have not been used in the context of
reaction prediction involving interactions between multiple molecules—
reactants, agents (reagents and catalysts), and products. We highlight
certain benefits inherent to such representations and propose an
approach for leveraging this in the reaction prediction framework. Our
approach is based on using the transformer architecture for modeling
chemical reactions as natural language translation tasks, albeit using a
grammar-based framework. The proposed approach, Grammar
Ontology-based Prediction of Reaction Outcomes (GO-PRO) extends
to any sequence modeling problem, in general, with the existence of an
underlying formal-grammar as a precondition that serves as an ontology
for knowledge representation in this framework.

The rest of the paper is organized as follows: In Section 2, we pro-
vide a formal description of the problem, objectives, and the machine
translation framework that we work with. In Section 3.1, we formally
describe a CFG and the SMILES grammar that is used in our work and
in Section 3.2, we present the various aspects of the transformer
architecture that we use for the sequence modeling task. We summa-
rize the standard datasets used for validation of the proposed
approach in Section 4. The main contribution of this work, the GO-
PRO framework, is described in detail in Section 5 with descriptions
on the necessary preprocessing steps, reaction encoding strategy, and
the model architecture and training. In Section 6, we present results
on standard datasets along with comparisons with other works
highlighting the advantages and limitations of our approach. Finally, a
summary of the useful contributions of this work appear in Section 7.

2 | PROBLEM FORMULATION AND
OBJECTIVES

Given a set of reactants and the agents facilitating the chemical reac-
tion, our objective is to predict the most likely major product of the
reaction. We formulate this as a machine translation problem where
the input sequences comprising the reactants and agents correspond
to the source sentence and the output comprising the major product
of the reaction corresponds to the target sentence (from a different
language). The sentence analogues in this translation task are the set
of SMILES strings whereas the characters in each SMILES string are
their word analogues as in a natural language sentence. We exploit
this analogy between chemical reaction transformations and natural
language translation for predicting reaction outcomes.

The SMILES strings, however, are comprised of arbitrary charac-
ters that do not provide chemical or structural information crucial for
modeling reaction chemistry systems. We therefore use a SMILES
grammar, analogous to CFGs in natural language,*® in order to incor-
porate structural information for each molecule in our reaction predic-

tion framework in a hierarchical manner. The sequence of grammar
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FIGURE 1

rules corresponding to each SMILES string therefore becomes their
representation in this framework as shown in Figure 1.

An important contribution of this work is to represent the mole-
cules using a formal SMILES-grammar as proposed in Kusner et al3t
but extended to the reaction prediction framework involving multiple
reactants, agents, and product molecules. This ontological representa-
tion has several advantages such as explicit incorporation of chemical
structure, reduction of strain on the model by letting it discover the
transformations in a chemical reaction directly without a need to
model the relationships between arbitrary characters, overcoming
overfitting in neural machine translation models often characterized
by a large number of parameters, and increased likelihood of

predicting molecules with valid SMILES representations.

3 | METHODS

In this section, we describe the concepts of CFG both in the context
of natural language processing used to describe the relationships
between different parts of a natural language sentence and in the
context of chemistry for SMILES representation of molecules,
followed by a brief description of the transformer architecture that
we use for performing sequence modeling.

3.1 | Formal grammar

Formal grammars have been the backbone of various language model-
ing tasks such as semantic interpretation of natural language, dialogue
understanding, and machine translation. They are largely based on the
idea that group of words belong to the same constituent units and
that different constituents could be hierarchically grouped together to

convey the given meaning.%®

3.1.1 | Context-free grammar

The most widely used formal grammar is the CFG and was formalized

in Chomsky.>® A CFG consists of a set of productions (or rules) that

/
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Target sequence
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Modeling a chemical reaction prediction task as a machine translation problem [Color figure can be viewed at wileyonlinelibrary.com]

express the way in which different words or symbols, comprising the
lexicon in the language, can be grouped and ordered together. The
symbols used in a CFG are grouped into two classes—symbols that
correspond to the actual words with meaning in the language, called
terminals, and the symbols that represent abstraction over a group of
words and are used to represent a class of words or phrases in the
language (terminals), called non-terminals.

Formally, a CFG G is represented by four parameters—N, %, R, S

where

e N: a set of non-terminal symbols

e 3: aset of terminal symbols

e R: a set of production or rules of the form A — g, where A is non-
terminal and g is a string of symbols from the set (X U N)-

e S:adesignated start symbol and a member of N

Typical English grammar rules comprise sentence level construc-
tions (S — NP VP, S — VP), the noun phrase (Det — NP), the verb
phrase (VP — Verb, VP — Verb NP) and so on, where S, NP, VP, Det,
and Verb are the sentence symbol, noun phrase, verb phrase, deter-
miner, and verb, respectively.

A CFG can be thought of as a generator that could be used to
generated sentences in a language by sequential application of pro-
ductions, or as a tool for assigning structure to a given sentence.*®
In our work, we primarily focus on this latter aspect of CFGs and
use them to incorporate structural information from a SMILES

string.

3.1.2 | Grammar for SMILES

Analogous to the CFG for the English language, there exists a formal
grammar for the string-based molecular representations used in chem-
istry such as the most commonly used representation—SMILES.?? As
described in the foregoing section, the set of productions (or rules),
non-terminals, terminals, and a designated start symbol are the essen-
tial components of a CFG. These components for the SMILES repre-
sentations are presented in the website: http://opensmiles.org/spec/

open-smiles-2-grammar.html, that could be applied sequentially to
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generate the grammar-based parse tree representing the constituency
of various components in a given SMILES string.

For instance, consider the simplified grammar in Table 1. Analo-
gous to the notation for CFG introduced in the Section 3.1.1, the fol-

lowing are their equivalents in this grammar.

e N: {SMILES, CHAIN, BRANCHED ATOM, BOND, ATOM, RIN-
GBOND, BB, RB, BRANCH, AROMATIC ORGANIC, ALIPHATIC
ORGANIC, DIGIT}

e %{(,),=,¢c,C,0,1, 2}

e R: productions (rules) 1 through 20 in Table 1

e S:SMILES

In order to motivate the grammar representations proposed in
our framework, we consider methyl ethylene (propene) and cyclopro-
pane with SMILES string representations as CC=C and C1CC1, respec-
tively. The parse tree structures corresponding to the two strings are
as in Figures 2 and 3, respectively. The grammar representation for
each of these molecules correspond to the sequence of production
rules extracted when these structures are parsed in a bottom-up left-
corner strategy as highlighted in their respective schematics.

Consider the parse tree for propene given in Figure 2. This parse
tree contains information about the various chemistry aspects of the
given molecule. For instance, it contains information such as the num-
ber of aromatic carbon atoms, the presence of a ring-structure, the
alternating double bonds in the ring, the presence of an aliphatic

TABLE 1 Representative SMILES grammar
S. No Production rules
1 SMILES — CHAIN
2 CHAIN — CHAIN BRANCHED ATOM
3 CHAIN — CHAIN BOND BRANCHED ATOM
4 CHAIN — BRANCHED ATOM
5 BRANCHED ATOM — ATOM RINGBOND
6 BRANCHED ATOM — ATOM
7 BRANCHED ATOM — ATOM BB
8 BRANCHED ATOM — ATOM RB
9 BB — BRANCH
10 RB — RINGBOND
11 BRANCH — (CHAIN)
12 RINGBOND — DIGIT
13 BOND — =
14 ATOM — AROMATIC ORGANIC
15 ATOM — ALIPHATIC ORGANIC
16 AROMATIC ORGANIC — ¢
17 ALIPHATIC ORGANIC — C
18 ALIPHATIC ORGANIC — O
19 DIGIT — 1
20 DIGIT — 2

Abbreviation: SMILES, simplified molecular-input line-entry system.

oxygen atom, and finally the active hydrogen atom attached to the
oxygen atom. Moreover, this information is represented in a hierarchi-
cal manner, with the broadest class of rules at the top and increasingly
more specific ones toward the bottom of the parse-tree. We encode
the parse-tree structure in Figure 2 using the sequence of productions
used to generate the given structure as the sentence analogue in our
language model with the individual rule indices as the equivalent word
analogues.

Contrasting such a grammar-based representation with a purely
string-based representation that treats each of the tokens comprising
the SMILES string (“C”, “C”, “=”, “C”) as independent entities, the dif-
ferences between the two are evident. A model trained on a purely
character or string-based representation would require the model to
first understand the structural relationships between the different
tokens comprising the SMILES string (which is not a trivial task for
any neural language model architecture) and only then model the

transformations between the reaction space and the product space.

Remark 1. Although the grammatical validity of a SMILES string does
not necessarily mean that the corresponding compound is
chemically feasibly, it is a step closer toward ensuring

synthesizable molecules are predicted as the output.

Remark 2. In contrast to the English language, the proposed SMILES-
grammar based molecular representation does not suffer from
ambiguity with respect to its constituency parsing structure
since a given (canonicalized) SMILES string cannot correspond
to two completely different molecules under different

contexts.

3.2 | Transformers
The transformer architecture was proposed recently in Vaswani
et al.?® for machine translation tasks and comprises an encoder-
decoder architecture that is more parallelizable and superior to other
seg2seq architectures. Transformers replaced the complex recurrent
(or convolutional) neural network layers with simpler attention based
mechanisms proposed in Bahdanau et al.3’ combined with positional
embedding for encoding sequential information. An overview of the
transformer architecture as proposed in Vaswani et al.?® is presented
in Figure 4.

In the following sections, we briefly describe the concepts of the
encoder-decoder architecture, positional encoding, and the attention-

mechanism that comprise the building blocks of a transformer.

3.21 | Encoder-decoder architecture

The transformer architecture primarily consists of an encoder-
decoder structure, wherein the encoder maps an input sequence X,
Xo, ..., Xn to a continuous latent-space representation z4, z5, ..., Z.

Given z, the decoder generates the output sequence yi, Yo, ..., Yn
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FIGURE 2 The parse-tree
obtained for propene with the
simplified molecular-input line-
entry system (SMILES)
representation as CC=C using the
representative grammar in

Table 1. The sequence of
production rule indices obtained
while parsing the above tree
corresponds to the grammar

SMILES
(rule 1)

|
CHAIN

(rule 3)

BOND *

representation and is given as CHAIN E 3 BRANCHED_ATOM
1,3,2,4,6,15,17, 6,15, 17, 13, (rule2) - (rule 13) ; + (rule 6)
6,15, 17 [Color figure can be l ATL)M
viewed at wileyonlinelibrary.com] A (rule 15)
CHAIN BRANCHED_A.'[‘OM |
(rule 4) (rule 6) ALIPHATIC_ORGANIC
. | (rule 17)
BRANCHED_ATOM ATOM : |
* (rule 6) (rule 15) : C
| |
ATOM ALIPHATIC_ORGANIC
+ (rule 15) (rule 17) :
: |
ALIPHATIC_ORGANIC ¢ C ‘,-'
(rule 17)
[
C
FIGURE 3 Another SMILES
motivating example representing (”‘Ir 1)
the parse-tree struc.ture. obt.a\{ned CHAIN
for cyclopropane with simplified (rule 2)

molecular-input line-entry system
(SMILES) representation as
C1CC1. The equivalent grammar
representation is given as 1, 2,
2,4,5,15,17,12,19, 6, 15,
17,5, 15,17 12, 19 [Color figure
can be viewed at
wileyonlinelibrary.com]

CHAIN |
(rule4) :

v

| s
BRANCHED_ATOM

(rule 5)

RINGBOND

BRANCHED_ATOM
rule 5

CHAIN "
(rule-2) -

RINGBOND

ATOM
BRANCHED “ATOM + (rule 15) ; (rule 12)
(rule 6) | * |
+ | ALIPHATIC_ ORGANIC DIGIT
ATOM

(rule 17): (rule 19)
| i |
¢ C .:. ¢ l

|
ALIPHATIC ORGANIC

ATOM rule 17 ¢
(rule 15): (rule 12) . + |C
| + |
ALIPHATIC_ORGANIC DIGIT :
+ (rule 17§ (rule 19) :
| + | 7
C 1.

one element at a time, in an autoregressive manner, consuming the
previously generated tokens as additional input while generating
the next.

The encoder and decoder consist of stacks of identical layers,

each of which are comprised of two sublayers—a multi-head attention

mechanism, and a fully connected feed-forward neural network. There
are residual connections around each of the sublayers along with a
batch normalization. The decoder, in addition, consists of an additional
layer which performs a multi-headed attention over the output of the

encoder.
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FIGURE 4 The encoder-decoder model architecture of a
transformer. The left-half corresponds to the encoder whereas the
right-half corresponds to the decoder, the positional information is
encoded using the positional embedding, and multi-head attention
mechanism aids the model in discovering relationships between
groups of tokens at different stages [Color figure can be viewed at
wileyonlinelibrary.com]

3.2.2 | Positional encoding

Since the transformer architecture does not contain recurrent or convolu-
tion layers, the sequential information of the tokens in a sequence is fed
to the model through these embeddings. Mathematically, positional
encoding is a mapping of the position of a given word (pos, an integer) in
the sequence to a d-dimensional vector space (ﬁpos). These mappings are

characterized by sines and cosines of different frequencies, given by

sin (pos /1o,ooo2k/d), if =2k
(1)

p ; =
7] cos (pos/10,000%/7), i i=2k+1

The positional encodings are added to the word embeddings rep-
resenting the individual tokens in a sentence, thus, the dimensions of
the two embeddings, dworg and dyes, must be the same so that the two

can be summed, that is,

W(t)l = W(t) + ﬁpos‘ (2)

where w(t)' represents the word embedding with encoded position
information, vT/(t) represents the word embedding, and ﬁpost represent

the positional encoding.

3.23 | Attention mechanism

The attention mechanism lies at the heart of the transformer architec-
ture and allows the model to focus on different tokens in the
sequence at different stages of the network, enabling it to discover
multiple relationships between groups of tokens.

The attention-mechanism used in Vaswani et al?® is the “Scaled-
Dot Product Attention,” characterized by a set of queries, keys, and
values vectors. The query and key vectors are of dimensions dy and
the value vector is of dimension d,. The attention-score then, is com-
puted as softmax function applied over the dot-products of the
queries and key vectors, scaled down by a factor of \/d, given by

Attention(Q,K, V) = softmax Q—KT v 3)
o Vi

where Q, K, and V are the matrices of query, key, and values vectors,
respectively. The attention score computed above determines the
importance that should be given to different parts of an input
sequence in the current context. In order to allow the model to jointly
factor in information from different representation subspaces at dif-
ferent positions, multi-headed attention is computed which involves
computing multiple attention scores, in parallel, which are then
concatenated and projected using a linear transformation to compute

the multi-head attention scores as,

MultiHead(Q,K, V) = Concat(heads, head,, ..., head;,) W° (4)

1
WK e R%oxd and WY e R%»<*4 are the projection matrices for Q, K,

and V, respectively.

where ~head; = Attention (QWR KW, VW), and WReR%xd

4 | DATA
We work with two standard reaction datasets—Jin's USPTO dataset®
and its subset of 80 reactions used for benchmarking reaction predic-
tion against human organic chemists in Coley et al.?? Lowe's grants
database,*° based on the text mining work done on U.S. reactions pat-
ents granted between 1976 and 2013, has now become one of the
standard datasets for demonstrating quantitative approaches for reac-
tion prediction. Since this dataset contains erroneous and duplicate
reactions, there are several datasets derived from this mining work
that address such issues—excluding stereochemical information,
retaining only single product reactions, and removing certain class of

reactions. Jin's USPTO dataset is one such derived datasets that only
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includes single-product reactions. We therefore primarily work with
this dataset to evaluate the performance of the proposed approach
and perform a comparative analysis using the latter dataset. Table 2

summarizes the two datasets.

5 | GRAMMARONTOLOGY-BASED
PREDICTION OF REACTION OUTCOMES

In this section, we describe the proposed approach—GO-PRO, in
detail and the various components involved in this framework. The
critical components of GO-PRO are the molecular representations
(such as SMILES) for molecules involved in the reaction, an underlying
formal grammar describing the syntactic aspects of the chemical iden-
tifier, contextual information about the reaction such as the agents
involved, and a neural machine translation framework that translates

the reactants and agents to the major product of the reaction.

5.1 | Preprocessing

Across all the reactions in the two datasets, we apply certain
preprocessing steps. These include sanitizing each molecule involved
in the reaction, removing atom-mappings from the reactions, and can-
onicalizing the SMILES strings since multiple strings could be used to
represent a given molecule. The reactions in the given database are
filtered based on the number of reactants such that reactions with
more than nine reactants in the reactant pool are discarded.

The reactants involved in the two datasets are then ordered
based on their similarity with the major product of the reaction, where
the molecular similarity score is computed using molecular fingerprints
in RDKit, an open source cheminformatics and machine learning soft-
ware for reaction chemistry systems. Without loss of generality, we
only work with the first three reactants and a single agent molecule—
which in our case is the fourth reactant molecule in the database since
we do not make any distinction between the reactants and the agents.
The rationale behind working with only three reactants is to reduce
the strain on the model training phase since increasing the number of
reactants would translate into significantly higher training time even
though the number of training parameters remain unchanged. Since
we use a grammar-based representation as described in the Sec-
tion 3.1.2, we only retain molecules that are in grammar, that is, the

SMILES strings for the molecules could be parsed using the grammar.

TABLE 2 A summary of the two

AI?BEJ R NALJ7;f13

The complete grammar used in this work, which is a subset of the offi-

cial SMILES grammar,29

is presented in the Appendix in Table Al.
Moreover, since the grammar is recursive and could be extremely long
for certain molecules, we set a threshold on the maximum number of
grammar rules allowed at 300, and molecules with grammar-represen-
tations longer than this are skipped. The encoding strategy is

described in detail in the next section.

5.2 | Grammar-based encoding of reactions

As described earlier, grammar ontology-based representations have
certain inherent advantages over other representations such as
explicit incorporation of structural information, ensuring output valid-
ity from a chemistry perspective, and incurring less strain on the
model in terms of the number of parameters that need to be trained
using a given set of data points. The rule index corresponding to the
first rule (SMILES — CHAIN) marks the beginning of the sentence
while the last rule corresponding to (NOTHING — NONE) signifies the
end of the sentence, similar to the grammar rules proposed for a mol-
ecule optimization framework in Kusner et al.3!

Given a molecule, its canonical SMILES representation is parsed
using the above grammar which consequently gives rise to a parse-
tree representation for the given string. The grammar rules are
extracted from the parse-tree, preserving the order in which they
were applied. For instance, for a given parse-tree, a bottom-up-left-
corner parsing strategy is used wherein all the left-most derivations
are first explored until the tree-depth is reached followed by sequen-
tially moving back up until the entire tree is parsed. This ordered
sequence of grammar-rules represents our molecular encoding
strategy.

Next, after encoding the molecules involved in the reaction, the
left-hand and right-hand sides of the entire reaction have to be
encoded. To this end, all the reactant representations are
concatenated horizontally followed by the concatenation of the
agent's representation. Owing to the presence of a unique identifier
marking the start and end of a string, the model can still distinguish
between the different molecules involved in the reaction. The repre-
sentation for the right-hand side of the reaction remains the same as
the encoding for the product since we only consider single-product
reactions.

It should be noted that in order to ensure a fixed-length represen-

tation for all the reactions, the left and right hand side representations

o Dataset Train Valid Test Total

datasets used for validating the proposed

reaction prediction approach Jin's USPTO
with (sanitized) single product 479,035
in grammar 385,429 28,269 37,676 451,374
Human dataset
with (sanitized) single product - - 80 80
in grammar = - 78 78



MANN anpo VENKATASUBRAMANIAN

MAI?B% RNAL

Reactants

f_g

+ X + 0=0 =———>p

—_—

C1=CC=CC=C1 cCcC=C

1,3,2,3,2,3,4,5,15,17,12, ... | 1,3,2,4,6,15,17,6,15,17,13, ... | 1,3,4,6,15,18,13, ...
TABLE 3 Possible and best hyperparameter values for the model
architecture described in Figure 4

Hyperparameter Possible values Final model

Embedding dimensions 128, 256, 512 256

Attention heads 4,8,16 8

Feedforward network units 512,1,024 512

Number of layers 4,6 4

Dropout 0.1,0.2 0.1

Warmup steps 1k 4k 8k, 12k 12 k

are zero-padded until the threshold length. We have fixed the lengths
of the vector representations for the left and right hand sides at
600 and 300, respectively. Figure 5 shows an overview of the
encoding scheme used in our work (using the representative SMILES

grammar in Table 1).

5.3 | Model architecture and training
We work with a transformer architecture described in the Section 3.1
that consists of an encoder-decoder architecture. For decoding from
the latent space, there are two possible approaches—first, using a
greedy strategy that gives as output only the sequence with the
highest likelihood and second, using a beam search that returns a set
of top-B target sequences based on their probabilities. For a beam
width of size B, the beam search algorithm decodes a set of B most
likely tokens at any stage (based on their conditional probabilities)
which are then used to generate the next set of most likely tokens at
the next stage until the entire sequence is decoded. Therefore, the
output of the beam search algorithm is a set of B most likely
sequences which are then used to compute the top-k accuracies, as
opposed to a greedy search that only returns the most likely decoded
sequence. We, therefore, use the latter approach with a beam width
of 3 and compute the top-1, top-2 and top-3 accuracies to evaluate
the model performance.

The transformer architecture, like any other machine learning
architecture, also consists of several hyperparameters that need to be
tuned for achieving the desired performance. We therefore search for

the best hyperparameter values by evaluating various model

)k+

Major Product FIGURE 5 An overview of

) the proposed grammar-based
OH reaction encoding strategy [Color
0 figure can be viewed at

wileyonlinelibrary.com]

C1=CC=C(C=C1)0

| 4232245151202 . |

architectures on the validation set of Jin's USPTO dataset. Table 3
describes the possible hyperparameters in the model along with their
values in the final model architecture. The final model is characterized
by ~5 M training parameters.

The model was trained using the Adam optimizer*' with beta
p1=0.9, B, = 098, and ¢ = 107, and a learning rate that is character-
ized by a fixed number of warmup steps and given by

=03, step_num x warmup_steps~*%)  (5)

Ir = dyo:,.min (step_num
where dpoger is the embedding dimension (positional). At the training
stage, in order to avoid overfitting, a dropout layer is used for both
the feed-forward networks and the attention-mechanism, for the
encoder as well as the decoder. A loss function based on sparse cate-
gorical cross entropy between the predicted and actual target
sequences is minimized. The model was trained using TensorFlow 2.1
and python 3.7 for 60 epochs. For generating the parse-trees and
extracting grammar-based features, we use the Natural Language
ToolKit (NLTK) 3.4.5 library. The molecular datasets were processed
using the 2019 release of RDKit library.

6 | RESULTS AND DISCUSSIONS

6.1 | Performance measures
In order to evaluate the performance of our approach, we consider
four different measures that capture different aspects of the model
performance, namely—the Bilingual Evaluation Understudy (BLEU)
score*2 which is a standard metric used for the evaluation of a given
translation against the reference translation; the top-1, top-2, and
top-3 accuracies computed by identifying perfect matches between
the predictions and the actual product; syntactic validity of the
predicted outputs by determining if the predicted molecules SMILES
string is in grammar, that is, could be parsed by the given grammar;
and character-based similarity® between the actual and the predicted
SMILES strings that measures the similarity between substructures
within the given set of strings.

The above four measures capturing the performance of GO-
PRO on the test-set of Jin's UPSTO dataset is summarized in
Table 4.
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In order to further understand the model performance on this
dataset, we look at the split of similarity scores across the reactions in
the dataset across three bins with similarity scores of more than 0.95,
0.85, and 0.75, as presented in Table 5.

Based on the above results, a few conclusions about the efficiency
of the proposed approach could be drawn. First, only 1% of the
predicted reaction outcomes resulted in invalid SMILES strings that
could not be parsed by the given grammar. This indicates that the
transformer-model has learnt the underlying SMILES grammar almost
with perfection from the reaction encoding strategy. Second, the BLEU
score and similarity values suggest that the predicted products are very
similar to the actual products of the reaction. This is not trivial since the
reactants, especially in organic chemistry reactions, often give rise to
products that are significantly different from each one of them after
only a few elementary transformations involving addition, substitution,
and elimination reactions between different groups. This is further
established through Table 5 where the splits indicate that over 90% of
the predicted products share a similarity of more than 0.85 with the
actual product. Third, the top-1 accuracy of over 80% on the test set is
indicative of the fact that the model has really discovered the complex
transformations occurring in chemical reactions subject to the reactions
conditions. A comparison of the model performance with human chem-

ists presented in the following section validates this claim.

6.2 | Comparison with human organic chemists

In this section, we report the performance of our approach on the
dataset of 80 reactions used for benchmarking against human organic

1.7 The test set contains 80 randomly chosen

chemists in Coley et a
reactions from Jin's USPTO dataset, 10 from each of the 8 categories
of reaction templates, categorized based on their frequency of occur-
rence. The comparison of the model accuracy with the average per-
formance of the human chemists across various reaction template
bins is presented in Figure 6. The performance measures for the
model on this dataset are summarized in Table 6.

Clearly, the model outperforms the chemists across each of the
reaction template bins with 100% prediction accuracies for the second
and third categories of reaction templates. Even for the increasingly rare
reactions, the model achieves an accuracy of over 70% except for the

last two bins where the performance is comparable to the human

TABLE 4 Results on the test set of Jin's USPTO dataset
computed using the top-1 predictions

BLEU Top-1 accuracy Valid fraction Similarity
93.2% 80.1% 99.0% 95.8%
TABLE 5 Distribution of similarity scores computed on the test

set of Jin's USPTO dataset corresponding to the top-1 predictions

Similarity 20.95 Similarity 20.85 Similarity 20.75

84.4% 90.3% 93.4%

AI?BEJ R NALm

chemists. Moreover, as is evident from Table 6, 100% of the predictions
made by GO-PRO on this dataset correspond to valid SMILES strings,
again reinforcing the advantages of a grammar ontology-based encoding
strategy for reactions.

Figure 7 visualizes some of the incorrect predictions made by our
model on this dataset. We observe that even when the predictions
were inaccurate, the predicted products were very similar to the actual
product of the reaction—based on their structural forms in Figure 7 and

also based on the BLEU and similarity scores from Table 6.

6.3 | Comparison with other works

The current state of the art model in the reaction prediction literature
is the molecular transformer model.?” Though the overall accuracy
obtained using our approach does not outperform the best model, our
model achieves an accuracy of over 80% just by using a fraction of
the training parameters characterizing the model used in other works.
A comparison of the accuracies and the number of parameters charac-
terizing the seq2seq model used in other works is presented in
Table 7.

Based on this, we claim that our grammar-based approach signifi-
cantly aids the model in learning transformations that occur in a
chemical reaction by explicit incorporation of the relationships
between the constituent tokens in a SMILES string. A significantly
fewer number of parameters also inherently implies that the model
does not have the capability to memorize the entire training set and
therefore, overcomes overfitting during the model training stage—
making it more robust and generalizable in practice. The following are
the advantages of using the proposed grammar-based representation
for reaction prediction:

e the grammar-based representations explicitly encode the structural
information for a given molecule in a hierarchical manner with con-
stituency relationships mapped between different components in

the SMILES string. This is evident by the contrasting features of a

100%

90% -2-Human
80% -=—Model
—_
&\"’ 70%
> 60%
o
® 50%
3 40%
o
< 30%
20%
10%
0%
N v > ) > H
N & & S & & e Z
7 S s S S S
QO N
Reaction template popularity
FIGURE 6 Prediction accuracy of the model and the average

accuracy of human chemists versus reaction template popularity
[Color figure can be viewed at wileyonlinelibrary.com]
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parse-tree based grammar-representations (Figures 2 and 3) and
their equivalent character-based SMILES string representations
described in the Section 3.1.2.

e the proposed (more systematic) representation incurs less strain on
the model (in terms of number of training parameters) and conse-
quently requires a significantly less complex model architecture for
modeling the underlying transformations in a chemical reaction, as
seen through the results in Table 7 where the proposed model is
characterized by only a fraction of the training parameters in other

works with comparable accuracies.

TABLE 6 Performance measures for model on the human
chemists dataset
Performance measure (in %)
BLEU 93.2
Top-1 accuracy 72.9
Valid fraction 100.0
Similarity score 94.4

Reactants + Agent

e owing to the grammar-based representations, the model learns to
predict the product based on the same grammar, and hence, the
output SMILES strings are more likely to be syntactically valid. This
is validated by the results in Tables 4 and 6 which demonstrate
that 99 and 100% of the predictions made by our model (on the
test set) are syntactically valid which would have been unlikely
without the model learning the underlying grammar production

rules.

It is imperative to note here that a relatively lower accuracy in our
model could be attributed to certain assumptions and approximations
made during the model building stage. First, the model was trained on
only three reactants and one agent, discarding all the other molecules
involved in the reaction. Moreover, even among these four molecules,
those that were not in-grammar were dropped while encoding the reac-
tion. Second, the SMILES grammar that we used here does not include
metallic ions, certain metallic catalysts, and inorganic elements, limiting
the coverage of the training dataset. Third, molecules with representa-
tions of over 300 were discarded and reactions were truncated if the

Actual Predicted

Bin 1: > 4000

Bin 2: 2000 — 3999

o
o Z
N
o/\/\/\nQ/ /N \/ NH2
_o

Bin5: 200 — 499 0

—000~ X ¢

Bin 6: 50 — 199

o 8 /\0//\ OH o o i
: 7 A, ! / N /n
Bin7: 5-49 . BHa
5 : 8 —~ | > ’
o Q——C\«‘/ 2N . —_— _O>\ ‘Q—\NCN‘\i o\ Q\/\:\/«J
Bin8: <4
: Q 0
OO @@ ~ A —oER oo

FIGURE 7 Some of the reactions in the human chemists dataset that were predicted incorrectly by our model. Even the incorrect predictions
share a structure very similar to the actual product of the reaction. The bin popularity along with the their frequency of appearance in the
database is indicated for each reaction [Color figure can be viewed at wileyonlinelibrary.com]
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TABLE 7 Comparison of accuracies (in %) reported in other works
involving seq2seq models using Jin's USPTO dataset

# Top- Top- Top-
Model parameters 1 2 3
Molecular 12M 88.6 92.4 93.5
transformer?”
S2s% 30M 80.3 84.7 86.2
GO-PRO? 5M 80.1 86.3 88.7

2Using only three reactants and one agent for predicting the major
product of the reaction.

left-hand side representation was longer than 600. Owing to these limi-
tations/approximations, the model is constrained and has restrictive
predictive capabilities that affects the prediction accuracies. However,
these could be overcome by relaxing these constraints which although
does not result in an increase in the model parameters, increases the

model training time significantly due to longer sequences.

7 | CONCLUSIONS

In this paper, we present an approach for exploiting the grammar under-
lying the SMILES representation of molecules as an ontology in the
reaction prediction framework. We have shown that grammar
ontology-based representations offer certain advantages inherent to
the reaction prediction task. First, they reduce the strain on the model
training stage incurred while modeling relationships between individual
tokens in a text-based molecular representation (such as SMILES) by
encoding such relationships explicitly in the input and target sequences
using the underlying grammar. Second, they overcome over-
parameterization in complex machine learning architectures typically
used in the reaction prediction tasks as observed through the signifi-
cantly reduced number of training parameters in our proposed architec-
ture. Third, such representations ensure syntactic validity of the
molecular representations predicted as outcomes of chemical reactions,
taking us a step closer toward constraining the model to predict
synthesizable molecules.

The proposed approach results in 99.0% of the predictions to be syn-
tactically valid with an overall accuracy of 80.1% using a model character-
ized by 5 M parameters. In contrast, the current state of the art in
reaction prediction achieves an accuracy of 88.6% using a model charac-
terized by 12 M parameters, significantly higher than the number of
parameters used in our model. The proposed approach, GO-PRO, has out-
performed the average accuracy of human organic chemists across both
common as well as infrequent class of reaction-templates, with 100% of
the predicted molecules being syntactically valid SMILES strings. Based on
these results, we conclude that CFGs could be exploited to develop effi-
cient ontologies for reaction prediction frameworks that encode reactions
hierarchically, reflecting the peculiar characteristics of molecular transfor-
mations inherent to a chemical reaction. Moreover, the accuracies could
be further improved by implementing a beam-search approach so that the
ground truth could be compared against a set of possible reaction out-

comes. We therefore claim that ontologies that incorporate prior

AICBE RNAL—L 1o

structured-information about the constituents would significantly aid the
machine learning models used in such applications.

Although there are numerous benefits to using the proposed
grammar-based representation, there are certain limitations. First, a
grammar-based approach cannot efficiently incorporate reaction con-
ditions such as temperature, pressure, heating/cooling conditions, and
inorganic or metallic catalysts. Second, the current framework does
not have the ability to predict outcomes of reactions with multiple
products and makes an inherent assumption that the reaction under
consideration is a single-product reaction. We plan to address these
limitations in our future work by incorporating additional reaction
conditions such as temperature, pressure, and (inorganic) catalysts,
and performing retrosynthetic reaction prediction using a similar

grammar ontology-based framework.
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APPENDIX

SMILES GRAMMAR
The SMILES grammar used in this works is a subset of the official

OpenSMILES* specification?? and comprises 80 production rules with

24 non-terminals symbols specifying the different structural compo-

nents of a SMILES string. All the production rules for the grammar

used in our work are summarized in Table Al. Similar to the grammar

production rules used in Kusner et a 1.3 for molecule optimization,

additional production rules are included to mark the beginning and

end of a SMILES string. The first and the last production rules,

SMILES — CHAIN and NOTHING — NONE, are used to signify the

start and end of a SMILES string. Analogously, they correspond to the

<START> and <END> tokens in natural language processing that mark

the beginning and the end of sentence, respectively.
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TABLE A1 SMILES grammar used in GO-PRO

S. No Production rules

1 SMILES — CHAIN

2 ATOM — BRACKET ATOM | ALIPHATIC_ORGANIC | AROMATIC ORGANIC
3 ALIPHATIC ORGANIC —B|C|N|O|S|P|F|I|Cl|Br

4 AROMATIC ORGANIC —c|n|o|s|p

5 BRACKET ATOM — [BAI]

6 BAI — ISOTOPE SYMBOL BAC | SYMBOL BAC | ISOTOPE SYMBOL | SYMBOL
7 BAC — CHIRAL BAH | BAH | CHIRAL

8 BAH — HCOUNT BACH | BACH | HCOUNT

9 BACH — CHARGE CLASS | CHARGE | CLASS

10 SYMBOL — ALIPHATIC ORGANIC | AROMATIC ORGANIC | ELEMENT SYMBOLS
11 ISOTOPE — DIGIT | DIGIT DIGIT | DIGIT DIGIT DIGIT

12 DIGIT—1|2|3|4|5|6|7]|8

13 CHIRAL — @ | @@

14 HCOUNT — H | HDIGIT

15 CHARGE — - | - DIGIT | - DIGIT DIGIT | + | + DIGIT | + DIGIT DIGIT
16 BOND — - | = [ #]/]\\

17 RINGBOND — DIGIT | BOND DIGIT

18 BRANCHED ATOM — ATOM | ATOM RB | ATOM RB BB

19 RB — RB RINGBOND | RINGBOND

20 BB — BB BRANCH | BRANCH

21 BRANCH — (CHAIN) | (BOND CHAIN)

22 CHAIN — BRANCHED ATOM | CHAIN BRANCHED ATOM | CHAIN BOND BRANCHED ATOM
23 CLASS — DIGIT

24 ELEMENT SYMBOLS — H

25 NOTHING — NONE

Abbreviations: GO-PRO, Grammar Ontology-based Prediction of Reaction Outcomes; SMILES, simplified molecular-input line-entry system.

Remark 3. The listed grammar rules below were sufficient to parse rules corresponding to inorganic compounds in the official
the SMILES strings that largely correspond to organic mole- OpenSMILES grammar were removed.

cules in the given databases and hence, the unused production
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