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Abstract
We present a deep-learning model for inferring missing molecules in reaction
equations. Such an algorithm features multiple interesting behaviors. First, it can
infer the necessary reagents and solvents in chemical transformations specified only
in terms of main compounds, as often resulting from retrosynthetic analyses. The
completion with necessary reagents ensures that reaction equations are compatible
with deep-learning models relying on a complete reaction specification. Second, it
can cure existing datasets by detecting missing compounds, such as reagents that
are essential for given classes of reactions. Finally, this model is a generalization
of models for forward reaction prediction and retrosynthetic analysis, as both
can be formulated in terms of incomplete reaction equations. We illustrate that a
single trained model, based on the transformer architecture and acting on reaction
SMILES strings, can address all three points.
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Introduction

Deep-learning models applied to chemical reactions have received much attention in recent years:
from the design of algorithms for forward reaction prediction [1–3] and retrosynthetic analysis
[1, 4, 5] that help chemists plan the design and execution of chemical syntheses, to the generation of
reaction fingerprints [6] and prediction of reaction classes [7, 6], yields [8], or activation energies [9].
Several of the latter predictive models were trained on fully-specified reactions — i.e., they rely on
all the reagents being specified, including solvents and catalysts. Accordingly, when these models are
applied to new reactions, a complete specification of the reagents is required. Unfortunately, both
algorithms and chemists do not provide any guarantee of generating complete chemical reaction
equations. It is therefore desirable to infer the missing molecules to provide higher quality data and
to comply with a larger class of machine learning models.
In fact, an algorithm fulfilling this task can also be used for data curation. Many commonly-used
reaction datasets [10, 11] were generated by automatically text-mining chemical knowledge from the
unstructured data sources. The text-mining process is error-prone and often fails to recognize one or
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several precursor molecules. An approach for the completion of partial reaction equations can either
detect reactions that are potentially incomplete, or even automatically add the missing molecules,
before the dataset is used for other downstream applications.
Furthermore, the task of inferring missing compounds in a reaction equation is a generalization
of forward and single-step retrosynthetic prediction models. As a consequence, a properly tuned
algorithm completing partial reaction equations also a forward or retrosynthetic prediction model.
In this work, we present a deep-learning model based on the transformer architecture that infers the
molecules in partial reaction SMILES strings. This model does not contain any chemical knowledge
except the one learned from the data during training. We illustrate its application for data curation, as
well as its use for forward and retrosynthesis prediction. Figure 1 gives a few examples of partial
reaction equations and how they can be completed.
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Figure 1: Partial reaction equations and associated missing molecules, corresponding to the input
and output of the model presented in this work. Example 1) corresponds to a complete reaction
equation, where no molecules are missing. Example 2) corresponds to a forward reaction prediction
task, where the model must predict the reaction product. Example 3) corresponds to a retrosynthetic
prediction, where the model infers potential precursors for a given molecule. Note that multiple
outputs are possible in this case. Examples 4) and 5) illustrate other cases of completing partial
reaction equations. The model introduced in this work, trained a single time, is able to tackle all these
different cases.
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2.1

Method
Model

We used a modified version of the Molecular Transformer [3]. Both input and output of the model
are tokenized versions of reaction SMILES strings [12, 13]. Thereby, the input corresponds to the
potentially incomplete reaction equation, and the output contains the missing precursors and/or
products. When no precursor or product is missing, the reaction SMILES string will only contain the
token separating precursors and products, “>>”.
The transformer model is implemented with the OpenNMT-py library [14, 15]. The standard transformer implementations is applied with the following changes: the parameter layers is set to 4,
rnn_size to 256, word_vec_size to 256, max_generator_batches to 32, accum_count to 4
and label_smoothing to 0. We trained the model for 1,000,000 steps.
2.2

Data

The model was trained and tested on data derived from the US patent reactions by Lowe [10], as
post-processed by Pesciullesi et al. [16]. The data was obtained from the GitHub repository of
Ref. [16] and the same data splits were used.
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Figure 3: Most frequent molecules (or groups
of molecules) inferred when applying the reaction completion model on the ground truth data.
The number below each compound indicates the
number of reactions for which that compound
was predicted.
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Figure 2: Frequencies of given number of
molecules in the partial reaction equations and
associated number of missing molecules.

For training the reaction completion model, each reaction SMILES string in the original dataset was
transformed into ten partial reaction SMILES strings by selecting randomly, from the precursors and
products, the molecules to remove in the input. Thereby, this process generated reaction SMILES
strings with a variable number of missing molecules. The only criterion was that the resulting partial
SMILES string should contain enough tokens compared to the original reaction SMILES string, to
avoid generating partial reaction SMILES strings containing common reagents only.
This resulted in training, validation, and test sets of sizes 10.9 M, 0.6 M, and 0.6 M, respectively.
Figure 2 shows histograms for the number of molecules in the partial reaction SMILES strings,
against the number of removed molecules.
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Results and discussion

In the following, we address the different applications of the reaction completion model. All the
calculations refer to the test split of the dataset. The “reference forward prediction model” refers to
the pretrained model presented in Ref. [16]. In Figure 4, we illustrate the application of our model to
a few reactions and compare the predictions with the expected value from the ground truth.
3.1

Partial reaction equations

The model achieves an accuracy of 30.4%. Note that the accuracy reflects exact matches only, where
all the molecules in the resulting reaction equation are identical to the ground truth. An exhaustive
evaluation of the reasons for not matching the 69.6% remaining cases lies outside the scope of this
work; an initial analysis shows that often solvents are missing either in the prediction or in the ground
truth, that some equivalent solvents or reagents are predicted instead of other ones, and that sometimes
the partial reaction equation leaves multiple possibilities open as to what the reaction should be.
We evaluated the correctness of the resulting reaction equations (combining the partial reaction
equation from the input and the model prediction) by assessing whether they are correct. To do so,
we inspected whether the reference forward prediction model delivered a consistent product. We
found out that this is the case for 77.6% of the reactions.
Applying the reaction completion model several times iteratively only leads to a marginal improvement of the accuracy to 30.5%.
3

Input

Model prediction

Ground truth

1)

2)

3)

4)

5)

Figure 4: Examples of reaction completion. The first reaction is an example where the model finds
correctly that a precursor and the product are missing. In the second example, the model predicts
a different solvent (methanol) than the ground truth (ethanol). The third example illustrates a case
where the application of the model to the original dataset reveals a missing precursor molecule. In
the fourth example, we illustrate the application of the model as a forward prediction model. There,
the dataset contained a mistaken product. The fifth example illustrates the application as a single-step
retrosynthesis prediction model. The model chooses different precursors than present in the ground
truth.

3.2

Application on ground truth data

By applying the reaction completion model to the the ground truth data, we found out that 2729 (out
of 60548) reactions were considered to be incomplete. A total of 493 distinct molecules (or groups
of molecules) were missing. The most frequently inferred molecules or groups of molecules are
depicted in Figure 1. While many of those relate to solvents, upon analysis it is evident that many
essential reagents are missing from the ground truth data.
3.3

Forward reaction prediction

By removing the products from the reaction equations, the reaction completion model can be applied
for reaction prediction. We compare our predictions with the ground truth (products that were
removed) and with the predictions of the reference forward prediction model. Our model achieves
68.1% accuracy, compared to 77.6% for the reference forward prediction model. Interestingly, for
9.4% of reactions, both models predict an identical product that differs from the ground truth. Upon
manual inspection, many of these examples correspond to mistakes in the underlying ground truth.
We also note that for 7.0% of the forward predictions, our model predicted some precursors in
addition to the products. Considering this, it may be that some of the predictions differing from the
ground truth would be correct if one took the additional precursors into account.
3.4

Single-step retrosynthesis

For the single-step retrosynthesis task, partial reaction SMILES strings including only the reaction
products were fed to the model. Accordingly, the predictions of the model contain only precursors. We
assess the predictions by calculating the round-trip accuracy [5]. Taking, for the forward prediction,
the model presented in this work, we obtain a round-trip accuracy of 81.5%. Using the reference
forward prediction model, the round-trip accuracy is 82.6%. These values are slightly higher than the
ones reported for transformer-based models for retrosynthesis [5]. A more extensive evaluation of
the application of the model to retrosynthesis requires the inspection of other metrics that will be
reported in a subsequent paper.
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Conclusion

The model for reaction completion introduced in this work, while simple in its formulation, can tackle
various tasks, including forward reaction prediction, single-step retrosynthesis and data curation. Our
model requires only a single training, which automatically ensures compatibility among the tasks and
may be beneficial for learning how molecules react. An interesting application of this model could
also be guided retrosynthesis, where a chemist knows some of the precursors or reagents to obtain a
given product and wishes to automatically complete the reaction equation. To improve the model and
reach the accuracy of existing forward prediction and retrosynthesis model, we expect some effort to
be needed in the generation of a more adequate dataset.
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