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Abstract

Experimental procedures for chemical synthesis are commonly reported in prose in

patents or in the scientific literature. The automatic extraction of the details necessary

to reproduce and validate a synthesis in a chemical laboratory is quite often a tedious

task, requiring extensive human intervention. Here, we present a method to convert

unstructured experimental procedures written in English to structured synthetic steps

(action sequences) reflecting all the steps needed to successfully conduct the corre-

sponding chemical reactions. To achieve this, we design a set of synthesis actions with

predefined properties and a deep-learning transformer-based model to convert experi-

mental procedures to a textual representation of action sequences. The model is first

pretrained on vast amounts of data generated automatically with a custom rule-based

natural language processing approach, and then refined on a smaller set of manually

annotated samples. Predictions on our test set resulted in a perfect match of the full

action sequence for 64.5% of sentences.
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Introduction

In chemistry like in other scientific disciplines, we are witnessing the growth of an incredible

amount of digital data, leading to a vast corpus of unstructured media content — including

articles, books, images and videos — rarely with any descriptive metadata. While scientists

developed several technologies for analyzing and interacting with unstructured data, quite

often these solutions rely on identifying and utilizing inherent rules typical of each data item

at the cost of an important human effort. Currently, the processing of unstructured data is

pivotal to the work of many scientists: it transforms this data into a structured form that

can be used for different types of applications, from deep search to automation.

The availability of structured chemical data is especially important for automation due to

the latest reviving use of robots in the context of organic synthesis.1–4 Structured data is also

important to stimulate the design of predictive models for optimizing reaction procedures

and conditions, similar to the success of the AI-guided reaction prediction schemes5–8 for

organic molecules.

In fact, although some simple organic reaction data are widely presented in well-structured

and machine readable format, this is not the case for the corresponding chemical reaction

procedures which are reported in prose in patents and in scientific literature. Therefore, it

is not surprising if their conversion into a structured format is still a daunting task with

only few attempts made for the extraction of organic chemistry procedures,3 and with the

most successful ones into the more simple domain of synthetic inorganic chemistry.9–11 As a

consequence, the design of an automated conversion from unstructured chemical recipes for

organic synthesis into structured ones is a desirable and needed technology.

Ultimately, with such an algorithm, a machine could ingest an experimental procedure

and automatically start the synthesis in the lab, provided that all the necessary chemicals

are available. Also, if applied to a large collection of experimental procedures, the conversion

to structured synthesis actions could prove interesting for the analysis of reaction data, and

could facilitate the discovery of patterns and the training of machine learning models for
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new organic chemistry applications.

In this work, we focus on the conversion of experimental procedures into series of struc-

tured actions, with an emphasis on organic chemistry. To do so, we first identify general

synthesis tasks covering most of the operations traditionally carried out by organic chemists.

We implement and discuss several computational approaches for the extraction of such struc-

tured actions from experimental procedures. Rule-based models represent a good starting

point for this endeavor, but they are quite sensitive to the formulation of the rules and

to noise in the experimental procedures, such as typing errors or grammar mistakes.3 We

therefore introduce a deep-learning model to translate experimental procedures into syn-

thesis actions. We pretrain it on data generated with rule-based models and refine it with

manually annotated data.

In doing so, our goal is for the sequence of actions to correspond to the original experi-

mental procedure as closely as possible, with all the irrelevant information discarded. This

means that an extracted action sequence contains, in principle, all the details that a bench

chemist would require to conduct a reaction successfully either by humans or with the help

of robotic systems.

Retrieving information from the chemistry literature has received a lot of attention over

the last decades (see, for instance, Refs. 12–17). The automated extraction and analysis of

synthesis procedures has so far been studied mainly in the context of inorganic materials.9–11

For instance, Mysore et al. apply text-mining tools to convert synthesis procedures to action

graphs.9 Otherwise, one of the predominant goals is to mine information from patents,

papers and theses, and save it as structured data in databases in order to make chemical

knowledge searchable and enable queries about materials or properties. Due to the complex

syntax of chemical language, a lot of effort is put into the development of methods for named

entity recognition,13,17–20 which allows the detection of compounds, actions, or experimental

conditions in texts from the chemistry literature. The Reaxys database,21 which contains

reaction data (such as reagents, solvents, catalysts, temperatures, and reaction duration)
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extracted from publications and patents, is also worth mentioning in this context. The

focus of the present work is different: instead of scanning texts in search of relevant pieces

of information, we focus on experimental procedures, which we convert, as a whole, into a

structured, automation-friendly format.

Recently, Cronin and co-workers developed a robotic system able to perform organic

synthesis autonomously,3 requiring a synthetic scheme described in the so-called chemical

descriptive language (XDL). They implement a rudimentary tool for translating a given

procedure into XDL that follows the identification of key entities in the text and assembling

the corresponding list of operations. This approach is exposed to linguistic challenges that

makes a correct interpretation difficult. As a consequence, creating the XDL schemes remains

largely manual. Here, we present a robust model to convert experimental procedures into

structured action sequences that do not require human verification. Our deep-learning model

for the extraction of action sequences is available free of charge on the cloud-based IBM RXN

for Chemistry platform.22

Results

Synthesis Actions

The experimental procedures we consider in this work represent single reaction steps. To con-

duct the full synthesis of a molecule, several such reaction steps are combined. The following

is an example of a typical experimental procedure that is to be converted to automation-

friendly instructions:

To a suspension of methyl 3-7-amino-2-[(2,4-dichlorophenyl)(hydroxy)methyl]-

1H-benzimidazol-1-ylpropanoate (6.00 g, 14.7 mmol) and acetic acid (7.4 mL)

in methanol (147 mL) was added acetaldehyde (4.95 mL, 88.2 mmol) at 0◦ C.

After 30 min, sodium acetoxyborohydride (18.7 g, 88.2 mmol) was added. After

2 h, the reaction mixture was quenched with water, concentrated in vacuo, diluted
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with ethyl acetate, washed with aqueous sodium hydroxide (1 M) and brine, dried

over sodium sulfate, filtered and concentrated in vacuo. The residue was purified

by column chromatography on silica gel eluting with a 10-30% ethyl acetate/n-

hexane gradient mixture to give the title compound as a colorless amorphous (6.30

g, 13.6 mmol, 92%).

From such an experimental procedure, our goal is to extract all relevant information to

reproduce this reaction, including details about work-up. The structured format into which

we convert this information consists of a sequence of synthesis actions. It is to be noted that

restricting syntheses to the sequential execution of actions prevents us from supporting non-

linear workflows. However, such branched synthesis procedures are rare when considering

single reaction steps. Furthermore, they can partly be remedied by the choice of actions, as

will be explained below.

The predefined set of synthesis actions must be flexible enough to capture all the infor-

mation necessary to conduct the chemical reactions described in experimental procedures.

The actions we selected are listed in Table 1. Each action type has a set of allowed proper-

ties. For instance, the PH action can be further specified by a substance, a quantity, and/or

a pH value (and nothing else). The properties allowed for each action type are listed and

explained in the Supplementary Note 1 and Supplementary Table 1.

Most action types listed in Table 1 correspond to actual synthesis operations with direct

equivalents in the wet laboratory. We note that drying and washing, in organic synthesis,

correspond to different operations depending on their context. In particular, the additional

properties attached to the two types of drying are different and we therefore define two

action types for drying, DryInVacuum and DryWithMaterial. MakeSolution describes the

preparation of a separate solution. This enables us to support experimental procedures that

require solutions or mixtures to be prepared separately for use in another action. Accordingly,

MakeSolution is important in ensuring the compatibility with a linear sequence of actions,

by avoiding the necessity to consider multiple reactors in an action sequence. We ignore
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Table 1: Action types available for information extraction from experimental procedures.

Action name Description

Add Add a substance to the reactor
CollectLayer Select aqueous or organic fraction(s)
Concentrate Evaporate the solvent (rotavap)
Crystallize Re-crystallize a solid from a solvent
Degas Purge the reaction mixture with a gas
DryInVacuum Dry a solid under vacuum
DryWithMaterial Dry an organic solution with a desiccant
Extract Transfer compound into a different solvent
Filter Separate solid and liquid phases
MakeSolution Mix several substances to generate a mixture or solution
Microwave Heat the reaction mixture in a microwave apparatus
Partition Partition the reaction mixture by adding two immiscible solvents
PH Change the pH of the reaction mixture
PhaseSeparation Separate the aqueous and organic phases
Purify Purification (chromatography)
Quench Stop reaction by adding a substance
Reflux Reflux the reaction mixture
SetTemperature Change the temperature of the reaction mixture
Sonicate Agitate the solution with sound waves
Stir Stir the reaction mixture for a specified duration
Wait Leave the reaction mixture to stand for a specified duration
Wash Wash (after filtration, or with immiscible solvent)
Yield Phony action, indicates the product of a reaction
FollowOtherProcedure The text refers to a procedure described elsewhere
InvalidAction Unknown or unsupported action
NoAction The text does not correspond to an actual action

information about glassware and apparatus on purpose, as this is largely imposed by the

availability of equipment or the scale of the reaction, and the reaction success should not

depend on it.

A few action types do not actually correspond to laboratory operations, but are conve-

nient when retrieving information from experimental procedures. The FollowOtherProcedure

action type is selected when the text refers to procedures described elsewhere, in which case

no actual actions can be extracted. NoAction is assigned to text that does not relate to a

synthesis operation, such as nuclear magnetic resonance (NMR) data, sentences describing

6



the physical properties of the reaction mixture, or procedures in other languages than En-

glish. InvalidAction indicates that a text fragment is relevant but cannot be converted to

one of the actions defined above.

When determining the actions corresponding to an experimental procedure, it is impor-

tant to consider that some actions are implicit. For instance, in the sentence “The organic

layer was dried over sodium sulfate”, the phase separation and collection of the organic layer

is implicit (no verb) and will result in a CollectLayer action preceding DryWithMaterial.

Similarly, “23 g of aluminum chloride in 30 mL of dichloroethane was heated to 50 ◦C.”

corresponds to three actions (MakeSolution, Add, SetTemperature) although the sentence

contains only one verb (“heat”).

A single action type may cover a wide range of formulations present in experimental

procedures. For instance, an Add action can be expressed using the English verbs “add”,

“combine”, “suspend”, “charge”, “dilute”, “dissolve”, “mix”, “place”, “pour”, and “treat”,

among others. As an additional example, a Concentrate action can be described in terms

of concentrating a solution, evaporating a solvent, as well as removing a solvent or distilling

it off.

Furthermore, an English verb may correspond to different actions depending on its con-

text. For instance, “heat” may, on the one hand, indicate a punctual change in temperature

for subsequent actions, or, on the other hand, inform that the reaction mixture should be

heated for a specified duration. In the former case, we convert it to a SetTemperature ac-

tion, and in the latter case to a Stir action. Another example is the verb “remove”, which

may relate to Concentrate when associated with a solvent or to Filter in the context of a

filtration.

It is important to note that there can be multiple ways to assign actions to some synthesis

operations. For example, the Quench and PH actions can, in principle, both be formulated

as Add actions. Also, a Partition action can be expressed as two Add actions followed by

a PhaseSeparation action. In such cases, we want to preserve the intent of the original
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experimental procedure and keep the variant closest to the text.

Computationally, actions can be stored as items associating the action type with a set

of properties (complying with the available properties for each action type). For practical

purposes, we define a bijective conversion to and from a textual representation of the actions.

This textual representation is concise and easily understandable. It contains, for each action,

all the non-empty properties of that action. With that format, the textual representation of

the actions corresponding to the experimental procedure quoted above is shown in Table 2.

Table 2: Action sequence resulting from the example experimental procedure given above.

1 MakeSolution with methyl 3-7-amino-2-[(2,4-
dichlorophenyl)(hydroxy)methyl]-1H-benzimidazol-
1-ylpropanoate (6.00 g, 14.7 mmol) and acetic acid (7.4
mL) and methanol (147 mL);

2 Add SLN;
3 Add acetaldehyde (4.95 mL, 88.2 mmol) at 0◦ C;
4 Wait 30 min;
5 Add sodium acetoxyborohydride (18.7 g, 88.2 mmol);
6 Wait 2 h;
7 Quench with water;
8 Concentrate;
9 Add ethyl acetate;

10 Wash with aqueous sodium hydroxide (1 M);
11 Wash with brine;
12 DryWithMaterial sodium sulfate;
13 Filter keep filtrate;
14 Concentrate;
15 Purify;
16 Yield title compound (6.30 g, 13.6 mmol, 92%).

Models for action sequence extraction

We studied several models for the automated extraction of action sequences from experi-

mental procedures.

A first possibility is to parse the text for information about operations, compounds,

quantities, and other conditions. This can be achieved by inspecting the structure of the
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sentences in the experimental procedures to detect the relevant pieces of information with

the help of rules. In this work, we look into two such rule-based methods (see Methods for

details). These models require meticulous work when formulating extraction rules. Still, they

do not always lead to an ideal conversion of experimental procedures into action sequences:

it is virtually impossible to define rules covering every possible way to describe a synthesis,

while at the same time being robust to noise in the experimental procedures.

To improve the quality of extracted actions, we also look into machine learning for this

task. As machine learning models learn from data instead of rules, they are more flexible

than rule-based models. This usually results in a greater robustness to noise. In our case, the

training data can even be provided by the rule-based models in an initial phase. Concretely,

we combine the action sequences generated by rule-based approaches into a pretraining

dataset used for the initial training of the machine learning model. We then refine the

pretrained model with manually annotated samples of higher quality.

The source of the experimental procedure data and all the above-mentioned approaches

for action sequence extraction are detailed in Methods.

We evaluate all the approaches on the test set of the annotation dataset. This set is

made up of sentences that are more complex than the average, since the sentences selected

for annotation represent cases that the rule-based models struggled with (see Methods).

In Table 3, we show three metrics to compare the models for action sequence extraction.

The validity is a measure of syntactical correctness of the textual representation of actions.

It is given as the fraction of predictions that can be converted back to actions (as defined in

Table 1) without error. The BLEU score23 is a metric commonly used to evaluate models

for machine translation. We adapted its calculation in order not to penalize predictions

containing less than four words. The full-sentence accuracy is the fraction of predictions

that are identical with the ground truth (i.e., all the actions extracted for a given sentence

are correct). In the Supplementary Data 1, the interested reader may find the experimental

procedure sentences from the annotation test set with the corresponding actions extracted
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by the different models.

Table 3: Metrics for the extraction of actions, evaluated for the approaches introduced in
this work on the annotation test set. All values are given in %.

Model Validity BLEU score Full-sentence accuracy

Combined rule-based model 100.0 46.7 25.3
Pretrained translation model 100.0 53.5 25.0
Refined model (no augmentation) 99.7 83.0 61.6
Refined model (augmented) 100.0 84.3 61.9
Refined model (augmented, unique) 100.0 84.6 61.3
Ensemble refined model 100.0 85.3 64.5

As is to be expected, the combined rule-based model and the deep-learning model pre-

trained on the rule-based data have a similar performance. Upon manual inspection, it

appears that the higher BLEU score of the deep-learning variant can be explained by sen-

tences that the rule-based model classified as InvalidAction and that the pretrained model

was partially able to predict correctly. Refining the translation model results in a consider-

able improvement, more than doubling the fraction of sentences that are converted correctly.

All three refinement experiments produce models of similar accuracy, none of which is clearly

better than the others. By combining the three refined models in an ensemble model, we

obtain a significantly improved accuracy. In the following, we only consider this ensemble

model for analysis and discussion.

Inspection of the actions extracted by the refined translation model provides interesting

insight into its strengths and weaknesses. Out of the 35.5% incorrectly predicted action

sequences, the differences are often limited to a single action. In some cases, it is even

ambiguous whether the prediction or the annotation is better. In other cases, however, the

predictions are clearly incorrect. For instance, the model sometimes incorrectly identifies

words or word groups as compounds, such as “LCMS” or “reaction mixture can”. Also, in

some cases, the model fails to detect that a sentence corresponds to an invalid action. This

problem is difficult to alleviate, since InvalidActions in the annotations often correspond

to unusual and infrequent operations or formulations.
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To better understand the errors of the model, we take advantage of the ability of the

model to make multiple suggestions for translation with a beam search. This is especially

interesting for the sentences that the model is least confident about. The five best action

sequences suggested by the refined model for all the sentences in the annotation test set can

be found in the Supplementary Data 2.

Discussion

The present work demonstrates the ability of a transformer-based model to extract action

sequences from experimental procedures written in prose. Training such a model on auto-

matically generated data is already sufficient to achieve a similar accuracy as the rule-based

approaches that produced that data. Enhancing the training data with manually annotated

samples rapidly shows the advantage of a data-driven approach, since a small set of an-

notations already leads to a dramatic improvement in accuracy. The ability of the model

to learn a complex syntax with a different set of properties for each action type avoids the

necessity to design a complex deep-learning model taking into account multiple output types

and demonstrates the power of the transformer architecture.

This work represents an important first step towards the automatic execution of arbitrary

reactions with robotic systems. Before this is possible, however, it will be necessary to

develop methods to infer information missing from experimental procedures. For instance,

experimental procedures sometimes do not specify the solvents used for some operations,

their quantities, or operation durations.

While the actions defined in this work are able to cover a large majority of experimental

procedures, we are aware of some shortcomings of our approach. The choice to only support

linear sequences of actions prevents us from addressing cross-references over long distances

in the text. The MakeSolution and CollectLayer partly alleviate this disadvantage by

encapsulating the preparation of a solution taking place in a separate flask, and by allowing
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for combining multiple solvent fractions generated during work-up, respectively. Also, the

current format does not allow operations that depend on the state of the system, in par-

ticular formulations indicating until when an operation must be performed (“until the color

disappears”, “until half the solvent has evaporated”, and so on).

Another limitation originates in our specific choice of action types (Table 1) and cor-

responding properties, which does not yet allow for a 100% coverage of the operations in

organic chemistry. This limitation can be alleviated by extending the action definitions,

which is a process guided mainly by time and experience. In the Supplementary Note 2, we

give a few examples of such limitations, as well as suggestions for addressing them.

Improving the automated extraction of action sequences is an ongoing effort, involving

refinement of the rules to generate data for pretraining the deep-learning model and anno-

tation of more samples for refining it. A future strategy for the selection of the sentences to

annotate will be to choose the ones that the deep-learning model is least confident about.

Although we focused on experimental procedures for organic chemistry extracted from

patents, the approach presented in this work is more general. It can be extended to other

sources, such as experimental sections from scientific publications, as well as other fields,

such as solid-state synthesis.

Methods

Experimental Procedure Data

As a source of experimental procedures, we selected the Pistachio dataset, version 3.0.24

This dataset contains information related to more than 8.3 M chemical reactions, 6.2 M of

which are associated with an experimental procedure.

For each reaction, the Pistachio dataset also contains other information such as patent

details and reaction classes, as well as information extracted from the experimental proce-

dures.
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Rule-based model 1: Actions derived from Pistachio

For each experimental procedure, the Pistachio dataset contains a list of actions and as-

sociated information. Pistachio defines action types similar to the ones in Table 1. The

information associated with the Pistachio actions is not operation-specific; the set of proper-

ties is common to all action types. It consists, most importantly, of a list of compounds and

associated quantities, as well as fields for the temperature, duration, or atmosphere. To con-

vert these actions to our format, we map, where possible, the action types, and post-process

the data attached to these actions. For instance, each compound attached to a Heat action

in Pistachio is converted to an Add action that is prepended to the Stir or SetTemperature

action.

This approach to the generation of actions from experimental procedures is a good start-

ing point, but limits us to the information detected by Pistachio and reported in the dataset.

In particular, some actions relevant to us are not detected, such as all pH-related operations.

Also, the Pistachio dataset contains no information about the relationships between com-

pounds in a sentence.

Rule-based model 2: Actions from custom rule-based NLP

We developed a custom rule-based natural language processing (NLP) algorithm for the

extraction of operations with associated chemical compounds, quantities, and reaction con-

ditions from experimental procedures.

In a first step, the algorithm processes a text independently of the actions defined in

Table 1. It detects operations by searching for verbs corresponding to synthesis operations,

defined in a custom list. By analyzing the context of these verbs, the algorithm determines

the associated compounds and quantities, as well as additional operation conditions. It also

identifies the role of the compounds in the sentence (subject, direct object, etc.), and the

relationships between compounds.

In a second step, the operations and associated information are post-processed to map
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them to the action types of Table 1. This post-processing is similar to the one of the

Pistachio-derived actions detailed above. For this task, information about the relationships

between components and their role in the sentence are very useful. For instance, they indicate

in what order compounds must be added, independently of what comes first in the sentence

(for instance, “To X is added Y” or “Y is added to X” are equivalent). Also, it allows us to

group compounds and convert them to MakeSolution actions when they belong together in

the text (as in “A solution of X in Z is added to a solution of Y in Z.”).

This approach to the extraction of actions from text is more flexible for our purposes than

deriving the actions from Pistachio, since it can easily be modified or extended. In addition,

it allows us to ingest experimental procedures from other sources than the Pistachio dataset.

Combined actions from rule-based models

Starting from a single experimental procedure, both rule-based approaches described above

will generate two sequences of actions that may be different. An analysis of the generated

actions rapidly uncovers their respective strengths and shortcomings. On the one hand, in

our experience, the Pistachio-generated actions are better at extracting Yield actions, or at

detecting under what atmosphere reactions are conducted. Our custom NLP approach, on

the other hand, can cover a broader vocabulary of operations, and supports MakeSolution

actions.

Combining both sources has the potential to generate actions that are better than each

of the approaches taken separately. Formulating an algorithm to accomplish this in a clever

way, however, is not straightforward. In this work, the combined dataset appends Yield

actions from the Pistachio-based extraction to the actions generated by our custom NLP

algorithm.
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Annotations

To improve on the quality of training data based on the rule-based models, we generated

higher-quality action sequences by manually annotating sentences from experimental proce-

dures.

We developed an annotation framework based on the doccano annotation tool.25 An-

notators can open the framework in a web browser and navigate through sentences from

experimental procedures. The page shows the sentence to annotate and a readable represen-

tation of the actions associated with it. An annotator can add new actions, reorder them,

or edit them by opening a separate view. Figures 1 and 2 illustrate what a user of the

annotation framework sees.

Figure 1: Main view of the annotation framework. The sentence to annotate is displayed on
the left-hand side, with the corresponding pre-annotations on the right-hand side. A Wash

action is missing and can be added by clicking on the corresponding button at the top.

The annotation framework is pre-loaded with samples that are pre-annotated by com-

bining action sequences from both rule-based models as described above. The samples to

annotate are not selected at random, but mainly represent categories of experimental pro-

cedures for which the rule-based extraction of actions encounters difficulties. One such cat-

egory relates to verbs whose meaning is highly context-dependent, and another one includes

sentences containing “followed by”, which the rule-based models usually struggle with.

To ensure consistency among the annotated samples, a single annotator reviewed all the

annotations.
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Figure 2: Action edition view of the annotation framework. The properties of the action
missing in Fig. 1 are edited by adding the fields associated to the Wash action.

Data augmentation on the set of annotated samples increases the number of data points

available for refinement in order to minimize overfitting. We augment the data by substitut-

ing compound names and quantities, as well as durations and temperatures, in the annotated

data. The substitutes are selected at random from lists that we compiled from a subset of

the Pistachio dataset.

Machine learning model

We formulate the extraction of action sequences from experimental procedures as a sequence-

to-sequence translation, in which experimental procedures are translated to the textual rep-

resentation of the actions defined in Table 1.

Restricting the output to a textual form is no limitation, since the textual representation

of actions can easily be converted back to the action type and associated properties without

loss. Furthermore, doing so allows for an easier and more flexible setup than designing a

custom architecture for sequential prediction of actions and corresponding properties; this

also means that established model architectures for sequence-to-sequence translation can be

applied with few modifications.

Experimental procedures usually contain very few cross-sentence dependencies. We there-

fore translate experimental procedures sentence by sentence. This simplifies the learning task
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and limits the requirements on the model architecture. In the few cases where knowledge

of the neighboring sentences would be relevant, the missing information can normally be

determined from the context as a post-processing step when combining the sentences. As an

example, from the sentence “The solution mixture is filtered and concentrated.”, it is clear

that the filtrate is kept rather than the precipitate. For “The solution mixture is filtered. It

is then concentrated.”, this fact can be inferred by noticing that the Filter action is followed

by a Concentrate action, which indicates that the phase to keep after filtration must be the

filtrate.

The deep learning model for the conversion of experimental procedures to action se-

quences relies on a transformer-based translation model. The model is implemented with

the OpenNMT-py library.26 The library suggests a set of default parameters for the trans-

former architecture, which we adopted with a few changes. First, we reduced the model size

by decreasing the number of layers from 6 to 4, the size of the hidden states from 512 to

256, and the size of the word vectors from 512 to 256. Second, we changed the values of

the parameters max_generator_batches to 32, accum_count to 4 and label_smoothing to

0. Third, we chose the source and target vocabularies to be identical, and accordingly our

model shares their embeddings.

The translation model is pretrained on the action sequences generated by combining the

NLP and Pistachio approaches as described above. We apply the algorithm to a random

subset of 1.0 M experimental procedures and remove sentences resulting in InvalidActions.

This provides more than 4.0 M pairs of sentences and corresponding action sequences, which

are split into training, validation, and test sets of size 3.2 M, 0.4 M, and 0.4 M, respectively.

The vocabulary is created from the training set with the SentencePiece library,27,28 by

setting a target vocabulary size of 16000. The source and target strings are then tokenized

using the SentencePiece model generated during the generation of the vocabulary.

The model is then pretrained for 350000 steps.

A total of 1764 annotated samples are split into training, validation and test sets of size
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1060, 352, and 352, respectively. Based on this data, training is continued for the final model

of the pretraining step. Three experiments are run. In the first experiment, the training

set containing 984 samples is used as such (“no augmentation”). In the second experiment,

the dataset is augmented as described above to produce 20000 samples (“augmented”).

In the third experiment, the duplicates contained in the augmented dataset are removed,

which results in 13761 samples (“augmented unique”). The validation and test sets are not

augmented.

All three models are trained for 30000 steps, with checkpoints saved every 1000 steps.

For each experiment we then select the model checkpoint leading to the highest accuracy.

We also combine the model checkpoints selected in this fashion into an ensemble model.
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Data availability

The data on which the models for the extraction of action sequences were trained are avail-

able from NextMove in the Pistachio dataset.24 The rule-based and hand-annotated action

sequences are available from the authors upon request.
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Code availability

The trained models can be freely used online at https://rxn.res.ibm.com to extract action

sequences from experimental procedures.
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Graphical TOC Entry

...
STIR for 1 hour at 0° C; 
SETTEMPERATURE −15° C; 
MAKESOLUTION with methane 
sulfonyl chloride and THF (5 mL);
ADD SLN dropwise; 
...

4.
5.
6.
7.

8.
9.

...
The mixture was stirred at 

0° C. for 1 hour, cooled to −15° 
C. followed by the dropwise 
addition of methane sulfonyl 

chloride in 5 mL THF. 
...
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Supplementary Note 1: Properties of actions

The Supplementary Table 1 lists the properties associated with the actions presented in

Table 1 of the main article. The variable type “chemical” represents the name of a chemical,

to which one or several quantities can be attached. For instance, “0.036 g of sodium azide

(0.56 mmol) was added.” results in an Add action, where the property “material” contains

the name “sodium azide” attached with the quantities “0.036 g” and “0.56 mmol”.
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Supplementary Table 1: Action types and corresponding properties.

Action name Variable name Variable type

InvalidAction error string
Add material chemical

dropwise boolean
temperature string (optional)
atmosphere string (optional)
duration string (optional)

CollectLayer layer string
Concentrate (none)
Crystallize solvent chemical
Degas gas string (optional)

duration string (optional)
DryInVacuum duration string (optional)

temperature string (optional)
DryWithMaterial material string (optional)
Extract solvent chemical

repetitions integer
Filter phase to keep string (optional)
FollowOtherProcedure (none)
MakeSolution materials list of chemicals
Microwave duration string (optional)

temperature string (optional)
Partition material 1 chemical

material 2 chemical
PH material chemical

ph string (optional)
PhaseSeparation (none)
Purify (none)
Quench material chemical
Reflux duration string (optional)

dean stark boolean
SetTemperature temperature string
Sonicate duration string (optional)

temperature string (optional)
Stir duration string (optional)

temperature string (optional)
atmosphere string (optional)

Wait duration string
temperature string (optional)

Wash material chemical
repetitions integer

Yield material chemical
NoAction (none)
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Supplementary Note 2: Discussion of the current set of actions

Defining the action types and corresponding properties is a compromise. On the one hand,

we want to keep the action vocabulary concise in order to limit the complexity and make

the models easy to train. On the other hand, we would like to cover as many operations as

possible.

Currently, sentences containing unsupported operations are either converted to an InvalidAction,

or the incompatible piece of information is ignored. The most common examples are the

following:

• Currently, Add considers a main reactor containing a reaction mixture to which other

substances are added. In some experimental procedures, however, the reaction mixture

is poured into another solution instead. While in many cases the directionality of the

addition operation does not matter, sometimes this differentiation may be important,

such as when the reaction mixture is to be added to something else dropwise. To

support this, a property specifying the directionality of the addition could be added

to Add.

• SetTemperature indicates a punctual change in temperature, while in some procedures

the change in temperature happens over a specified duration. Such an example would

be “The reaction mixture is cooled to room temperature over 5 hours.” Currently,

such a sentence would be converted to a Stir action, meaning a punctual change to

room temperature followed by stirring for five hours. In most cases, this distinction

is irrelevant. Still, to make it explicit, a property for the duration could be added to

SetTemperature.

• The Purify action type currently has no properties. It could be extended to include

information about how the purification should proceed.

• Some experimental procedures specify an atmosphere for reflux operations, or for op-

erations converted to SetTemperature. Both Reflux and SetTemperature currently
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have no support for that, but a corresponding property could be added if desired.

• Experimental procedures sometimes specify a temperature or the speed of addition

for quenching or pH operations. Support for these can be achieved by considering

“dropwise” and “temperature” properties for PH and Quench, as for the Add action.

• Currently, the only available action type for drying solids is DryInVacuum, which im-

plicitly assumes that drying happens under reduced pressure. Nevertheless, in some

experimental procedures, solids are dried with air or inert gases, which is not supported

by the current set of actions. To support both, DryInVacuum could be converted to

an action DrySolid including, as parameters, whether drying happens under reduced

pressure or under a specific atmosphere.

• Some operations occurring in experimental procedures are not covered by the current

set of actions. This could be remedied by adding corresponding actions types and

properties. Examples of such operations are trituration and hydrogenation.
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