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The automation of chemical reactions in research and development can be an enabling technology to

reduce cost and waste generation in light of technology transformation towards renewable feedstocks and

energy in chemical industry. Automation of reaction optimization, in particular, would remove the need for

expert input by designing algorithms to statistically analyze the reaction and automatically generate

suggested results. In addition, automation can save time and resources, and reduce random human error.

However, automation software is commonly coupled to a specific laboratory or device setup or not freely

available for use. Rxn Rover is an open-source, modular automation platform for reaction discovery and

optimization. Primarily targetting smaller research groups, it is designed using interchangeable plugins to

be flexible and easy to integrate into a variety of laboratory environments. Using the Rxn Rover plugin

architecture, novel optimization algorithms, analysis instrumentation, and reactor components can be used

with minimal or no programming experience. The capability of Rxn Rover is demonstrated in the

optimization of a reduction reaction of imine to amine, relevant to energy conversion and manufacturing

of fine and commodity chemicals. The reaction was optimized separately using optimizer plugins for

SQSnobFit, a Python implementation of the SNOBFIT global optimization algorithm, and Deep Reaction

Optimizer (DRO), a deep reinforcement learning algorithm designed for reaction optimization. Using

plugins designed for pumps, temperature controllers, and an online liquid chromatography system, the

flow reaction was able to be controlled by each algorithm to automate reaction optimization for up to

three days, at which point the results were gathered. A successful optimization was performed with

SQSnobFit, achieving 70% yield and 95% selectivity, while no successful optimizations were achieved with

DRO. Regardless of algorithm performance, Rxn Rover was able to successfully automate both multi-day

optimization searches.

Introduction

With the advent of manufacturing transformation,1,2 many
chemical processes require new designs with sustainable
feedstocks3 and renewable energy.4,5 These new designs,
especially those using heterogeneous catalytic processes, often
require innovative reaction discovery and optimization
techniques to ensure efficient conversion into desired
products. However, newly discovered reactions and catalysts
are rarely optimal immediately, so discovery is often followed
by a long search for optimal reaction conditions to produce
the highest desired product yield, optimal conditions for

mechanistic studies, or chemo-, regio-, and/or stereo-
selectivity.6 Multiple approaches have been taken to decrease
this time-consuming task; and the use of efficient methods
for reaction optimization can reduce the costs of research
and development, minimize wastes, and increase the
efficiency of manpower.

These improvements are critical in low-budget research
environments, where the resources may not be available to
acquire and maintain, or rent, existing, high-cost robotics and
automation equipment, such as the impressive equipment
that is or is becoming standard to the pharmaceutical
industry. Indeed, the pharmaceutical industry has taken the
lead in developing and applying high-throughput, automated
hardware and software to advance drug discovery and
synthesis.7–15 While these advances have enabled significant
improvements in time to solution, safety and reproducibility,
the cost of this specialized instrumentation is well out of
reach of most research groups. There is a need for delivering
affordable and accessible automation solutions to these
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groups. Inspiration from the pharmaceutical efforts can be
applied to many chemical research areas, including those
related to energy and fine chemical discovery.

The traditional approach to explore and optimize a
reaction space is one variable at a time (OVAT), where
reaction conditions are individually and systematically varied,
while all other parameters are held constant.16 OVAT can be
particularly effective in mapping a reaction surface when
there are minimal variables present. However, as the number
of reaction parameters increases, a systematic search of the
reaction space becomes impractical, and one must look to
more advanced statistical analysis techniques to enable
informed, efficient optimization. This is particularly
challenging for sustainable applications with renewable
feedstocks when feedstock composition varies in different
batches.

One common statistical method applied to chemical
reaction searches is design of experiments (DoE).17 DoE
allows a user with expertise in the field to recognize high-
impact factors of a chemical system through a set of
controlled experiments. While DoE is widely used in industry
and academia,18,19 it is still relatively uncommon for DoE to
be incorporated into a chemical optimization algorithm.
Such an algorithm may be capable of “mixed-variable”
optimization, optimizing both discrete and continuous
variables.20,21 For example, Jensen et al. used DoE to create
one of the first chemical optimization algorithms capable of
mixed-variable optimization.22–25 To further increase the
productivity of research, it is advantageous to have search
techniques that can effectively and automatically explore a
large reaction space parameterized by many variables, which
also requires little to no domain-specific knowledge to
perform.

For a fully automated, generalized reaction optimization
scheme, it is likely that no prior reaction or gradient
information will be known. An effective optimization
algorithm in this scenario will need to treat the objective
function (production of preferred products) as a “black box”
and be a direct search method.26 Various black box
optimizers have been implemented in reaction optimization
for single- and multi-objective optimization including
SNOBFIT for global optimization, variations of the Nelder–
Mead simplex method for both local and global optimization,
and Bayesian approaches for multi-objective optimization.27

However, many of these algorithms fail to perform efficiently
with a high number of variables as well.27

Machine learning (ML) is a promising alternative to the
commonly used OVAT and DoE approaches of reaction
optimization and generic, black box optimizers. However,
some black box approaches, like Bayesian approaches, can be
categorized as ML and can perform well on highly multi-
variate problems, for example TS-EMO.28 ML has been shown
to learn and efficiently optimize unknown, highly multi-
variate, multi-objective functions.29–31 Once trained on a
targeted data set, ML algorithms require little to no domain
knowledge to operate. However, training can be difficult and

data-intensive, and there is a risk of overfitting or
underfitting. Additionally, the user usually needs knowledge
of Python, MATLAB, or another programming language to
integrate the ML algorithm into their laboratory situation.

The recent boom over the last decade using automatic
reaction optimization, or self-optimization, in flow chemistry
has seen an increased number of new optimization
algorithms and reactor designs published.27,32 However, a
method to incorporate, test, and design various optimization
algorithms into arbitrary reactor designs freely and easily has
not been realized. To accomplish this, sophisticated physical
and software systems must be designed to incorporate
automatic, algorithmic control of a reaction system. In many
existing self-optimizing systems, automation software is
designed for and tightly coupled to a specific physical
hardware configuration. These hardware configurations may
be designed for a specific reaction,33,34 to be general enough
to be useful in many reactions,14,35 or to be reconfigurable.36

An optimization algorithm designed in this context takes
considerable programming knowledge to apply to other
reactors.

Ley et al. recently developed a generalized, modular
software platform capable of integrating with any number of
reactor setups and optimizers over the internet called
LeyLab37 and demonstrated its generality by using LeyLab to
control a custom reactor.38 LeyLab integrates a laboratory
into the internet of things (IoT), a network of physical devices
connected over the internet, in this case to coordinate
reactions remotely. Like many self-optimization control codes
before it, though, this internet-based, general control
software is not available to freely download, install, and use.
To provide a less complex, open-source alternative, Cherkasov
et al. developed a generalized, modular system control
platform using the LabVIEW programming language called
OpenFlowChem.39 While some reactor hardware is
supported, a considerable amount of work is required by the
programmer to incorporate a new device into the system, and
the tutorial process leaves much room for error and
unexpected complexities to arise.40 OpenFlowChem code
must also be modified to incorporate all reactor components
used in an experiment. Also taking the IoT into
consideration, OpenFlowChem can read files output from
analysis instrumentation, which can be synchronized over
the internet using cloud file sharing.

Rxn Rover (pronounced Reaction Rover) is introduced in this
work as an open-source, general reaction automation software
alternative to LeyLab and OpenFlowChem. Similarly, Rxn Rover
connects an optimization algorithm – machine learning or non-
machine learning – with a reactor and analysis instrumentation
to create a self-optimizing flow system compatible with
heterogeneous catalysts (Fig. 1). This system allows the
optimizer to control and change the reaction parameters,
perform the reaction, analyse the desired results, and choose
the next search step with or without human intervention.
Designed knowing that each research laboratory and experiment
presents different challenges, Rxn Rover supports several
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optimization algorithms, a customizable, modular reactor setup
to allow for arbitrary reactor designs, and has the potential to
support an array of analysis tools using provided or user-created
plugins. Rxn Rover and its plugins are designed to be easy to
use, understand, and modify with little to no programming
experience, but complex enough to support multi-variate
reactions.

Architecture
Overview of Rxn Rover architecture

Rxn Rover is designed as the central control application to
enable reaction self-optimization and provide a flexible

platform to facilitate rapid testing, automation, and design of
new reaction optimization algorithms in a variety of
laboratory environments. Ease-of-use, modularity, and
portability are at the core of the design. An overview of Rxn
Rover will be provided from both a user and programming
perspective in the following sections.

User view. A major goal of Rxn Rover is that the user will
exclusively interact with Rxn Rover through user interfaces.
Most of a user's time will be spent in the main Rxn Rover
window (Fig. 2). Created with ease-of-use in mind, this
interface was designed to be as straightforward as possible
while still providing the necessary tools to add complexity to
an experiment. This window is divided into two major
sections for automated and manual control.

The automated control section is used to configure an
optimization algorithm for automated control over the
reactor and is divided into three distinct subsections:
optimizer control, analyzer, and reactor status indicators.
The optimizer control section loads a control interface for
the optimization plugin, lets the user decide when the next
reaction parameters are sent to the reactor (either manually
or automatically when new parameters are generated), and
allows optimizer parameters to be associated with specific
reactor components. The analyzer section loads the control
interface for an analyzer plugin used to parse relevant
reaction results for the optimizer, which may be from direct
interaction with analysis instrumentation or from a text file.
The reactor indicators section displays a small indicator
panel for each reactor component, allowing the user to
quickly monitor reactor component status, such as flow rates,

Fig. 1 Rxn Rover creates a closed-loop optimization cycle, driving the
reactions and exploring the reaction space.

Fig. 2 Main window of Rxn Rover containing the optimizer control (#1; orange), analyzer (#2; green), reactor status indicators (#3; blue), manual
control options (#4; magenta), and the Rxn Rover button panel to load and control the overall experiment (#5; yellow).
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temperatures, errors, and run state. The manual control
section allows the user to take control of individual reactor
components through the individual plugin user interfaces
(discussed in more detail in the Plugins section below). Along
the top of the window are the Rxn Rover control buttons to
load/unload plugins at the start of an experiment, start/stop
the entire reactor, and exit Rxn Rover.

While being flexible to different laboratory environments,
some laboratories will not frequently change configuration.
Rxn Rover uses an “experiment” file to save the current setup
to be loaded later. An experiment file is created or loaded for
each experiment using the Experiment Manager (Fig. 3),
which is shown each time Rxn Rover is started. Using an
experiment file mitigates the laborious and error-prone task
of manually loading all plugins at the beginning of each
experiment. Copies of an experiment file can also be used as
a template to quickly accommodate new setups with only
slight variations in the necessary plugins. By saving which
plugins were loaded and the associations between the
optimizer, analyzer, and reactor, experiment files can help to
improve reproducibility of experimental results.

Once an experiment setup is configured in Rxn Rover, the
self-optimization may begin. Optimization is started by
passing initial conditions chosen by the optimization
algorithm to the reactor. Parameter ranges are specified and
enforced within the optimizer plugin or the optimization
algorithm. The results of the reaction at the given conditions
are analysed and parsed by an analyzer plugin that passes
the processed results to the optimizer. The optimizer chooses
new reaction conditions based on the results of the previous
trial. This self-optimizing loop continues until optimal
conditions are reached or a user manually stops the loop.
The basic workflow of a Rxn Rover optimization is depicted
in Fig. 4.

Programmer view. While ultimately a user of Rxn Rover
will not interact with the code of Rxn Rover or plugins during
the regular workflow of an experiment, some programming
will still be required when designing new plugins for
unsupported hardware or algorithms, or when modifying
existing plugins to suit the user's needs. Ease-of-use for
experimentalists and process engineers is one of the design
requirements for Rxn Rover and informed the choice of
programming language, LabVIEW. LabVIEW, developed by NI
(formerly National Instruments Corporation), is a graphical
programming language and systems engineering software
whose primary usage is hardware and instrumentation
interfacing and control. The graphical nature of the
programming language, as opposed to a text-based language,
may allow a broader audience with little programming
experience to quickly learn and develop extensions to Rxn
Rover using the more familiar block-diagram nature of
LabVIEW. This rapid development is further aided by plugin
templates provided with Rxn Rover.41 NI also provides many
free, experiment-ready hardware drivers, both NI-brand42 and
third-party,43 which can be easily adopted to work within the
Rxn Rover ecosystem. LabVIEW is also commonly used in
reaction automation, especially flow reaction self-
optimization, so it can be easily adopted and added to by the
community.23,33,35,36,39,44–49

Toward the goals of modularity and portability, Rxn Rover
is designed to use a plugin architecture, allowing an arbitrary
number of optimizers, analyzers, and reactor components to
be added or exchanged for any given process. The association
between reaction parameters proposed by the optimizer and
the reactor components controlling those reaction
parameters can be customized. This modularity enables
integration into a variety of laboratory environments with
minimal adjustments.

The Rxn Rover program is the overall system control
program and acts as the all-in-one user interface. This user
interface is used to load plugins for reactor hardware,
analysis tools, and optimization algorithms, which are
controlled through a communication layer between Rxn
Rover and the plugins. The communication layer consists of
servers in both the Rxn Rover and plugin which maintain the
communication pathways of the system. The overall
architecture and communication pathways of Rxn Rover and
its plugins is illustrated in Fig. 5.

Plugins

A plugin design pattern was used to improve the modularity
and flexibility of the Rxn Rover by allowing components of
the system, i.e., reactor hardware, analyzers, and optimizers,
to be represented by plugins which can be swapped at
runtime. New plugins can also be designed by the user and
readily used in Rxn Rover. A template plugin for hardware is
provided to make the plugin design process more
accessible.41 A plugin created with this template will also be

Fig. 3 Experiment manager window of Rxn Rover. The experiment
manager allows the user to create or load an experiment file when Rxn
Rover is started.

Reaction Chemistry & Engineering Paper

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

9 
N

ov
em

be
r 

20
21

. D
ow

nl
oa

de
d 

on
 2

/2
0/

20
26

 1
1:

31
:5

7 
PM

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d1re00265a


420 | React. Chem. Eng., 2022, 7, 416–428 This journal is © The Royal Society of Chemistry 2022

able to run as a standalone control panel program for the
given instrument.

A plugin for Rxn Rover consists of a communication server
object managed by Rxn Rover, a small indicator panel design,
a plugin configuration file (essentially the identifier of the
plugin), and the plugin source code. Altogether, the plugins
serve as middleware, or software, between the primary Rxn
Rover program and an “instrument” that monitors and
reports state information. Any entity, software or hardware,
that can send and/or receive commands regarding its state
may be considered an instrument to Rxn Rover. For example,
a new optimization algorithm can be considered an

instrument, where the algorithm sends new reaction
parameters and receives the relevant resulting value of the
reaction. An instrument's specific commands are translated
by the plugin to commands that Rxn Rover understands, and
vice versa.

Rxn Rover will search for plugins in three places on a
system. The first location is the “plugins” directory, located
in the Rxn Rover installation directory. This location is
reserved for pre-packaged plugins. The second and third
locations are the Plugins and CustomPlugins directories,
respectively. Both directories are found in the Rxn Rover
subdirectory under the user's Documents directory. The
“Plugins” directory is intended for curated, third-party
plugins downloaded from the Rxn Rover plugin repository,41

while the “CustomPlugins” directory is a location to develop
and test new plugins from the user.

The plugin configuration file (plugin.conf) is formatted as
an INI file, which LabVIEW can read on all operating
systems. An INI file is a text-based file comprised of key-value
pairs separated into sections. Currently, this configuration
file holds four plugin details: the plugin class, which accepts
three distinct options: hardware, analyzer, and optimizer

Fig. 4 Reaction optimization workflow during the two main phases of Rxn Rover operation, set up and performance of the experiment.

Fig. 5 Overall architecture layers of Rxn Rover showing the
communication pathways with plugins.
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plugins; the name to be displayed for the plugin; the specific
plugin type, such as a generic pump or temperature
controller, company-specific hardware, a generic optimizer or
specific algorithm, or a type of analyzer; and the relative path
from the configuration file to the file that serves as the
software entry point for the plugin, such as a Main.vi file
used to launch the plugin. By convention, the plugin.conf file
should exist at the root, or top, directory of the plugin, but by
taking advantage of the relative path to the plugin entry
point, it could be located elsewhere.

Fig. 6 shows the basic architecture for a plugin created
using the provided plugin template. Each plugin created
from this template consists of six control loops, the system
control loop, remote connection manager (RCM), user
interface manager, instrument manager loop (IML),
acquisition loop, and data logging loop. The system control
loop is the central communication hub inside the plugin and
redirects messages received from one control loop to others.
The RCM handles the connection to Rxn Rover, acting as an
internal server for the plugin to send and receive commands
to Rxn Rover, and will not be used if the plugin is used as a
standalone control panel. The user interface manager
handles user interactions with the individual plugin, as well
as updating the data indicators of the plugin user interface
as new data becomes available. The IML handles the
connection to the instrument, sending and receiving
commands about instrument state. The acquisition loop is a
separate, more accurately timed loop which sends a series of
data collection messages to the IML at the given sample rate.
The data logging loop writes instrument data to a log file as
it is acquired by the acquisition loop or if the instrument
state changes.

It is important to note that for many simple plugins, only
the instrument drivers in the IML, the specific acquisition
messages of the acquisition loop, logging file headers in the

data logging loop, the units and labels of the user interface,
and the translation to more general, Rxn Rover-compliant
data in the RCM need to be changed to create a new plugin.
These modifications can take as little as five minutes if
drivers are readily available, and the plugins are for the same
type of instrument (creating a pump plugin by deriving it
from another pump plugin). When creating a plugin from
the generalized plugin template provided with Rxn Rover, it
can take as little as 30 minutes to derive a new plugin for
new types of instrumentation.

Communications

Rxn Rover is the central communication hub between the
many complex components of a self-optimizing system. This
communication must be fast, flexible, and reliable to support
multi-day, fully autonomous optimizations. The three main
communication methods in Rxn Rover are LabVIEW queues,
ZeroMQ universal messaging library,50 and the
implementation of the virtual instrument software
architecture (VISA) standard by NI, NI-VISA.51

LabVIEW provides a queue data structure as a useful data
communication mechanism to pass data between parallel
loops, like the loops used in the plugin architecture shown in
Fig. 6. A queue is a container that maintains a first in/first
out (FIFO) data sequence, where objects are added to one
end of the sequence and removed from the other end. Using
a queue allows messages to be processed in the order they
are received and provides a buffer if message production
exceeds consumption rates.52 Named LabVIEW queues are
also used for communication between the Rxn Rover and
plugins. A unique server object is maintained by Rxn Rover
for each plugin, handling all communication to the plugin
including parsing incoming messages, sending outgoing
messages, and determining when the connection will be
closed. At the heart of the Rxn Rover server object is the
LabVIEW queue, named to be unique to the plugin. The RCM
control loop is used to maintain the connection with Rxn
Rover on the plugin side.

When inter-process and inter-language communication
was required, ZeroMQ was used. ZeroMQ is a lightweight
messaging library focused on removing complexity in
message communication, fitting nicely with the ease-of-use
goal in Rxn Rover. ZeroMQ also boasts implementations in
52 programming languages at the time of writing,53 ensuring
flexibility of Rxn Rover. An example use case is the
communication of an optimizer plugin, written in LabVIEW,
with a machine learning algorithm, written in Python.
ZeroMQ also supports TCP/IP messaging, enabling
communication over the internet if an optimizer must be run
on a remote computer cluster or other computer with the
proper software installed.

Communication with hardware resources has been
standardized in the test and measurement industry through
the VISA standard.54 NI provides an implementation of this
standard in the NI-VISA software, which provides an interface

Fig. 6 Main relationships between the various control loops of a Rxn
Rover plugin. A description of the relationships between the different
control loops is described in the text.
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between LabVIEW and the hardware. NI-VISA is used across
the NI product line. Taking advantage of NI-VISA, Rxn Rover
plugins can be developed for many hardware resources using
existing instrument drivers, such as the many NI and
Eurotherm drivers available. New instrument drivers using
NI-VISA communication can also be developed using NI's
provided tools and resources for instrument driver
development.55

Comparison with related software

It should be noted that Rxn Rover is similar to LeyLab and
OpenFlowChem but improves upon and differentiates itself
from the functionality of each software significantly due to
differing design philosophies and approaches. Rxn Rover
strives to strike a middle ground between the complex
customization options of LeyLab and the restrictive simplicity
of OpenFlowChem. Rxn Rover and OpenFlowChem are both
open source, whereas LeyLab is not. While LeyLab is built to
manage chemical reactions using devices anywhere in the
world via the internet, Rxn Rover and OpenFlowChem may
be installed on a computer in the laboratory and connect to
devices via serial, USB, or Ethernet connections. When design
of Rxn Rover began in 2018, the authors did not have
knowledge of OpenFlowChem. Both programs are designed
with a modular, plugin-like approach to device management,
both are written in the LabVIEW programming language, and
the device monitor plugins can run on their own.

Besides specifics of how the user interacts with the end
system and the types of devices/algorithms supported, there
are significant design differences between Rxn Rover and
OpenFlowChem. For example, OpenFlowChem has a default
configuration that it starts with – 2 pumps and a heater. If
the user's configuration is different from the default – say to
accommodate a new reactor configuration or additional
pumps – programming will be necessary. This requires the
user to purchase a license to LabVIEW to change the code
and to have programming experience. Rxn Rover, on the
contrary, was designed with the philosophy that the user
should not need to do any programming unless their device
is not yet supported. Since Rxn Rover supports a
customizable reactor setup by simply loading device plugins,
only the free LabVIEW runtime environment is needed unless
a component of the reactor is not supported. If a device is
not supported, both OpenFlowChem and Rxn Rover provide
templates to aid a user in creating proper supporting code.
The OpenFlowChem template is deliberately simple in design
to allow the code to be easily understood. This limits the
extendibility of the device monitor template to simple device
operation. Rxn Rover's plugin templates have been designed
to accommodate many possible device operation patterns,
and the same template has been used to design complex
plugins for optimization algorithms, analysis tools, and
reactor hardware (see Plugins subsection above). The
necessary complexity of the template is hidden in back-end
code of an easily understood architecture for beginners with

ample documentation. It should also be noted that, while
OpenFlowChem has been available since 2018 as one of the
first of its kind, there has been little development activity on
the project and no community adoption aside from
continued work by Cherkasov56,57 to the author's knowledge
at the time of writing. Rxn Rover is intended to be
continuously developed in the future and collaborations will
be actively pursued to foster a large community around the
software.

Reaction optimization

To test the automated optimization, Rxn Rover was used for
the optimization of heterogeneously catalysed reduction of
imine (Scheme 1) using the SQSnobFit58 and Deep Reaction
Optimizer (DRO)30 algorithms. The reduction of imines is an
important organic transformation for energy conversion and
manufacturing of fine and commodity chemicals and is used
as a relatively straightforward example to test the initial
capabilities of Rxn Rover.59,60 For example, selective
reduction of CN linkage in N-heterocycles is a critical
transformation for hydrogen storage in liquid organic
hydrogen storage molecules.61 The challenges for this
reaction optimization lie in balancing the ratio of imine and
reducing agent of choice and maintaining the proper reaction
temperature to minimize the hydrolysis of imine,
decomposition of amine, and over-reduction/hydrogenolysis
of amine.62 Heterogeneous catalyst, in this case 5 wt% Pd/C,
is desired over the homogeneous analogue in this work
because solid catalysts are readily separated from the
reaction streams and more robust towards a wide range of
reaction conditions. Also, the use of robust, air-stable solid
catalysts can eliminate the use of environmentally harmful
reagents such as organo-tin or borohydride reagents,63,64

commonly used for the imine reduction.
Poly(methylhydrosiloxane) (PMHS) is used as a mild reducing
agent,65 in which the silane H can be readily activated by the
Pd/C catalyst. Ethanol is chosen as the green solvent.

The reaction evaluation system includes three major
components: flow reactor, controllers (temperature and flow),
and online chromatographic analyzer (Fig. 7). To ensure
generality of this work, Rxn Rover interfaces with and fully
automates a standard plug-flow reactor; this type of reactor is
most commonly used in R&D labs in both academia and
industry. The plug-flow reactor is packed with 5 wt% Pd/C
catalyst (100 mg). Three different liquid pump models
(ChromTech P-MXT, Series III, and P-M110B) are used to
deliver imine (5.0 mM in ethanol), PMHS (0.625 g L−1 in

Scheme 1 Heterogeneously catalysed imine reduction.
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ethanol, containing 9.0 mM active silane H), and pure solvent
(ethanol). Rxn Rover assigns the flow rates of all pumps to
vary the overall concentration of imine or PMHS in the
stream while maintaining a fixed total rate for the same
residence time of the reaction mixtures. Three different
models of liquid pumps are used, and Rxn Rover is fully
compatible with all of the different pump drivers. This is an
important feature for using Rxn Rover for different chemical
applications and in different laboratory environments.

The reaction performance is directly quantified with the
Waters™ PATROL™ system, an online ultrahigh pressure
liquid chromatograph (UPLC™). Simultaneous detection
and quantification can be carried out in one injection for
starting imine, resulting amine, and side products (for
example, acetophenone and aniline as hydrolysis products).
A typical chromatogram is shown in Fig. S1.† The duration
of each liquid chromatogram can be tuned between 1 and
5 minutes as necessitated by the setup of the reactor.
While product quantification can also be achieved with
other types of inline analyzers such as infrared
spectroscopy or benchtop nuclear magnetic resonance
spectroscopy,66 the use of UPLC™ allows the effective
separation of different components and provides
quantitative information for fairly complicated reactions in
a timely manner. Rxn Rover automatically reads the reports
generated by the Patrol system and delivers the analytical
results to the optimization algorithm for decision making.
For reliability of results and to better comply with current
good manufacturing practice,67,68 Rxn Rover can either act
on a single data report or on averaged results at steady
state and the LC results are recorded and directly
associated with the reactor operation conditions.

The maximal concentration of product amines in the
stream is set as a more industrially relevant goal rather than
highest conversion or yield. In the latter scenario, the
optimization may lead to infinite low concentration of imine
which is less meaningful. Starting conditions (0.6 mL min−1

total flow, comprised of 42% imine solution, 25% PMHS
solution, and 33% ethanol; 30.0 °C) were chosen in a region
guaranteed to yield product. The total flow rate was held
constant over the course of each optimization, while the
optimization algorithm could vary the percent composition
of the flow rate and the temperature within a constrained
region (0–50% imine solution, 0–50% PMHS solution, and
28–68 °C). The ethanol solvent pump was used as a
compensator, ensuring the total flow rate always added to
100%. Although either reactant flow cannot exceed 50%, the
higher concentration of PMHS (in respect to silane H, 9.0
mM) over imine (5.0 mM) allows the optimization to cover a
broad reaction space. Default algorithm hyperparameter
values were used since the goal of this study was to
demonstrate the ability to automatically optimize a reaction
for long periods of time with various optimization
algorithms, not achieve the utmost optimal algorithm
performance.

SQSnobFit was used as a state-of-the-art, black box, global
optimizer. The reaction was optimized continuously using
Rxn Rover and SQSnobFit for 68 reactions (204 UPLC
injections; approx. 62 hours). A maximum concentration of
1.5 mM (50% imine, 50% PMHS, 40.9 °C) was found during
the optimization (Fig. 8), which corresponds to 70% yield
and 95% selectivity; the corresponding chromatograms are
shown in Fig. S1.† This maximum concentration was found
after approximately 20 hours (26 steps), although the

Fig. 7 The reaction evaluation system comprised of the flow and temperature control (red, dotted), tubular reactor (blue, dashed), computer
running Rxn Rover (green, dot-dash), and online UPLC™ (pink, solid).
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optimization was run longer to explore other possible
reaction conditions. The concentration of residual imine and
quantifiable side products are also quantified and recorded,
Fig. S2.†

The three independent reaction parameters (two
independent flow rates and one temperature), together with
product concentration, constitute a four-dimensional
reaction space. To understand the effects of the different
reaction parameters, cross-sections of the information-rich
reaction space were constructed using the exploration data
generated by SQSnobFit along reaction conditions that were
frequently probed by SQSnobFit. The first cross-section was
generated along 50% imine, 50% PMHS flow rates (Fig. 9a)
and suggests a negative temperature effect on product
concentration. Higher reaction temperature leads to the
further hydrogenolysis62 of C–N bond in amine and thus
causes decrease of imine yield. The hydrogenolysis products
can be assigned in the LC chromatograms (Fig. S1†).

The second cross-section was generated along 28.0 °C
(Fig. 9b), indicating a negative relationship between product
concentration and the ethanol flow rate. This is obvious
because higher ethanol percentage compromise the possible
concentration of starting imine, which is the pre-requisite of
maximal concentration of product amine. The reaction also

benefits from a slightly higher PMHS flow relative to imine.
This reflects that not all of the silane H in PMHS can be
activated and thus a larger equivalence is often needed.62

A modified version of DRO was attempted which allows
the number of parameters, parameter ranges, and parameter
names to be modified through a configuration file. A
modified objective function was injected to allow DRO to
communicate and receive results remotely using ZeroMQ.
These modifications occur at the interface of DRO with the
user and no changes were made to affect the core algorithm
driving DRO. The modified DRO was trained on nonconvex
mixture Gaussian functions as described by Zhou et al.30

Unfortunately, DRO was unable to find the optimum reaction
conditions in experiments performed for this work (Fig. S3†).
This may be due to issues associated with the default
parameters for the training.

Regardless of optimization algorithm performance, Rxn
Rover was able to automate the optimization search without
internal issues. The SQSnobFit optimization operated for 62
hours, while the DRO optimization operated for 22 hours,
stopping early due to lack of progress toward an optimum.

Fig. 8 Reaction optimization parameters and results in the order of
reactions performed. SQSnobFit was used to guide the optimization.
(a) Temperature (blue, solid) and concentration (orange, dashed) are
plotted. (b) Imine (blue, solid) and PMHS (pink, solid) flow rates, along
with product concentration (orange, dashed) are also shown. The flow
rate of ethanol can be calculated by subtracting the flow rates of imine
and PMHS from the total flow rate (0.6 mL min−1) and is excluded in
this figure.

Fig. 9 Cross-section of reaction surface. (a) at 50% imine, 50% PMHS
flow rate with a blue dotted line to guide the eye. The trendline
excludes the outlier at 44 °C. (b) at 28.0 °C, where one independent
axis is the flow rate of the ethanol pump, and the second independent
axis is the flow rate of imine minus the flow rate of the PMHS solution.
The original data points used to plot the surface are indicated with
black dots, where opaque dots are nearer and transparent dots are
farther away.
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Conclusion

Rxn Rover is presented as a flexible platform to enable
automated reaction optimization in a modular, user-friendly,
reproducible fashion for benchtop studies in independent
research groups. Manual reactor control can also be
accomplished by loading only the reactor components. Using
plugins, Rxn Rover is highly customizable to meet the needs
of a variety of laboratory configurations. If all hardware,
analysis instrumentation, and optimization algorithm
plugins exist, no programming knowledge is needed to
configure and operate Rxn Rover. When plugins do not exist,
a new plugin can be created quickly using a plugin template,
programmed in LabVIEW. Rxn Rover, its plugins, and plugin
templates are open source and freely available to download,
modify, and use on GitHub.41,69 Using experiment files, Rxn
Rover makes it easy to reproduce or modify existing
experimental setups. Rxn Rover also boasts robust data
logging for all plugins and will build a log of the attempted
reaction conditions and results during an optimization.

Reaction optimization of imine reduction was successfully
carried out with Rxn Rover using a standard plug-flow reactor
with a state-of-the-art online chromatography system. These
optimizations were carried out by running the
instrumentation continuously. Two optimization algorithms
were applied to the same reaction. SNOBFIT was used to find
optimal conditions for the reaction. Due to issues with
training and usage, an optimum was not found for DRO. The
coupling of Rxn Rover and a flow reactor with online analysis
was able to save time routinely used for off-line data analysis,
minimize the use of chemicals and catalyst in optimization,
and improve safety by minimizing human and environmental
exposure to chemicals.

Future development will focus on applying Rxn Rover to
reaction discovery for more complex processes, involving
multi-step synthesis and multi-objective problems, with
additional optimizers and analyzers. With the emergence of
new optimization algorithms, Rxn Rover also has potential as
a platform for benchmarking these algorithms on different
classes of reactions and reactor setups. Rxn Rover
experiments can also be performed on simulated experiments
using a virtual reactor and analysis instrumentation, which
can reduce the cost of testing new reaction optimization
algorithms by removing the need to perform potentially
costly experiments in the laboratory.

Experimental
Chemicals and materials

Poly(methylhydrosiloxane) (PMHS, Mn = 1700–3200) was
purchased from Sigma-Aldrich. PMHS contains 14.5 mol g−1

of active silane (quantified by solution NMR), which is very
close to the calculated number (15.1 mol g−1) based on
chemical formula, and therefore the PMHS solution (0.625 g
L−1) contains 9.0 mmol L−1 transferable hydrogen. The 5 wt%
Pd/C catalyst (27 micron) was purchased from Spectrum

Chemical. Ethanol (200 proof) was purchased from Decon
Labs. Acetonitrile (optima grade), water (optima grade),
ammonium acetate (optima grade), toluene, methanol,
acetophenone, aniline, and sodium borohydride were
purchased from Fischer Scientific.

(E)-N,1-Diphenylethan-1-imine, used as the model starting
material for this study, was prepared in the typical manner
through a condensation reaction between acetophenone and
aniline.70 Reagents for this reaction were used as received
from Fischer Scientific. The imine was purified via vacuum
distillation giving a yellow oil that quickly solidified on
cooling. N-(1-Phenylethyl)aniline was then synthesized via
reduction of the imine with sodium borohydride in
methanol.71

Reactor setup

A plug-flow controller is constructed using ¼″ stainless steel
tubing. Both glass wool and quartz beads are packed in the
tubing to maintain the catalyst bed and minimize reactor
dead volume. The pressure is controlled at 250 psi using a
back pressure regulator (Equilibar). Liquid pumps
(ChromTech P-MXT, Series III, and P-M110B) were used to
flow liquid through the reactor with serial RJ12 6P6C RS232C
(P-MXT and P-M110B) and USB-B (Series III)
communications. The reaction temperature is managed using
a temperature controller (OMEGA CN16DPt), with USB
communications.

Online stream analysis and quantification was achieved
using a Waters™ PATROL™ system, an ultra-performance
liquid chromatograph equipped with photo-diode array.
Separation is achieved with a Waters™ ACQUITY™ phenyl
column (1.7 μm, 2.1 mm × 150 mm). A gradient method (5
min per chromatogram) was used with solvent A (90 : 10
acetonitrile and water with 0.64 g L−1 ammonium acetate)
and solvent B (10 : 90 acetonitrile and water with 0.64 g L−1

ammonium acetate). The injection volume is fixed at 100 μL
and an online dilution factor of 10 was accomplished with
acetonitrile. Quantification of imine, amine, acetophenone,
and aniline was achieved via external calibration, using the
default online dilution function to minimize uncertainties
(Fig. S4†). To allow sufficient time for the reactor to
equilibrate to each new set of reaction parameters (flow rates
and temperature), the instrument method injected three
replicate samples after a pause of 30 min.

Automated reaction control

Rxn Rover was used to facilitate communication with the flow
reactor components, parse analysis results, and allow
automated control of the flow reactor by an optimization
algorithm. Pump plugins (two instances of ChromTech MX-
Class and one instance of ChromTech Series III) were loaded
to establish communication with the corresponding pump
models. A temperature controller plugin (OMEGA Platinum
Series) was loaded for temperature controller
communication. To parse report files generated by the UPLC,
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an analyzer plugin (Waters Patrol UPLC Average) was loaded.
Optimizer plugins (SQSnobFit and Deep Reaction Optimizer
for reactions) were loaded for the respective experiment that
used each optimizer.

SNOBFIT72 is a global optimization algorithm, originally
written in MATLAB, which has found success in chemical
optimization.34,35,39,73 A reimplementation of SNOBFIT in
Python, called SQSnobFit,58 was used in lieu of the original
SNOBFIT implementation to avoid the MATLAB language
license pricing. Using the free, alternative implementation
lowers the barrier of entry to replicate the reactions of this
paper or expand upon this work in new chemical spaces with
the same algorithms. To ensure SQSnobFit could perform for
long periods of time, the maximum number of reactions
allowed to find the optimal conditions (“budget”) was set to
1000.

Deep Reaction Optimizer (DRO) is a reinforcement
learning algorithm for optimizing chemical reactions that
was found to outperform state-of-the-art black box optimizers
in mock reactions and real microdroplet reactions.30 A
modified version of DRO was used which allows the number
of parameters, parameter ranges, and parameter names to be
modified through a configuration file. A modified objective
function was injected to allow DRO to communicate and
receive results remotely using ZeroMQ. These modifications
occur at the interface of DRO with the user and no changes
were made to affect the core algorithm driving DRO. The
modified DRO was trained on a nonconvex mixture Gaussian
functions as described by Zhou et al.30 Some issues were
encountered while applying DRO to chemical reactions: some
hyperparameters were not reported; default values in the
code repository were different than those given in the
publication, including a different default “mock reaction
function” used to train the algorithm; and the code base did
not contain sufficient documentation, making it difficult to
understand and interpret the code.

Data statement

Rxn Rover software is available, and contributions are
welcome, at: https://github.com/RxnRover/RxnRover.
Documentation and tutorials are available at: https://
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