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CONSPECTUS: We must accelerate the pace at which we make technological

advancements to address climate change and disease risks worldwide. This swifter pace Chemistry Dat
of discovery requires faster research and development cycles enabled by better \ T ata
integration between hypothesis generation, design, experimentation, and data analysis. b\ ! e

Typical research cycles take months to years. However, data-driven automated g

laboratories, or self-driving laboratories, can significantly accelerate molecular and Artificial
materials discovery. Recently, substantial advancements have been made in the areas of \ (o Intelligence
machine learning and optimization algorithms that have allowed researchers to extract ~Automation o‘

valuable knowledge from multidimensional data sets. Machine learning models can be

trained on large data sets from the literature or databases, but their performance can

often be hampered by a lack of negative results or metadata. In contrast, data generated by self-driving laboratories can be
information-rich, containing precise details of the experimental conditions and metadata. Consequently, much larger amounts of
high-quality data are gathered in self-driving laboratories. When placed in open repositories, this data can be used by the research
community to reproduce experiments, for more in-depth analysis, or as the basis for further investigation. Accordingly, high-quality
open data sets will increase the accessibility and reproducibility of science, which is sorely needed.

In this Account, we describe our efforts to build a self-driving lab for the development of a new class of materials: organic
semiconductor lasers (OSLs). Since they have only recently been demonstrated, little is known about the molecular and material
design rules for thin-film, electrically-pumped OSL devices as compared to other technologies such as organic light-emitting diodes
or organic photovoltaics. To realize high-performing OSL materials, we are developing a flexible system for automated synthesis via
iterative Suzuki—Miyaura cross-coupling reactions. This automated synthesis platform is directly coupled to the analysis and
purification capabilities. Subsequently, the molecules of interest can be transferred to an optical characterization setup. We are
currently limited to optical measurements of the OSL molecules in solution. However, material properties are ultimately most
important in the solid state (e.g, as a thin-film device). To that end and for a different scientific goal, we are developing a self-driving
lab for inorganic thin-film materials focused on the oxygen evolution reaction.

While the future of self-driving laboratories is very promising, numerous challenges still need to be overcome. These challenges can
be split into cognition and motor function. Generally, the cognitive challenges are related to optimization with constraints or
unexpected outcomes for which general algorithmic solutions have yet to be developed. A more practical challenge that could be
resolved in the near future is that of software control and integration because few instrument manufacturers design their products
with self-driving laboratories in mind. Challenges in motor function are largely related to handling heterogeneous systems, such as
dispensing solids or performing extractions. As a result, it is critical to understand that adapting experimental procedures that were
designed for human experimenters is not as simple as transferring those same actions to an automated system, and there may be
more efficient ways to achieve the same goal in an automated fashion. Accordingly, for self-driving laboratories, we need to carefully
rethink the translation of manual experimental protocols.
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Figure 1. Diagram of the design—make—test—analyze cycle in our self-driving laboratory, showing the process for the development of new organic

semiconductor laser materials.

automated instrumentation, and databases, is introduced
and used to optimize color, robotic HPLC sampling and a
cocktail recipe.

Langner, S.; Hise, F.; Perea, ]. D.; Stubhan, T.; Hauch,
J; Roch, L. M,; Heumueller, T.; Aspuru-Guzik, A;
Brabec, C. J. Beyond Ternary OPV: High-Throughput
Experimentation and Self-Driving Laboratories Optimize
Multlcomzponent Systems. Adv. Mater. 2020, 32 (14,
1907801.” The “Phoenics” algorithm guides an automated
thin-film fabrication and characterization platform to
optimize the photostability of a multicomponent blend of
organic photovoltaic materials.

Christensen, M.; Yunker, L. P. E.; Adedeji, F.; Hise, F,;
Roch, L. M,; Gensch, T.; dos Passos Gomes, G.; Zepel,
T.; Sigman, M. S.; Aspuru-Guzik, A.; Hein, J. E. Data-
Science Driven Autonomous Process Optimization.
Commun. Chem. 2021, 4 (1), 112.° Bayesian optimization
of discrete and continuous variables enables automated
synthesis and characterization to find optimal ligands and
conditions for a stereoselective Suzuki—Miyaura coupling.
Seifrid, M.; Hickman, R. J.; Aguilar-Granda, A.; Lavigne,
C.; Vestfrid, J.; Wu, T. C,; Gaudin, T.; Hopkins, E. J;
Aspuru-Guzik, A. Routescore: Punching the Ticket to
More Efficient Materials Development. ACS Cent. Sci.
2022, 8 (1), 122—131." Quantifying the costs of combined
manual and automated synthetic routes enables the inverse
design of materials that are cheaper to synthesize without
sacrificing important properties.

1. INTRODUCTION

Recently, rapid progress in computer power and algorithmic
efficiency has enabled the extensive computational exploration
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of chemical space to design new materials. Yet, even the most
rigorous simulations still cannot replace experimental data.
Accordingly, synthesis is the bottleneck to progress in materials
design, demanding a complete rethinking of conventional
approaches. Hence, we believe that the implementation of self-
driving laboratories in a closed-loop workflow is necessary to
significantly speed up material design.

Self-driving laboratories unify artificial intelligence (AI) with
automated robotic platforms to realize autonomous exper-
imentation.”™ The closed-loop workflow is generally sub-
divided into four steps: design, make, test, and analyze
(DMTA; Figure 1). Autonomous experimentation is involved
in both the make and test steps, but the interface to the design
and analyze steps is also essential for autonomous
experimentation. In this Account, we delineate our approach
to implement a self-driving laboratory and discuss challenges
and successes along the way.

2. WHY BUILD A SELF-DRIVING LAB?

Human and robotic strengths are roughly orthogonal. Actions
that human researchers efficiently perform are difficult for
robots and vice versa. For example, the actions of separating,
dispensing solids, and extracting are relatively straightforward
for humans but currently present significant obstacles for
robotic systems. Notably, these processes all involve some
combination of visual feedback, on-the-fly troubleshooting, and
the possibility of results far outside the expected experimental
parameters. In contrast, automated systems can efficiently
handle well-behaved experiments within their design toler-
ances. These systems provide highly reproducible results and
significantly higher throughput and collect large amounts of
quantitative data. Mainly, they are well-suited to tasks where

https://doi.org/10.1021/acs.accounts.2c00220
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Figure 2. Integration of ChemOS and its most important algorithms into the process or material optimization workflow.

intensive physical properties characterize the entire system
appropriately. While handling liquids tends to be easy to
automate, the difficulty of dispensing powders depends on the
total number of solid particles to be transferred. When that
number is small, the local properties of each grain are
important. However, when that number is large, the properties
are more fluid-like, simplifying the process. When it comes to
proposing new experiments, self-driving laboratories are better
at learning from data due to their ability to handle high
dimensionalities. However, human researchers can use their
domain knowledge to transfer the results between distinct
experiments and predict the outcomes of entirely new ones.
Nevertheless, machine learning (ML) algorithms using transfer
learning are steadily improving at imitating that ability.'’

After the initial time and monetary investment, self-driving
laboratories decrease the required human labor, freeing
researchers up for higher-level scientific tasks such as
formulating hypotheses, designing experimental campaigns,
and interpreting data. Carefully designed autonomous experi-
ments can also decrease material consumption and increase
efficiency when paired with experiment planning algorithms by
minimizing instrument downtime. Comprehensive online
process control provides insight into the underlying mecha-
nisms, enables more systematic optimizations, and allows the
detection of potential hazards. Additionally, self-driving
laboratories increase safety by handling hazardous materials
with minimal human exposure.

Finally, self-driving laboratories promise both increased
throughput and precision in the production of high-quality
experimental data needed for data-driven approaches.'' They
can increase reproducibility as they eliminate human error and
maintain better records of “failed” experiments. Particularly,
the publication of full data sets from self-driving laboratories, as
well as standardized data formats, have the potential to
promote the publication of negative results in easily accessible
databases. This is important because the current endemic
publication bias is detrimental to ML approaches as “negative”
results are as important as “positive” ones for training

12,13

models. Standardized digital procedures promise more

straightforward transferability between laboratories, enabling

. . . 14-16
delocalized and reproducible science.
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3. OUR APPROACH

3.1. Experiment Planning and Digital Infrastructure

Experiment planning is an important part of the design node in
the DMTA cycle (Figure 1), which integrates experimental
design, resource scheduling, and hardware control. Previous
approaches to self-driving laboratories involved tailor-made
software applicable only to one specific application.'”
However, since many processes are cOmmon across
laboratories, our group designed ChemOS as a versatile
software package agnostic to the experimental environment,
supporting both fully autonomous workflows and the active
involvement of researchers.”'® ChemOS is flexible because it is
agnostic to the specific hardware being controlled. It performs
the higher-level tasks of orchestrating experiment scheduling
and selecting future experiments by ML on the basis of
feedback from previous results. Recent efforts by other groups
have taken the abstraction of orchestration and hardware
control even further by controlling a self-driving lab through a
hierarchical framework of web servers.'” ChemOS also allows
one to connect to multiple database management systems to
facilitate flexible data transfer and storage. Accordingly, data
from past campaigns can be reused to guide future research.
Furthermore, ChemOS allows for the remote control of
hardware, facilitating the decentralization of equipment to
generate geographically distributed meta laboratories. In these
meta laboratories, parallelization of research campaigns can be
carried out more efficiently and cross-disciplinary collabo-
rations are facilitated, accelerating innovative research.

Another crucial ingredient of self-driving laboratories is the
creation and maintenance of a standardized data framework
that can inform algorithmic choices throughout the loop,
which is the central hub for every part of the DMTA cycle. To
this end, we created a NewSQL database, Molar,”® which is
already in operation in our lab and interfaced with ChemOS.
To ensure that no data is lost, it implements event sourcing,
which allows one to roll the database back to any point in time.
To facilitate information sharing between groups, we
developed a Python client with tight integration with the
pandas library.”">>

Our group has developed various experiment planning
algorithms, some of which are already implemented in
ChemOS (Figure 2). Phoenics is a Bayesian global
optimization algorithm based on kernel density estimation
that proposes new experimental conditions on the basis of

https://doi.org/10.1021/acs.accounts.2c00220
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room temperature.

prior results, minimizing redundant evaluations.”* Additionally,
it can adopt strategies for both exploration and exploitation of
the search space. Chimera is a flexible achievement scalarizing
function for multiobjective optimization.”* Multiobjective
optimizations usually rely on handcrafted figures of merit,
and it is challenging to design them without prior knowledge.
Chimera relies on a user-specified hierarchy of the objectives
together with their tolerances, allowing less important
objectives to improve only if more important ones are not
substantially degraded. Gryffin is a general-purpose Bayesian
optimization framework for categorical variables.”> Like
Phoenics, it relies on kernel density estimation and uses
smooth approximations to categorical distributions. Further-
more, Gryfin can use domain knowledge in the form of
descriptors to approximate categorical variables in a con-
tinuous space. Gemini is a multifidelity ML algorithm that
performs dynamic bias correction.”® In the context of self-
driving laboratories, it can be used to correct systematic biases
of proxy experiments by learning from more expensive
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measurements. Finally, Golem is an algorithm applicable to
any experimental planning strategy that accounts for input
uncertainties using probability distributions and locates optima
that are robust to input variations arising from uncertainties in
experimental conditions or instrument imprecision.27

Our group has applied ChemOS and Phoenics to maximize
the hole mobility of organic hole transport materials, which is
critical for perovskite solar cell performance.”® Their sensitivity
to processing conditions and the large multidimensional search
space make them difficult to optimize. Together with the Hein
and Berlinguette groups,” we developed an autonomous setup
capable of depositing, processing, and characterizing organic
thin films by measuring pseudomobility as a surrogate for hole
mobility. The setup varied the concentration (0—100%) of an
FK 102 Co(III) TFSI salt (tris(2-(1H-pyrazol-1-yl)pyridine)-
cobalt(III) tri[bis(trifluoromethane)sulfonimide]) and the
annealing time (0—240 s) of the film in a forced convection
annealing furnace. In less than 30 h each, two independent
optimization campaigns converged on the same global

https://doi.org/10.1021/acs.accounts.2c00220
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maximum with low dopant concentration and annealing times,
demonstrating the reproducibility of our approach.

Additionally, our group along with the Brabec group” has
used ChemOS and Phoenics to explore the formulation of
quaternary blends to improve organic photovoltaic (OPV)
stability. As the search space is inherently high-dimensional, we
set up a parallel robotic workflow for the production of OPV
films via drop-casting. Compared to a grid search, ChemOS
located the most stable composition after only evaluating 7% of
the space, highlighting the efficiency of Bayesian optimization.

Recently, ChemOS was employed to optimize the reaction
conditions of a stereoselective Suzuki—Miyaura cross-coupling
of vinyl (pseudo)halides.” Undesirable E to Z inversion of the
double bond depends on the phosphine ligand. Together with
colleagues at Merck and in the Hein and Sigman groups,” we
used ChemOS to plan experiments on a Chemspeed SWING
automated synthesis platform (ASP) coupled to an HPLC-UV
system at Merck. Active learning was carried out with the
experiments performed in batches of 8, where the conditions
for each subsequent batch were determined by Phoenics and
Gryfhin on the basis of the results of HPLC analysis. This setup
facilitated a parallelized 192-reaction campaign carried out in 4
days, a 4-fold increase in throughput compared to a typical
sequential approach. Using systematic data science tools and
both quantum mechanical and geometrical ligand descriptors
to facilitate ligand optimization, selectivity for the E product
was greatly improved.

3.2. Synthesis

In the make node of the DMTA cycle (Figure 1), we are
mainly interested in automating manual batch syntheses, i.e.,
the majority of synthetic procedures reported in the literature.
This is important as the translation to batch protocols to flow
and vice versa can be difficult.””*° Although batch reactors
allow straightforward handling of heterogeneous mixtures,
significant progress in that regard has also been achieved using
oscillatory flow reactors.”’ Additionally, batch reactions are
easily performed in parallel, which is important for the increase
of throughput and the acceleration of discovery. We focus
primarily on the development of general batch methods on the
micromolar scale, allowing both the discovery of novel
molecules and the optimization for specific targets with
minimal procedural changes.

We are implementing a mix of turn-key and home-built
systems in our ASP. Turn-key systems promise to be easier to
set up but are often much more expensive, which restricts their
use to laboratories with sufficient financial resources.”” Home-
built systems, which require much more initial time invest-
ment, can be tuned to the specific needs of each lab. Our ASP
consists of a glovebox with two linked chambers containing a
Chemspeed ISYNTH CATSCREEN Robotic Workflow Plat-
form (Figure 3), which we will refer to simply as “the
Chemspeed”. It can dispense solids and liquids and cap and
uncap vials and provides various ways to control temperature
and pressure. The ISYNTH reactor accommodates up to 48, 8
mL reaction vials and has the following capabilities: vortex
stirring, temperature control, reflux, vacuum, and inertization.
Notably, the glovebox allows us to perform air- and moisture-
sensitive reactions. We designed this ASP for high versatility.
Thus, it offers a wide range of methods, providing access to a
large chemical space. However, this type of general system
potentially suffers from lower performance on tasks for which
it is not optimized. In addition, not all components can be used
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simultaneously. In contrast, dedicated systems can be highly
optimized for one specific task, leading to better performance,
reproducibility, and robustness. The Chemspeed and our high-
performance liquid chromatography-mass spectrometer
(HPLC-MS) are primarily turn-key systems for which we
have written custom control software. However, the optical
characterization setup, which is described in detail below, is a
home-built system that has been designed for the specific tasks
described here.

Our first goal was to implement a well-established reaction
with a large substrate scope. We selected the iterative Suzuki—
Miyaura cross-coupling (iSMcc) strategy on the basis of N-
methyliminodiacetic acid (MIDA)-protected boronates devel-
oped by Gillis and Burke (Figure 3).>> Previously, the Burke
group demonstrated the automated synthesis of macro- and
polycyclic materials rich in sp*-carbons as well as pharmaceut-
icals.” This is achieved by iteratively assembling bifunctional
MIDA-protected building blocks using iSMcc reactions to
form carbon—carbon bonds. Many organic electronic materials
can be synthesized in a similar manner: by assembling
(hetero)aromatic building blocks from prefunctionalized
starting materials via cross-coupling chemistry.”> Accordingly,
we decided to target the autonomous synthesis of organic laser
molecules via iSMcc.*® We recently reported the results of an
initial screening campaign®’ and are actively pursuing closed-
loop optimization of these materials.

The iSMcc method comprises three automated steps:
deprotection of the MIDA boronate (BMIDA) to yield a
reactive boronic acid (BA), cross-coupling with the halide of a
building block containing both BMIDA and halide functional
groups, and rapid purification of the product. The resulting
BMIDA-containing product can be used as a substrate for a
subsequent coupling cycle. A wide variety of halogenated and
BA-containing starting materials are commercially available
with bifunctional halo-BMIDA starting materials becoming
more accessible. For instance, employing strict selection rules
regarding price, aromatic (hetero)cycle identity, and functional
groups, we picked 116 purchasable substrates as building
blocks (47 MIDA boronates, 22 difunctionalized substrates,
and 47 halides) for organic laser molecules. Using only four
coupling cycles, we will be able to access approximately one
million distinct organic laser molecules in a fully automated
fashion.

We have adapted each step of the iterative coupling
sequence to be performed in our ASP. The gravimetric
dispensing unit dispenses solids from dedicated cartridges into
the ISYNTH, and the four-needle head tool transfers solvents
and solutions to the ISYNTH from dedicated solvent bottles
or from vials on the Chemspeed deck. The solutions are sealed
by closing the ISYNTH drawers, then heated, and stirred to
start the reactions. The atmosphere within the vials is regulated
by a valve that exposes them to nitrogen or vacuum and by the
position of the drawers, which can be adjusted to
simultaneously control the state of the eight vials in each
column, allowing for them to be open to the ambient
atmosphere, to be fully isolated, or have a vacuum or inert
atmosphere applied. The temperature within the ISYNTH is
controlled by a circulation thermostat, which pumps oil
through the ISYNTH reactor block. After the reactions are
completed, the solvents are evaporated. In the purification step,
the product is isolated using the “catch-and-release” solid
phase extraction (SPE) method.’* The products containing a
BMIDA group (Figure 3) are precipitated from a mixture of

https://doi.org/10.1021/acs.accounts.2c00220
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solvents on top of a short silica column. The desired product is
released by elution via THF and collected. Subsequently, the
solvent is evaporated in the ISYNTH. Finally, in the
deprotection step, the newly synthesized BMIDA-containing
product is redissolved in THF and treated with a strong
aqueous base (1 M NaOH), yielding the unprotected BA for
the next cycle.

3.3. Analysis and Purification

After a batch of reactions is completed, samples from each
reaction mixture are diluted with solutions containing an
internal standard and injected into an in-line HPLC-MS
system equipped with an additional diode array detector
(DAD), as depicted in Figure 4. The substrates and product
peaks are located by monitoring the selected ion chromato-
gram at the m/z value of the expected ionized compounds.
Isotope 1pattern matching is used to confirm their chemical
identity.”® The components of the mixture are quantified using
the 3D chromatogram of retention time, wavelength, and
absorbance intensity. This 3D chromatogram is collapsed into
2D (i.e., retention time and absorbance intensity) by
integration over the spectral range of interest. The resulting
chromatogram is used to determine the retention time of the
molecules and approximate their concentration.

In “discovery mode”, it is impractical to determine
calibration curves for every possible product in order to
estimate its concentration. To address this challenge, we are
developing a method to automatically quantify peaks by their
maximum absorbance wavelength. The absorbance spectrum
of particular peaks would be extracted to determine the
corresponding maximum absorbance wavelength. Next, the
maximum absorbance wavelength would be used to estimate
peak area, height, and other peak parameters. This approach
avoids the pitfall of quantification using a single wavelength
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that can readily result in misestimation of the concentration of
various components based on differences between their
respective absorption coefficients at the chosen wavelength.
Nevertheless, it is challenging to determine the true
concentration of the components, which have a wide range
of possible absorption coeflicients at their respective maximal
absorbance wavelengths, since we cannot make reference
samples in “discovery” mode. However, this method has the
potential to improve our accuracy and be more robust since
our quantification will be based on the compound’s maximal
absorption coefficient, which may minimize errors in the
response compared to performing the same analysis at an
arbitrary wavelength. Additionally, we are exploring this
method because we use the maximal absorption wavelength
to adjust concentrations for subsequent optical character-
ization, as described below. Because the response is directly
related to the signal, the adjustment of the concentration based
on absorbance at the maximal absorbance wavelength makes
the most sense.

In principle, it is possible to selectively isolate and transfer
the desired compounds to the in-line characterization devices
in real time. However, for the time being, we use separate
injections because in “discovery mode” we are examining
numerous reactions for new compounds with varying reaction
yields. In addition, the properties of the target compounds
such as the absorption coeflicient are unknown in advance and
vary widely. Hence, it is better to adjust the quantity of sample
transferred to the characterization devices on the basis of the
absorption data obtained from the first injection.

3.4. Characterization
Once the synthesized compounds have been isolated, they are

transferred to several measurement flow cells for character-
ization (Figure 4). This configuration allows for greater
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Figure S. Autonomous robotic workflows can accelerate the discovery of solid-state inorganic materials using proxy experiments. These can then be
used in conjunction with more accurate full experiments to perform multifidelity optimization of the inorganic materials.

flexibility since the sample can be optimized for each
measurement by adjusting the concentration, mixing with
other reagents, or even changing the solvent via evaporation
and redissolution.

Automated experiments where the instruments are linked by
stepwise robotic sample transp01rt28’39 require less process
optimization for each measurement as the intermediates can
simply be purified, and samples can be prepared between
successive experiments. In contrast, in-line processes must be
optimized so that the initial sample is suitable for all
subsequent experiments. Nevertheless, properly optimized in-
line processes have the potential to lead to substantial time
savings. The advantage of in-line “discovery mode” synthesis is
that only very small amounts of material are required for full
characterization, which makes it possible to run reactions on a
much smaller scale and results in more efficient utilization of
both money and materials. However, an important drawback of
the in-line approach is that it is limited mainly to characterizing
samples dissolved in a single solvent. To address this challenge,
we have built a “quasi-in-line” setup, where samples can be
dried and redissolved with a different solvent in the collection
vials. This can be done after the samples are collected from the
HPLC or between multiple rounds of optical characterization
in order to measure a sample’s properties in multiple solvents.

We have built custom in-line instruments to measure optical
properties such as UV—vis absorbance and photoluminescence
(PL) spectra, relative PL quantum yield (PLQY)," photo-
degradation rate, and PL lifetime (Figure 4). For the
absorption and PL instruments, a charge-coupled device
(CCD) spectrometer is coupled to the cell holders for each
measurement via a Y-junction optical fiber. In order to
estimate the relative PLQY by measuring the absorbed power,
the PL instrument has also been equipped with a power meter.
In principle, both absorbance and PL spectra can be obtained
from the same flow cell. However, we have separated them to
maximize the signal-to-noise response for minimal analyte
amounts by optimizing the respective cell designs. To measure
the PL lifetime of a molecule, the time-resolved PL is recorded
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using time-correlated single-photon counting (TCSPC)*" with
a picosecond pulse laser. The instruments described above are
controlled by modules written in Python. All of the
measurement parameters such as exposure time for the PL
spectrum and excitation intensity and frequency for the PL
lifetime measurements can be automatically adapted to the
sample response.

3.5. Solid-State Materials

The experimental methods described in the previous sections
have focused on synthesis, analysis, and characterization in
solution. However, the structure—property relationships of
solid-state materials are central to the performance of virtually
all materials."* To address the gap in both data and knowledge
of the inorganic structure—property realm,*’ we are building an
autonomous robotic workflow for inorganic thin-film materials.
The system is designed to be highly modular, accounting for a
wide range of materials synthesis and characterization.
However, given the vast realm of inorganic chemistry, we
have chosen to focus on thin-film catalysts for the oxygen
evolution reaction (OER)*" with planned expansions to CO,
reduction and hydrogen evolution.

The various characterization tools are a combination of
custom-built and turn-key instrumentation orchestrated by
ChemOS. Central to this system is a multichannel potentiostat
with custom-built electrochemical three-electrode cells. This
platform is facilitated by a robotic arm that can manipulate and
access all of the stations within the workflow (Figure 5). The
arm may conduct an on-the-fly transfer of samples between
various characterization systems in a custom order. For
example, as electrochemical characterization is a batch process,
a cleaning station is incorporated to clean the corresponding
cells. While a cell is being cleaned, the working electrode can
be transferred to a separate cell for further electrochemical
characterization or to a different instrument. In conjunction
with the development of ML algorithms for constrained
optimization, this has the potential to minimize instrument
downtime by assigning an optimal order of the experiments.
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These algorithms, which are currently in development in our
group, account for time constraints as well as the destructive or
nondestructive nature of the respective characterization
technique.

One of the key challenges to automated experimentation
with solid-state materials is the use of proxy experiments.””
There are many experiments currently performed by human
experimenters that are impractical to incorporate into a
standalone self-driving lab due to their cost, size, or complexity.
For example, alternatives must be found for experiments that
rely on synchrotron radiation or device fabrication. It can be
difficult to design meaningful proxy experiments, or the proxy
experiments, if possible, may not adequately reflect real
performance. As a result, researchers must perform a cost-
benefit analysis of the integration of proxy experiments into
their self-driving lab. ML algorithms such as Gemini*® that
learn from both proxy experiments and full experiments
coupled with smart autonomous workflows can maximize the
accuracy and efficiency of material characterization workflows
to save time and cost.

4. CHALLENGES AND LESSONS LEARNED

4.1. Replacing Cognitive Processes

The challenges of building a self-driving lab can generally be
broken down into two broad categories: cognitive processes
and motor function. Namely, the challenge of replacing human
cognitive processes comes from bringing ML algorithms into
the “real world” of chemistry, encountering unexpected or
difficult to predict results, and trying to automate instruments
that are designed to be used by humans. A salient example of
this challenge can be taken from the area of molecular design
by Al-guided synthetic route planning for which a central
consideration is what design spaces are accessible. While a
small set of couplings under a limited range of conditions can
be useful for specific applications, it is a much greater challenge
to build a self-driving lab that can make molecules of arbitrary
structure. However, this outstanding challenge is too complex
to be addressed here and continues to see significant ongoing
developments that lead to expanded capabilities.””'>**~** In
summary, to run smoothly, a self-driving lab must be
controlled by robust algorithms and code. Human cognitive
capabilities can usually handle such tasks with ease; however,
their automation can be very difficult.

Most optimization algorithms assume the absence of holes
and that all constraints are known.*” However, real data has
unforeseen holes as specific points can be challenging or even
impossible to explore. Common reasons include reaction scope
limitations, measurement errors, simulation failures, or even
the inability to purchase or synthesize chemicals. Additionally,
known inequality constraints may be present, either due to
physical constraints, e.g., mixing liquids without exceeding the
container volume, or scientific considerations, e.g., testing
molecule mixtures while keeping the total concentration
constant. Unfortunately, generally effective solutions for
arbitrary constraints are still unavailable. We have recently
extended our Phoenics and Gryflin algorithms to be optimized
on noncompact domains that result from interdependent,
nonlinear constraints.”® However, Bayesian optimization with
unknown constraints remains a challenge.

Difficulties with unexpected or difficult to predict results
persist at the stage of analysis and purification as well:
automated identification of unknown compounds is challeng-
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ing.>"** Forward reaction prediction combined with searching
for the expected products facilitates identification. However, it
is also common for unexpected or unknown side products to
form. The identification of them and determination of their
structure automatically is incredibly challenging. Although
efforts have been made to automate the prediction of side
products,” ™7 this is an area where autonomous laboratories,
and indeed humans, still struggle. Furthermore, the suscept-
ibility to ionization and manner in which molecules ionize is
not always predictable a priori. The recognition of molecular
ions in MS is mostly straightforward to automate; however, it
can be challenging to find general analysis conditions. State-of-
the-art MS instruments can rapidly switch between positive
and negative ionization, expanding the scope of detectable
ions. While tandem MS provides structural information,
fragmentation is difficult to predict,’®™*" and few databases
exist for fragmentation patterns.”’ "> In principle, benchtop
flow nuclear magnetic resonance (NMR) can provide addi-
tional structural information as well as purity and yield
estimates.”* "%’ However, its limited resolution and sensitivity
currently hamper general applicability.

Finally, few manufacturers develop their software to consider
self-driving laboratories. Therefore, sometimes, there is no
commercial equipment with an API for comprehensive
external control, and programming support is hardly offered.
Consequently, the adaptation of an instrument for use in self-
driving laboratories often requires a significant time investment
to write custom code.”” “Hacking” instruments without a
sufficient API introduces potential points of failure. Never-
theless, we believe this will change in the future as more
laboratories move to automation, but for the moment,
vigilance is required when choosing equipment.

4.2. Replacing or Replicating Motor Function

The other major type of challenge is replicating or replacing
certain actions that are easy for humans because of their fine
motor skills and hand-eye coordination. For example, trouble-
shooting the electrochemical experiments described above is
more suited to human actions because it requires dexterity and
coordination between visual inputs and motor response.
Electrolyte salts may wick up the working electrode during
bulk electrolysis, causing interference in the current response.
A human researcher can wipe the electrode gently without
interrupting the experiment, but current automated systems
cannot. Rather than adapt automated procedures, the three-
electrode electrochemical cell must be redesigned to suit
automated functionality, as it can increase precision and
reproducibility.

This is especially true because ASPs struggle to replicate
some of these tasks, particularly accurately dispensing small
amounts of solids. Dispensing solids automatically is a well-
known challenge, especially for solids with very different
properties and for amounts less than approximately 20 mg.ég’69
The achievement of both accuracy and precision requires
substantial calibration and testing. For “discovery mode”
synthesis, such an investment is not always feasible as hundreds
of solids can require customized settings. Advances are
ongoing; however, there is considerable room for improve-
ment.” Accordingly, many self-driving laboratories circumvent
that by relying on stock solutions and well-established liquid-
handling technologies, allowing the precise down-scaling of
procedures. Additionally, the preparation of stock solutions can
also be automated with the help of computer vision.”*
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Another major challenge is handling heterogeneous
mixtures, especially for purification. Heterogeneous mixtures
present a significant challenge to systems designed around
liquid transfer via pumps due to their risk of being damaged or
malfunctioning. The avoidance of critical failure requires
careful experimental design and continuous process monitor-
ing. Furthermore, heterogeneous mixtures can complicate
solution-state characterization as homogeneity is typically
assumed. For purification in our ASP, we use disposable
cartridges to perform solid-phase extraction (SPE). However,
SPE is prone to blockages and leaks, potentially requiring
human intervention. Additionally, liquid—liquid extraction is
particularly cumbersome without phase boundary detection.
To minimize product loss, we perform additional extraction
cycles, increasing solvent consumption and the duration of the
experiments. Furthermore, the subsequent precipitation of
solid can cause clogging, requiring manual intervention.
Finally, when synthesizing many compounds, the development
of robust purification protocols suitable for all products is
challenging, and it is likely necessary to have multiple
alternative protocols.

More generally, the automation of every reaction may be
unfeasible, or even impossible, due to instrument limitations.
Hence, we have developed an approach to quantify the costs of
combined manual and automated synthesis routes." Human
chemists would carry out steps that are impossible for the ASP
while taking advantage of its higher throughput and lower cost
to make molecules that would otherwise be unattainable to the
ASP alone. On the path to self-driving laboratories, this
combined approach is analogous to level two or three self-
driving cars, which can perform some complex tasks but still
require human intervention.””

5. FUTURE PERSPECTIVES

In this Account, we have described our progress toward the
realization of a self-driving lab in our group. Starting at the
digital infrastructure, we have developed ChemOS as a
versatile and robust software for comprehensive campaign
orchestration and experiment planning, making use of state-of-
the-art Bayesian optimization algorithms for sample-efficient
operation. At the heart of our robotic workflow, we have
incorporated the Chemspeed as a robotic synthesis engine
performing iterative Suzuki—Miyaura cross-couplings to access
a wide range of organic electronic materials. This platform is
directly connected to purification and characterization via
HPLC-MS and our custom-built optical characterization setup.
For inorganic solid-state materials, we have developed an
automated multichannel potentiostat for electrochemical
characterization facilitated by a robotic arm and are currently
incorporating it into an autonomous robotic workflow for thin-
film materials.

While we have successfully implemented self-driving
components, we have not arrived at a fully autonomous
system yet. Accordingly, we are pursuing multiple avenues to
extend our self-driving laboratory, some of which will be
outlined in this section. The chemical space we can access is
limited by the implemented synthetic protocols. Currently, we
rely solely on iSMcc reactions. To increase our scope, we will
implement other Pd-catalyzed cross-couplings, such as
Buchwald—Hartwig aminations,”” Sonogashira couplings,7
and the Cu-catalyzed azide—alkyne Huisgen cycloaddition,”
and potentially other reactions amenable to iterative synthetic
schemes.”® To broaden the repertoire of chemical reactions,
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the enhancement of the capabilities of our system and the
development of new procedures will be necessary. Some steps
still require human intervention such as loading new vials or
chemicals into the Chemspeed. To automate them, we are
implementing robotic arms directly into our workflow that
imitate human actions. We are also adding an online process
control via computer vision, which will make the system more
robust and versatile.”” The idea is to monitor every operation
and detect experimental failure early on. Moreover, we are
implementing the Chemical Description Language, XDL, as a
standardized synthesis specification to make our experimental
procedures readily transferable to other laboratories and
simplify the adoption of external protocols."””®”” To increase
throughput, we want to perform product identification and
collection with a single HPLC injection, which requires
communication between multiple devices in real time. Lastly,
we want to connect the solution and solid-state capabilities
that we have described above. At the moment, there is no
direct link between solution phase synthesis and solid-state
characterization, and much work remains to be done to
connect these two areas of focus in self-driving laboratories. In
that regard, robotic arms seem to be the most promising
solution to connect these workflows.

Finally, automation is expensive with the short-term
implication that it will be limited to groups and countries
with sufficient budgets. One solution is to build user facilities
targeting a large number of researchers, providing both training
and research opportunities. Prospective users could submit
research proposals similar to how scientists can apply for
beamtime at synchrotrons or propose experiments to be
conducted at CERN. Additionally, these facilities could be
decentralized but connected to form networks of self-driving
laboratories, each with different capabilities, forming the meta
laboratories of the future. To achieve that, academic—industry
partnerships will play an important role in making self-driving
laboratories more accessible. Recently, the Acceleration
Consortium has been established at the University of
Toronto.* Its purpose is to drive innovation in self-driving
laboratories and offer training and experience to researchers in
academia, industry, and government. We believe that the
Acceleration Consortium and similar initiatives around the
world will drive the transformation of scientific laboratories
into the self-driving laboratories of the future.
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