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Introduction

1.1 Overview

The field of synthetic organic chemistry is at a transformative juncture, with
self-driving labs (SDLs) offering unprecedented opportunities to address the
inefficiencies and risks of traditional methodologies. For centuries, organic
synthesis has relied on manual, labor-intensive practices that demand expertise
and lengthy training. While these approaches have yielded significant
discoveries, they remain fraught with challenges such as scalability,
reproducibility, and safety. In response, SDLs have emerged as powerful tools
to revolutionize chemical research and optimization by integrating automation,
advanced robotics, and machine learning. This chapter delves into the paradigm
shift enabled by SDLs in photochemical processes. These automated systems
combine fluidic platforms, robotic manipulators, and Al-driven algorithms to
accelerate experimental workflows, optimize reaction conditions, and expand
the scope of discovery. The focus of this thesis is on RoboChem, an advanced
SDL platform designed for photochemical self-optimization, which exemplifies
the seamless integration of cutting-edge hardware and Al. By leveraging SDLs,
researchers can overcome traditional limitations, including the one-factor-at-a-
time (OFAT) approach to optimization, which fails to consider variable
interactions and often results in suboptimal outcomes. Instead, SDLs employ
sophisticated algorithms such as Bayesian optimization to navigate complex
chemical spaces efficiently. This technological convergence also enhances
reproducibility and safety, as automated systems can operate continuously
under controlled conditions, minimizing human error and exposure to
hazardous substances. The chapter will explore the foundational principles,
design considerations, and operational paradigms of SDLs, emphasizing their
transformative potential in photochemistry. Key aspects include the
coordination of hardware and software, the role of Al agents in experimental

planning and analysis, and the challenges of integrating these components into
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cohesive platforms. Examples of existing SDL architectures—ranging from
fluidic systems to mobile robotic chemists—illustrate the versatility and

adaptability of these technologies across diverse applications.

Firstly, this chapter aims to give a background to the area of photochemistry
and, ultimately, sets the stage for understanding how SDLs are redefining the
landscape of synthetic organic chemistry . By addressing critical challenges in
scalability, reproducibility, and innovation, SDLs pave the way for a new era of
discovery, where automation and intelligence drive efficiency, creativity, and
breakthroughs in chemical synthesis. The use of different types of Hardware,
Coordinator Software and Al Agents used in the state of the art SDLs will be

discussed in detail.
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1.2 Introduction

In today’s organic chemistry labs, synthetic methods have remained largely
unchanged for over two centuries, relying on manual techniques that are labor-
intensive, inefficient, costly, and often hazardous. Despite technological
advancements in many scientific fields, traditional organic synthesis methods
still dominate, posing significant challenges in scalability, safety, and
reproducibility. These issues highlight the urgent need for innovative solutions
to revolutionize organic synthesis. Often compared to an art form,[1l mastering
these techniques requires years of experience. Despite technological
advancements in many scientific fields, the traditional methods of organic

synthesis still dominate.

In a typical synthetic organic chemist’s workflow, the process begins with the
selection of a target reaction. Random screenings based on existing literature
are then conducted to identify potential reaction hits. Once an initial hit is
discovered, the focus shifts to optimizing reaction conditions for a single
substrate using the "one-factor-at-a-time" (OFAT) method. This approach
systematically screens variables such as reagents, solvents, and temperature
one by one. However, OFAT does not account for interactions between
variables, which can lead to suboptimal or misleading conclusions, especially in
complex chemical reactions.[2l Moreover, because the reaction conditions are
optimized for a specific compound, they often lack generality and require
further re-optimization for broader applicability.[3] After optimal conditions are
identified, the chemist explores the reaction generality and isolates pure
compounds, while also conducting mechanistic studies to explain the observed

trends.

It is important to note that serendipitous discoveries have also played a

significant role in synthetic organic chemistry.#5] Fundamental
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transformations like the Grignard reaction, Wittig olefination, and Brown
hydroboration were discovered when experimental outcomes differed from
initial objectives, underscoring the importance of remaining open to
unforeseen results. Depending on the methodology's impact, its novelty relative
to the state-of-the-art, and the researcher’s experience, the development cycle
for new synthetic transformations can span several months to years. In addition
to being time- and resource-intensive, this traditional approach presents
several other challenges. First, each experimental setup is typically customized
by the experimentalist, with reaction conditions and results often recorded in
handwritten lab notebooks. This practice can lead to the omission of critical
details, and when combined with variability in equipment and procedures
across different laboratories, it significantly contributes to the poor
reproducibility of much of the literature.lél Second, when conducting reactions
in round-bottom flasks, scaling up often involves changing flask sizes, which
alters mass- and heat-transfer characteristics. These changes frequently
necessitate re-optimization of reaction conditions, adding further complexity to
the process. Third, the manual handling of chemicals and reactions poses
significant safety risks. These risks include exposure to hazardous substances,
potential for spills, and the danger of unexpected or runaway reactions. Many

of these issues could be mitigated through the use of automated systems.[7]

In response to these challenges, this thesis will investigate the development and
use of RoboChem, an automated platform for the self-optimization of

photochemical processes.



Introduction

1.3 Introduction to Photochemistry

In the past decade, photochemistry and especially photocatalysis have been
embraced by the organic chemistry community as a transformative synthetic
method, allowing to develop new and previously elusive synthetic methods.[8-
15] In these methods, light energy can be harnessed by organic molecules and
photocatalysts to reach an excited state,[16] leading eventually to new chemical
bonds. Many of the recently developed approaches are operative under very
mild reaction conditions (i.e., at room temperature, use of visible light,
avoidance of toxic and hazardous reagents), thus providing excellent functional
group tolerance. Consequently, photochemistry and photocatalysis have
seamlessly been merged with other catalytic platforms,[17l such as transition-
metal catalysis,[18-23] biocatalysis,[24-26] enantioselective catalysis,[27-3¢] and
even electrocatalysis,[35-38] allowing to construct chemical bonds using a wide

variety of unconventional coupling partners.

Increasing the reaction temperature is one of the most utilized strategies to
accelerate reactions. An increase in temperature can result in significantly
reduced reaction times.[39 Such fast heating can be achieved by carrying out the
reaction in microreactors/49 or by subjecting the reaction vessel to microwave
energy.l“ll As shown in Equation 1, the Arrhenius formula provides a direct
correlation between the reaction rate and the reaction temperature, which
represents one of the fundamental equations in reaction kinetics.[421 This
equation can be linearized by taking the natural logarithm of the reaction rate
constant and plotting it against the reciprocal temperature (1/T). When the
rate constant obeys the Arrhenius equation, a straight line is obtained where
the slope can be used to determine the activation energy (E,), which

corresponds with the energy required for the molecules to undergo a chemical
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reaction. Often, the required temperature to undergo reaction is so high that it
would result in a premature decomposition of the starting materials prior to
reaction. In such cases, chemists have sought strategies to lower the activation
energy by adding additional reagents for activation, such as catalysts,

acids/bases, reductants/oxidants.

k=A- e(_%) (D
Where:
k is the rate constant [unit depends on the order of the reaction],
T is the absolute temperature [K],

A is the pre-exponential factor or frequency factor, which is related to
the frequency of collisions between reactant molecules [has the same

dimension as the rate constant],
E, is the activation energy for the reaction [J-mol-1],

R is the universal gas constant [8.314 J-K-1-mol-1].

Overcoming these energetic barriers for reaction can also be realized by the
selective absorption of photons (Figure 1.1). Interestingly, the kinetics of
photon-driven transformations are strongly dependent on the photon flux, i.e.,

the number of photons observed per unit time (Equation 2).
k =a- Iﬁ

(2)
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Where:
k is the rate constant [unit depends on the order of the reaction],
a is a constant depending on the type of photochemistry,
I is the light intensity [W-m-2],

B is a constant depending on the photon flux.

For low light intensities (< around 200-250 W-m-2), § is equal to 1.0 indicating
a linear increase of the reaction rate constant with increasing light intensities
(Figure 1.2).31 Since there is no thermal component in this equation,
photochemical reaction rates can be carried out at room temperature and
readily tuned by simply varying the light intensity. From a safety perspective, it
is interesting to note that most photochemical reactions can be easily quenched

by switching off the light.

At a certain moment, a further increase in light intensity will not result in an
enhancement of the reaction rate. The reaction becomes ultimately
independent of the photon flux (f = 0). At that point, the photocatalyst is
constantly active and the reaction medium is completely saturated with
photons. Additional photons will not be productively absorbed anymore.
Notably, it can be easily understood that the linear part of this correlation can
be extended by increasing the catalyst loading (or by increasing the
concentration of the photon-absorbing species). These important insights have
their repercussions on the energy efficiency of the photochemical process, and
it is therefore important to carefully balance the catalyst loading with the light

intensity.
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Figure 1.1. Thermochemical (A) versus photochemical activation (B).
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Figure 1.2. The average reaction rate versus the photon flux. (A) Linear regime where  is 1.0 can
be observed at lower light intensities. The reaction is photon limited in the entire reactor. The linear
part can be extended by increasing the photocatalyst loading. (B) For intermediate light intensities,
Bis around 0.5 and kinetic limitations are apparent in some parts of the reactor. (C) For high photon
fluxes, f becomes 0 and thus the reaction rate is independent of the light intensity. Kinetic limitations
are observed in the entire reactor.
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1.4 Laws of photochemistry

When a reaction mixture is irradiated, only a fraction of the light will be
absorbed as a significant amount of the incoming light will be scattered,
transmitted or reflected.[#4 However, it is only the absorbed light that will be
able to induce a photochemical transformation. This insight is known as the first
law of photochemistry (also called the Grotthiis-Draper law). For example, a
reaction mixture can be irradiated with visible light and no reaction will
typically occur as most organic molecules are transparent to such irradiation.
However, organic dyes and some transition metal complexes can be added to
absorb the light and subsequently transfer that excited state energy via single
electron transfer (SET, e.g., photoredox catalysis),[45-51] hydrogen atom transfer
(HAT),[52531 proton-coupled electron transfer (PCET)54 or collision (energy

transfer, photosensitization).[55-58

Since photochemistry is chromoselective, it is critical to maximize the overlap
between the emission wavelength of the light source and the absorption
characteristics of the photon-absorbing molecules. Often the absorption
maximum (Amax), i.e., the wavelength at which the absorbing species displays
maximum absorbance, is selected or, alternatively, a wavelength region where
no-competitive photochemical-induced side reactions occur (so-called
chromatically orthogonality). As a consequence, light sources with a sufficiently
narrow spectrum are preferred (such as LEDs) to avoid excitation of non-
targeted functional groups or components in the reaction mixtures, which could
lead to undesired side-product formation or solvent heating. It is fair to say that
wavelength-selective light sources lead to more selective photochemical
reactions.l591 Hence, the light quality of the used light source is a key reaction
design factor and can be more important than the total emitted light intensity.
A high intensity light source with a broad emission spectrum wastes a lot of

energy to wavelengths which are not relevant for the targeted reaction. In

10
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addition, due to slight variations during their construction, there are no two
light sources which are identical (even LEDs differ slightly in color and
intensity).l601 It is therefore important that all light sources are carefully
calibrated using an integrating sphere, which is a device for measuring and
quantifying the intensity and spectral range of optical radiation. Such detailed
information on the used light sources should be mentioned in the supporting

information of scientific articles.

The positioning of the light source is also a crucial reactor design aspect.
According to the inverse-square law of light, the light intensity is inversely
proportional to the square of the distance (Equation 3) (Figure 1.3). In other
words, the further the light source is positioned from the reactor, the more light
is lost and the lower the intensity will be in the reaction medium. Kuhn et al.
have shown that for a microfluidic channel an optimal and uniform irradiance
(~90%) could be obtained in the reaction mixture when the distance between
the microchannel and the LEDs was between 1-1.5 cm.[611 The LEDs were
positioned along the length of the entire channel with an inter-LED distance
between 6.5-8 mm. In addition, light can be further focused through use of

mirrors and/or waveguides.

42
(3)

The inverse-square law for light describes the light intensity passing through a
unit area and is inversely proportional to the square of the distance from the

light source, which is treated as a point source with a defined source power,

11
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Where:
I is the light intensity that passed through a unit area [W-m-2],
S is the source power of the light source [W],

1 is the distance between the reactor and the light source [m].

A C
non-irradiated non-irradiated Py
B v

/™\

Figure 1.3. Maximizing the photon capture efficiency by minimizing the lost radiation through
optimization of the light source-reactor distance and through use of refractors. (A) Light source is
not matched with the reactor dimensions and some regions are not irradiated. This means that the
photochemical reactor is effectively smaller than anticipated from its total volume. (B) Optimal
positioning of the reactor and the light source. (C) When the light source is positioned too far away
from the reactor, the amount of lost irradiation increases following the inverse square law for light.

v

lost lost
irradiation irradiation

The second law of photochemistry is stated by the Einstein-Stark law of
photochemical equivalence. It specifies that one photon can only activate a
single molecule and thus a photochemical reaction can be regarded as a one-
quantum process. It should be noted that the law only applies to primary
photochemical processes. Once the photon is absorbed the molecule reaches an
excited state, after which it can undergo a chemical change or fall back to its
original position through loss of energy via e.g., fluorescence. This means that

the quantum yield (@) is often less than unity (¢ < 1).1621 When free radicals

12
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are generated in the photochemical process, a chain reaction can be initiated
leading to apparent @ values which are much larger than unity.[63] From the
perspective of energy cost, such photo-induced radical-chain processes can

actually be advantageous as less photons are required to reach full conversion.

® = number of molecules formed / number of photons absorbed

(4)

When a beam of light is travelling through a solution, photons will be absorbed
leading to a gradual decrease in light intensity. The Bouguer-Lambert-Beer law
(Equation 5) describes the extent of this light extinction phenomenon, which
depends on the molar attenuation coefficient of the absorbing molecules, the
concentration of this species and the light path length. As a consequence,
photochemical reactions are challenging to scale. Larger-diameter reactors are
not suitable as the highest light intensities are observed at the reactor wall
while the center of the reactor will see little to no light (Figure 1.4). Since the
reaction rate depends strongly on the local light intensity (Equation 2), large
variations in local reaction rates can be observed; kinetic rates can easily be 2
to 3 orders of magnitude different depending on the position in the reactor.[64]
Hence, reactors with shallow dimensions provide equal reaction conditions
throughout the entire reaction medium and are consequently the preferred

vessels to scale photochemical transformations.

I
A=—-log T = loglOTO =ecl

(5)
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Where:
A is the light absorption [-],
T is the transmittance [-],
I is the light intensity received by the medium [W-m-2],
I is the light intensity after passing through the medium [W-m-2],

€ is the molar attenuation coefficient or absorptivity of the light-

absorbing species [L-mol™1-cm™],
c is the concentration of the light-absorbing species [mol-L 1],

lis the optical path length [cm].
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Figure 1.4. Attenuation of light as a function of distance in a photocatalytic reaction using
Ru(bpy)sClz (c = 0.5, 1 and 2 mM, € = 13,000 cm-1-M-1) utilizing the Bouguer-Lambert-Beer
correlation (Eq. 5).

If one photon converts one molecule into product, then theoretically 1 mole of
photons should be supplied to convert 1 mole of starting material. This insight

is expressed by the Bunsen-Roscoe Law of Reciprocity, which stipulates that

14
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only the total energy dose (i.e., the total number of incident light quanta)
matters to convert a compound. Hence, the intensity of the light multiplied with

the exposure time should be kept constant as shown in Equation 6:

[+t = constant
(6)
Where:
I is the light intensity [W-m-2],

t is the exposure time [s].

This law has also proven its value in the scaling of photochemical
transformations. The required amount of photon equivalents, which are
defined as the ratio of absorbed photons to the amount of substrate, needs to
be kept equal at each reaction scale. Researchers at Merck-MSD have used this
strategy to successfully scale a photocatalytic C-N cross-coupling reaction from
milligram scale in batch to multi-kilogram scale in flow.l651 However, it is
important to realize that this law has its limitations and is only valid when there
is no follow-up reaction possible. If follow-up reactions are possible (e.g.,
photochemical oxidation reactions), larger diameter photochemical reactors
would result in local regions with high light intensities, typically at the reactor
wall. In those regions, it will be more likely that the formed product will be able
to absorb another photon and be converted to (undesired) side-products than

in regions where the light intensity is lower.
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1.5 Introduction to Self-Driving Labs

In the rapidly evolving landscape of scientific research, the integration of
automation, particularly in the realm of SDLs, represents a pivotal shift towards
a more efficient, reproducible, and scalable scientific method. This approach
leverages advanced algorithms (Al planners), robotics (hardware executors),
and control software (system co-ordinators) for the design, execution, and
analysis of experiments in an automated fashion. It marks a significant
departure from traditional laboratory practices, promising to accelerate the
discovery pace across various fields of science.l¢6] The potential of self-driving
labs presents the opportunity to enable significant cost-savings, increased
safety and the ability to free up scientists time to partake in more exploratory

work.

Automated science is nothing new, with early attempts at computer controlled
processes having been successfully demonstrated in the mid-20th century with
the automation of analytical instruments,67] experimental apparatuslé869 and,
due to the sequential and repetitive nature, peptide synthesis.[7071] While the
automation in these cases focused on a single component of an experimentalists
workflow, these early endeavors laid the groundwork for the more
sophisticated SDL systems we see today. The explosive growth of SDLs in the
most recent decade can be attributed to several concurrent technological
developments. Firstly, from the hardware front, there has been a significant
decrease in the costs associated with robotics and high-throughput
experimentation platforms.[721 This decline in prices makes these technologies
more accessible to a wider range of research institutions, especially academia,
enabling broader adoption, and resulting in a marked increase in academic

publications.[73-75] With the improved technological developments, modern
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SDLs can now incorporate more complex robotics capable of performing
intricate manipulations that were previously either too delicate or too
complex.[76771 Concurrently, there has also been a remarkable advancement in
the capabilities and accessibility of Artificial Intelligence (AI) and Machine
Learning (ML) workflows as well as the rise of Large Language Models (LLMs).
As these technologies have become significantly more powerful and user-
friendly, scientists are better able to integrate these sophisticated data analyses

and experimental design capabilities into their laboratory operations.[7879]

1.5.1 Hardware

With recent technological advancements already making automation of routine,
repetitive, and time-consuming processes common place, the significant
challenge facing the use of such hardware lies in the integration of these
instruments into a cohesive automated workflow.[80] Many factors contribute to
this challenge but, the most significant are the physical transfer of material
between stations, and the centralized control of automated units that were
designed to operate in a standalone fashion. To surpass these challenges, and
ultimately develop a viable SDL platform, a significant re-conceptualization of
the experiment workflow is often required. This has resulted in three
archetypical platform designs: the fluidics platforms, the fixed-robotic-arm
platforms, and the mobile platforms (Figure 1.5). These platforms all cater to
different needs but are by no means mutually exclusive, with many systems
incorporating elements from multiple paradigms into the same platform.[7681]
While these three strategies have already been observed, as this young field
develops further, more paradigms may still emerge inspired by other existing
technologies, for example deposition-based platforms resembling current 3D

printing technologies.
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Figure 1.5. State-of-the-art SDL platforms which highlight the distinctions between the fluidic, the
robotic-arm and the mobile robot platform architectures. a) The ‘Artificial Chemist’ by Epps et al.
(Abulhasani Group) designed to generate on-demand quantum dots with a specific band-gap.(82
b) The ‘Chemputer’ by Steiner et al. (Cronin Group) designed to perform batch-like chemical
reactions with all modules liked via chemically inert tubing.(83] c) The ‘RoboChem’ by Slattery et al.
(Noél Group) designed to optimize single-step flow reactions.84 d) The ‘Ada’ system by MacLeod et
al. (Berlinguette Group) designed to perform material property optimizations.[85] e) The ‘Mobile
Chemist’ by Burger et al. (Cooper Group) designed to perform chemical reactions and general
processes in a human-like manner.18¢] f) The ‘SynBot’ by Ha et al. (Choi Group) designed to perform
multi-step chemical manipulations.(81 g) The robotic flow chemistry platform by Coley et al. (Jensen
and Jamison Groups) designed to autonomously reconfigure the underlying flow platform to
perform multi-step flow reactions.[7¢]

In the fluidic platforms (Figure 1.5, purple), the individual experiment
stations are linked together via chemically-inert tubing, allowing for the
sequential flow of material solutions through each unit. As fluidics are capable
of material transport by nature, it easily overcomes the physical transport
challenges mentioned previously, and has therefore been widely adopted in the

SDL platforms.82-84] In the simpler fluidics platforms, reagents are individually
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pumped through a mixing stage and subsequent reactor with an in/on-line
analytical module(s) (HPLC,871 [R,88] NMR,891 MS,901 or UVI1l) directly
monitoring the output. The feedback from the analytical module (e.g., yield, e.e.,
LCAP, etc...) can then be returned to the Al agent which selects conditions for
the next experiment in the campaign. While many successful optimizations
have been demonstrated in these minimal layouts, the inflexibility of these
platforms restrict the chemical space accessible to the SDL, and limit the
optimization to continuous reaction parameters such as temperature,
residence time or reagent equivalents. Consequently, more flexible systems
such as the RoboChem platform, have sought to introduce liquid handlers
(gantry robots) or switch valves which allow the system to autonomously select
different reagents, catalysts, additives or reaction paths between each
experiment in the campaign.[9293] Although this adds more complexity, it allows
the systems to optimize reactions based on both categorical and continuous
reaction parameters which significantly increases the accessible chemical
space. These platforms have been highly effective for reaction optimization, and
are relatively straightforward to implement in comparison to more elaborate
robotic solutions. However, the fluidic platforms are not universally applicable
as they can only be run with reagents where it is feasible to make stock
solutions of sufficient concentration, and under conditions that the solutions

are flowable/homogenous.

For scenarios beyond the reach of the fluidic systems, robotic arms play
a crucial role (Figure 1.5, red).[94-9¢] In systems that inherently require physical
motion such as the weighing of solids, measurement of solid state properties or
relocation of reactor components, robotic arms are employed to perform the
dexterous and otherwise unachievable manipulations. Although commonly
used to achieve innately physical tasks, robotic arms have also been employed

to operate standalone equipment in an automated manner without the need to
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alter the equipment itself, as was demonstrated by the MAOSIC system.[97] This
is a particularly significant use for robotic arms, as the integration of human-
centered equipment is one of the biggest challenges in SDL hardware
development. The robotic arm and fluidic systems are not mutually exclusive
either, with systems such as Coley et al.’s (Jensen and Jamison groups) robotic
platform incorporating a central robotic arm capable of autonomously
reconfiguring an underlying fluidics platform.[’677] While the robotic arms
increase the flexibility of a given system, the physical reach of these arms also
determines the platform layouts and dictates its maximum size as well as the
placement and accessibility of modules. To address this, larger systems such as
the Synbot by Ha et al. (Choi group) or Adam by King et al. (King group), have
sought to integrate multiple robotic arms or robotic stages into a single
platform, effectively linking platform modules by overlapping the reach of each

robotic element.[81,98]

Although a multitude of successful studies have been performed with
fluidic or fixed-robotic arm platforms, these layouts still rely on a highly re-
conceptualized workflow with all modules either linked together (fluidics) or
strategically placed within reach of a robotic system (fixed-robotic arm).
Aiming to preserve a more human-centered workflow, while still introducing
the advantages of automation, a third approach to SDL platforms has been
demonstrated in which mobile robotic platforms are equipped with a robotic
arm allowing them to operate in a more standardized laboratory environment
(Figure 1.5, blue). Focusing on this approach, the Mobile Chemist from Burger
et al. (Cooper Group) features a robotic system, supplied by KUKA robotics,
which was enhanced by the researchers to operate standard laboratory
equipment within a more traditional lab workspace.8¢] Using this platform,
Burger et al. had the robot perform reactions and analytical work in a

workspace shared with other human chemists. Despite being built to mimic
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human-like researchers, and arguably having more difficulty in performing
many of the manipulations, the mobile robotic chemist was able to operate for
more than 21 hours a day which is notably longer than the work day of a
(healthy) human researcher. While this approach maintains a much more
human-centered workflow, many operational considerations must still be
made, particularly to ensure the safety of the human researchers operating

around the mobile robot.

Ultimately, several approaches to platform development have been
demonstrated but trade-offs must always be made in terms of cost, complexity,
flexibility and capability. Not every platform is suited to every task nor is every
feature needed in every platform. For instance, the elegantly simple Artificial
Chemist from Epps et al. uses a minimalist fluidics platform to achieve its goal
without the need for a more complex and costly robotic arm.[821 Conversely, the
adhesive SDL from Rooney et al. is reliant on the robotic arm due to the required
physical manipulation, and would equally have no use for the Artificial
Chemist’s flow UV /Vis spectrometer.[?¢] It is crucial to strike a careful balance
between the capabilities and complexity of SDL platforms, particularly in
regards to the end goal of the platform, as increased complexity can extend
research timelines, introduce more potential sources of error, and generally
increase development costs. When assessing increased complexity, it is
important to be wary of the perceived 'ease’ in developing these platforms, as
many unexpected problems can arise during assembly. Many of these issues are
not discussed in the literature. Understanding how to approach these
challenges and balance complexity with capability is a crucial part of hardware
development. For further reading, we recommend the review by Christensen et

al. (Hein Group). [99

Many platform designs, especially fluidics-based platforms, have now

been realized. As the field develops, we expect new paradigms to emerge or new
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combinations that integrate current paradigms. Advanced Al algorithms in
many SDLs typically focus on reducing the total number of experiments. In
contrast, hardware automation has traditionally been used for high throughput
experimentation (HTE), facilitating exceedingly high reaction counts. Although
these goals may seem contradictory, it is believed that new systems will likely
emerge where HTE platforms are incorporated into SDLs. These systems could
streamline HTE or, more excitingly, use HTE in tandem with an optimization
SDL to perform 'hit' testing followed by optimization. This would enable a single
unified platform to perform both hit discovery and optimization in an

automated fashion.

1.5.2 Coordinator Software

One of the core challenges in SDL development lies in facilitating information
exchange between machines, Al, and human users in a universally understood
manner. Achieving this within the context of SDLs, often requires a coordinator
software to provide a (graphical) user interface for input from the human
scientist, a hardware interface to translate experiment parameters into
executable tasks for the robotic platform, and an Al interface that translates the
data from the platform to a ML compatible format.[100] Efficient communication
between each of these components is far from trivial, as not only do they
operate with different inputs and outputs, but on a fundamental level they each

seek to achieve different objectives.

Since the broader chemical and material science community cannot be
presumed to have extensive knowledge in machine learning (ML) or software
engineering, it is unreasonable to require researchers to encode their
experiments for direct execution. Therefore, the coordinator software should

have a human-centric interface, ideally a graphical user interface (GUI),
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allowing users to input their experiment parameters intuitively and
straightforwardly. Building user interfaces that provide a simple user
experience without losing platform control or creative freedom is not trivial.
However, researchers now have access to numerous tools for developing such
GUIs. Many of these tools have since found use in existing SDLs, including the
LabVIEW visual toolkit(t0ll or Python frameworks, such as Tkinter(102] and
Streamlit.[103] While a variety of tools are available, developing an effective,
appealing, and user-friendly GUI is time-consuming and challenging for those
without Ul development experience. This is particularly true in academic
settings, where the value of Ul development is not immediately apparent or
prioritized. Given the scale of work involved in creating an SDL, time-
consuming Ul design is not always a priority for developers, especially when
the SDL can be operated directly through a command line. Nevertheless, it is
imperative to invest the time into developing this crucial element to ensure the

platform's use by a wider audience.

At their core, the Al agents are built upon complex mathematical
algorithms and used to generate mathematical models that describe the
relationship between given variables. As such, these agents are heavily reliant
on the numerical nature of their inputs, making their application to chemical
and materials science slightly more complex. While translating numerical
reaction parameters such as temperature or reaction time into an Al compatible
format is straightforward, encapsulating molecular structures or specific
reaction protocols poses a greater challenge. As a consequence, much research
has been directed towards chemical featurization - the process of transforming
chemical data into a machine readable format - with the ultimate goal of using
chemical structures as inputs for Al agents. Notations such as SMILES, SMIRKS,
SMARTS and Chemical Markup Language as well as data-based formats such as

molecular fingerprints, graph-based models,[104 or DFT-based methods have
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now been shown to encode molecular structure information as well as
reactivity information with substantial efficacy.[105] The development of these
featurization methods has opened new avenues for SDLs, allowing the Al agent
to be used beyond the optimization of already numerical inputs and allowing
them to perform target optimizations using ligands, substrates or other
chemical information as an input. In certain cases, the coordinator software
should also filter the raw data fed back to the Al agent to minimize faulty
datapoints. Equally, the coordinator software plays a significant role in deciding
when the ML training campaign is successful, and when to terminate the
campaign based on a number of factors (maximum number of experiments, lack
of improvement after a set number of runs, complete consumption of reagents,

etc.).

Integrating the operations specified by users or Al agents with the
hardware often represents the most formidable challenge in deploying an
automated platform.[9l Due to the custom-built nature of SDLs, tailor-made
software solutions are often required which grants significant flexibility but
often increases the development timelines and leads to platform specific
solutions. To help address the time cost, platform transferability and aid with
proprietary hardware integration, a range of ready-built coordinator software
packages have emerged including ChemOS, AresOS, or the Robot Operating
System (ROS), which are designed to provide more versatile and generalized
options for the orchestration of the SDL workflows.[106107] Additionally, the
chemical description language XDL introduced by Mehr et al. (Cronin Group),
has also been used to convert written synthesis protocols from literature into
unit operations that can be directly executed by an SDL platform, helping to
improve the generality of platform inputs.[198] While these dedicated software
packages can offer many advantages, custom coordinator software is still

preferred in many cases as the developers are more familiar with the inner
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workings of the system, ultimately allowing them to better tailor the software

towards the SDL’s needs.

The final core function of the orchestration software, the analytical data
management and feedback, holds critical importance in the SDL workflow. As
many SDL platforms integrate complex analytical equipment such as NMR,
HPLC and IR amongst others, advanced software to automate the analysis of the
complex datasets is required. Many commercial software tools such as
MestreNova for NMR spectroscopy, or open-source tools such as MOCCA for
HPLC analysis,[1991 have demonstrated great proficiency in the automated
processing and reporting of the data generated by the platforms. Using such
tools, the relevant spectral features from the generated data can be identified,
normalized, deconvoluted and quantified to return the necessary numerical
data back to the Al agent. By incorporating these existing analysis tools, the
coordinator software also plays a key role in translating the raw data output
from the platform into a viable inputs for the Al agent, and thereby

‘close-the-loop’ of the experiment cycle.

1.5.3 Al Agent

Hardware automation has long been integral in the chemical realm but the
recent adoption of ML and Al into the decision-making process has been a truly
innovative leap. Entrusting ML agents with the role of experimental planner not
only streamlines the experimentation process by reducing the total number of
experiments needed to map the chemical space, but it also generates valuable
datasets for training subsequent Al agents. Although these Al agents are highly
capable, care must still be taken to avoid over-fitting the model, where the agent
overly conforms to the training data and fails to accurately predict new points;

or under-fitting the model, where the agent does not learn enough to have
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useful predictive ability. It is also crucial to validate the predictions generated
by these models to ensure they are not the results of artifacts from the training
data. This also underscores the critical role human scientists still play in the
initialization and validation of these ML methods.[110] Many different machine
learning methodologies have now been applied to the current self-driving labs
(SDL) landscape and can be broadly categorized into optimization-based and
discovery-based approaches. Optimization-based methods focus on identifying
the best conditions for a predefined system, prioritizing exploitation over
exploration. In contrast, discovery-based approaches seek to uncover new
interactions, relationships or chemistries, valuing exploration of new chemical
space over the utilization of existing data. The choice of the Al agent for a
specific SDL depends on many factors. However, a crude selection can be made
based on the platform's end goal and the available preceding data. For example,
for optimization, choose an Al agent from the list of agents compatible with
optimizations (Figure 1.6, left). For a discovery-based SDL with no prior data,
use a random sampling agent (Figure 1.6, right). Although some preselection
can be done, multiple Al agents often need to be assessed and their performance

compared before identifying the most suitable agent for the SDL.
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Figure 1.6. Al Agents for SDLs towards optimization or discovery. Overview of
machine learning frameworks and their suitability for optimization or discovery
tasks
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The area of optimization is the most explored in SDL research and as
such many different Al agents have been shown to be effective. The classical
One-Factor-At-A-Time (OFAT) approach, which is typically done during manual
reaction optimization, requires an in-depth assessment of every optimizable
parameter and is therefore slow, resource-intensive and costly by nature. As
such, other methods that yield the desired outcomes with far fewer
experiments, including SNOBFIT (Stable Noisy Optimization by Branch and
FIT), Gaussian Processes (GP), Bayesian Optimization (BO), and genetic
algorithms, have instead been selected for use in SDLs. A detailed
understanding of the advantages these approaches have over the classical OFAT
approach have been previously covered in detail.[!1l] In these more efficient
optimization Al agents (SNOBFIT, Gradient Descent GP, and BO), the initial data
is generated through a low-data exploration method, such as random sampling,
with the subsequent data then being used to feed the Al algorithm. The
algorithms then use this data to map the chemical space and decide upon the
next required data point based on what will give the algorithm a better
understanding of the remaining unmapped space. Each algorithm differs in its
approach towards deciding the next data point, each carrying its own strengths
and weaknesses, but the Al agent that has quickly become a pseudo-gold-
standard for this purpose is Bayesian optimization (BO). BO is notably the most
embraced method in reaction optimization as it is renowned for its ability to i)
optimize blackbox functions, like those found in chemical systems, ii) perform
optimizations after very few trials, and iii) be applied across diverse range of
platforms. Its versatility is evidenced by successful implementations in areas
such as photochemical transformation, multi-objective optimization, materials
discovery, peptide chemistry, and chromatography. BO's widespread adoption
underscores its effectiveness in navigating multi-dimensional optimization
landscapes, making it a pivotal tool in advancing scientific and engineering

challenges.[96.112]
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In recent years, there has been an increase in SDLs geared towards
discovery, particularly with the goal of discovering new materials or chemical
compounds. Due to the inherent complexity and unpredictable nature of such
discovery, there has been less progress in this area than for optimization
processes. Recent work in Large Language Models (LLMs),[113] Neural Networks
(NNs),[114] Decision Trees,[115] random sampling,[116] Random Forests (Figure
1.7, right), as well as developments outside of Al development in the field of
Density Functional Theory (DFT), have given insight into how the discovery
process can be transformed.['17] These Al agents have excelled at discovery
tasks due to their inherent ability to use and process large amounts of data. DFT
has been particularly effective in providing accurate quantum mechanical
descriptions and material properties, which greatly support these discovery
tasks. Although the coupling of these techniques with SDLs is still in its infancy,
there have been some compelling examples in recent years. Streith-Kaltoff et al.
describe a delocalized asynchronous approach for the discovery of organic
solid-state lasers using SDLs.[118] [n addition to this, the A-lab developed by
Szymanski et al. opens up the path to powder handling in an SDL for the
discovery of novel materials.[119 The A-lab is a notable example of
developments in discovery. The system integrates multiple Al agents for
studying literature, analyzing data, and selecting experiments. Through its
automated platform, the A-lab was able to generate a series of inorganic
compounds that were not included in its training set. The characterization and
compound novelty claims have faced criticism due to the lack of precision in the
automated analysis. Ultimately, they serve as a cautionary tale, highlighting the
crucial role of human verification. Furthermore, these technologies are not
meant to be human substitutes but rather serve as collaborative robotic

systems, where humans and robots work together in synergy.
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Final considerations should be made about the availability of data and
the overall fidelity of the available literature. Burke, Grzybowski, et al. recently
showed that the current landscape of literature is largely insufficient for
satisfactorily training ML models.[120] Low reproducibility, human selection
bias, lack of negative examples, and relatively small datasets for any given
chemistry severely hinder the fidelity of literature data. Therefore, the main
innovation and strength of incorporating ML in the experimentation process is
the ability to generate its own unbiased data. However, ignoring the wealth of
research available in literature is short-sighted. Multi-task models that account

for the fidelity of data as an extra parameter can be used to overcome this issue.

1.5.4 Integration

SDLs are growing significantly in prevalence, largely due to advancements in
automated hardware and Al. As these improvements are driven by external
forces, the most impactful role researchers can play in the SDL field is the
integration of different components. For example, the Mobile Chemist by
Burger et al was a highly challenging research feat, not in building the
underlying robot (supplied by Kuka Robotics), but in integrating the robot into
a chemical research environment and allowing it to seamlessly operate
laboratory equipment. The challenging nature of integration should not be
underestimated. It often requires new and creative thinking, as well as many
rounds of trial and error. Any failure to integrate core elements can result in a
significant loss of functionality. For instance, purchasing expensive high-end
robotic equipment without the necessary software architecture for executing
useful chemical experiments is problematic for the return on investment. It also
means the SDL will not provide a significant advantage over existing human

experimentation. Similarly, if the Al agent and hardware are well integrated but
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the end-user interface is non-existent, the SDL becomes unusable to anyone but
the platform developer. This leads to underutilization and a poor return on
research investment. Balancing the performance of SDLs is a task in itself, often
requiring detailed analysis of various performance metrics, as reviewed by Volk

et all121]

1.5.5 Use Cases

Although chemical and materials SDLs have only emerged in recent years, they
have already seen significant use in reaction optimization,[76771 property
optimization,[94 process optimization,[122-124] and targeted discovery (Figure
1.7).11151 Of all these applications, the most prominent use to date, has been in
reaction optimization for the purpose of identifying conditions which maximize
yield or throughput. Although fixed-robotic-arm and mobile robot platforms
have also been demonstrated, these SDLs have most commonly been based on
fluidic platform layouts, and rely on custom coordinator software to interface
between the hardware, human user and Al agent. These types of SDLs have
become particularly popular due to both the general appeal of reaction
optimization in the wider chemical community, as well as the innate
compatibility of these objectives with simpler to build, fluidic platforms and
numerical based parameters (e.g. temperature, equivalents, yield, etc.). Many
successful reaction optimizing SDLs have been demonstrated, ranging from
single-step continuous parameter optimizations,[7588]1 to multi-parameter
single-step optimizations for pareto front optimisations,[125] and even multi-

step reaction pathway optimisations.[76.77]
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Figure 1.7. Demonstrated applications of SDLs across different domains including
reaction optimization, material property optimization, process optimization and
targeted discovery.

Although reaction optimization has traditionally been the central focus
for optimization-based SDLs, they are not limited to only this goal. As was
demonstrated by the formulation of quantum dots by the Artificial Chemist, the
adhesive system by Rooney et al, or the organic laser emitter development by
the combined groups of Aspuru-Gurzik/Adachi/Gryzbowski/Cronin/Hein and
Burke, SDLs can also be applied to refining the intrinsic properties of
materials.[96118126] Despite slight variations, these SDLs all follow identical
principles to the reaction optimization SDLs in which an automated hardware
platform synthesizes a new material, the material is transported to an analytical
unit where a numerical value is calculated to quantify a specific property, such
as shear strength or light emission, and the analytical output is then returned
as a numerical input for the Al agent. This methodological consistency strongly
highlights the versatility of the underlying SDL approach and demonstrates that
the same optimization concept can be more broadly applied beyond chemical

reaction optimization and towards the material sciences.
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Further highlighting the applicability of optimization SDLs beyond
chemical synthesis, the systems have also been applied towards process
optimization, most notably the optimization of chromatographic methods. Of
particular interest has been the use of BO and retention modelling algorithms
by Bos et al., Boelrijk et al. or Molenaar et al. (Pirok Group) to optimize 1D and
2D LC chromatographic methods with the goal of improving both peak
separation and analytical run time.[122-124] While still an optimization task, this
approach nicely highlights that the closed-loop SDL process can still have a
significant research impact even in simpler hardware platforms, in this case a
single HPLC unit. This also highlights that SDLs can be applied to tasks beyond
chemical synthesis and that they hold application to not only to the synthesis

and materials communities but also to the analytical field.

Being highly suited to optimization tasks by no means restricts SDLs to
these objectives, and under the right conditions, they can also be efficiently
applied to search and discovery through the use of high throughput platforms
and Al agents geared towards exploration. While direct exploration via random
combinatorial events has been explored, it is a particularly challenging
approach for SDLs due to the open ended nature, the Al agent’s data training
requirements, and the analytical challenges in identifying and characterizing
novel material. This does not mean efficient exploration cannot be performed
by SDLs, but rather that more clearly defined tasks can be executed more
efficiently. For example, the ‘Adam’ system from King et al. (King group), was
tasked with the identification of genes encoding for a specific enzyme expressed
by a yeast species.l98 Using a general bioinformatic database of the yeast
species, Adam formulated hypotheses about the genes and enzymes, tested the
hypothesis using the automated platform, and after extensive rounds of testing
( >6.5 million measurements) managed to identify three genes which encoded

for the enzyme. By clearly defining the end target (i.e. ‘find the gene for...")
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rather than leaving the Al to randomly explore space, the system is able to more
directly discover previously unknown results or relationships. This nicely
highlighted how targeting the discovery allows the SDLs to be employed in
chemical discovery and elegantly demonstrates that SDLs are not limited to

solely optimization tasks.
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1.6 Research aims and outline of the thesis

As discussed in this chapter, the integration of automation, machine learning,
and robotics into synthetic chemistry through self-driving laboratories (SDLs)
has revolutionized the optimization and development of chemical processes.
These systems offer new opportunities to address longstanding challenges in
reproducibility, scalability, and efficiency that have persisted in traditional
organic synthesis workflows. The development of SDLs introduces unique
considerations, particularly regarding the design and implementation of
automated platforms, data integration, and decision-making algorithms. To
leverage the full potential of SDLs, it is essential to establish frameworks for
platform design, operational optimization, and validation to ensure consistent,

high-performance results across diverse applications.

This thesis focuses on the development and application of RoboChem, a novel
automated SDL platform for the optimization of photochemical processes. The
aim of the work presented in this thesis is to explore the integration of machine
learning and automation into synthetic chemistry workflows, specifically
targeting reaction optimization, dataset generation, and functional group
tolerance testing. By addressing both the design and operational challenges of
SDLs, this work aims to demonstrate the potential of RoboChem in accelerating
synthetic discoveries, improving reproducibility, and enhancing overall
efficiency. Each chapter of the thesis highlights distinct aspects of SDL design,
methodology, and application, providing a comprehensive understanding of the
opportunities and limitations inherent in automated systems for chemical

research.

In Chapter 2, the development of the RoboChem platform is presented,
focusing on its hardware and software integration. The chapter introduces the

key design considerations, including the fluidic system architecture, robotic

34



Chapter 1

control mechanisms, and Al-driven optimization workflows. A particular
emphasis is placed on the use of Bayesian optimization for reaction
optimization, which allows the RoboChem platform to efficiently explore
chemical space and identify optimal reaction conditions with minimal
experimentation. Validation of the platform is demonstrated through the

optimization of representative photochemical reactions.

Chapter 3 investigates the application of RoboChem to synthetic
photochemistry, exploring its capabilities for reaction optimization and
parameter tuning in photochemical systems. A detailed analysis is provided on
the role of experimental parameters such as light intensity, catalyst
concentration, and reaction time in influencing reaction performance. The
chapter further demonstrates the platform’s ability to perform multi-objective
optimizations, highlighting the versatility of the system in addressing both yield
and selectivity as optimization criteria. These results underscore the efficacy of
combining advanced machine learning algorithms with automated

experimentation.

In Chapter 4, the capabilities of RoboChem are extended to data-driven
substrate selection and automated functional group tolerance testing. By
leveraging the platform’s ability to rapidly generate high-quality experimental
datasets, a systematic investigation into substrate scope and functional group

compatibility is conducted.
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