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Abstract—Chemistry, a long-standing discipline, has histor-
ically relied on manual and often time-consuming processes.
While some automation exists, the field is now on the cusp
of a significant evolution driven by the integration of robotics
and artificial intelligence (AI), giving rise to the concept of
the robochemist: a new paradigm where autonomous systems
assist in designing, executing, and analyzing experiments. Robo-
chemists integrate mobile manipulators, advanced perception,
teleoperation, and data-driven protocols to execute experiments
with greater adaptability, reproducibility, and safety. Rather
than a fully automated replacement for human chemists, we
envisioned the robochemist as a complementary partner that
works collaboratively to enhance discovery, enabling a more
efficient exploration of chemical space and accelerating inno-
vation in pharmaceuticals, materials science, and sustainable
manufacturing. This article traces the technologies, applications,
and challenges that define this transformation, highlighting both
the opportunities and the responsibilities that accompany the
emergence of the robochemist. Ultimately, the future of chemistry
is argued to lie in a symbiotic partnership where human intuition
and expertise is amplified by robotic precision and AI-driven
insight.

I. INTRODUCTION

The field of chemistry, a cornerstone of modern science
and industry, has long been characterized by a blend of
theoretical insight and practical, hands-on experimentation.
For centuries, progress has been driven by the meticulous
work of human chemists, whose expertise and intuition have
been paramount in navigating the complexities of molecular
synthesis, analysis, and characterization. Yet even the most
skilled scientist can’t work around the clock: experiments are
paused overnight, intermediates are left waiting, and valuable
time is lost. Beyond time constraints, manual methods face
challenges of safety, speed, scalability, and reproducibility.
These limits, once accepted as part of the discipline, are now
being challenged by new approaches that promise a step-
change in how science gets done.

Automation in the laboratory is nothing new. From the
first titration devices [1] to today’s liquid-handling robots and
high-throughput platforms, machines have long been used to
accelerate repetitive tasks and improve precision. Alongside
gains in productivity, automated systems have also been valued
for their ability to log experiments with a consistency difficult
to achieve manually, offering a foundation for reproducible
data and, more recently, for open digital repositories [2]. Safety
has been another important driver: enclosed workstations and
interlock mechanisms reduce operator exposure to hazardous
materials [3]. Nevertheless, despite these advances, most sys-
tems remain highly specialised. They are optimised for narrow
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Fig. 1. The robochemist vision: an AI-powered brain coordinating the
collaboration between human chemists and robots.

protocols, dependent on human supervision, and limited in
their adaptability to the diverse and dynamic workflows of
research laboratories.

Today, robotics is already transforming many aspects of
modern life. In households, robots are learning to cook [4],
fold clothes [5], and even assist with dressing [6]. In industry,
they assemble products on factory floors with speed and preci-
sion [7]. These advances highlight how far robotic capabilities
have come — and they are beginning to enter the laboratory.
In chemistry, mobile manipulators [8] now demonstrate how
robots can move through standard laboratory spaces carrying
samples between instruments. Some projects [9], [10] go
further, showing how a single robotic arm can perform basic
experimental procedures. Just like these pioneering systems,
the integration of advanced robotics, sophisticated sensors,
and the predictive power of artificial intelligence and machine
learning is paving the way for a new era in chemical and
molecular discovery — an era of the robochemist (see Figure
1), representing a significant leap beyond simple automation.

This article traces that evolution in three key stages: con-
sidering the traditional laboratory automation perspective, an
examination of the new technologies that define the robotic
and AI era, and a forward-looking discussion of the challenges
and opportunities this paradigm shift presents for the future of
chemistry and related applied areas.

II. LABORATORY AUTOMATION

The push for automation in chemistry is not a recent
phenomenon [11]. The mid-20th century saw the emergence of
the first generation of laboratory automation systems; devices
such as automatic titrators [1] and clinical analyzers [12]
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became commercially available in the 1950s, enabling mech-
anized execution of complex, repetitive operations. However,
these systems lacked scientific productivity unless paired with
structured experimental designs. Design of Experiments (DoE)
methodologies—though originally developed earlier in statis-
tics—became essential tools once such automation systems
were in place, providing a principled framework for efficient
exploration of multidimensional parameter spaces [13], [14].
Building on this foundation, the 1990s pharmaceutical industry
embraced High-Throughput Experimentation (HTE) by inte-
grating robotics, miniaturization, and parallelization into au-
tomated platforms guided by DoE-inspired strategies—paving
the way for rapid chemical discovery and optimization [15],
[16]. Together, these developments defined the first wave
of laboratory automation: mechanical precision powered by
systematic experimentation and elevated by high-throughput
technologies.

However, the reality of early laboratory automation was
more constrained than this promise suggests. These systems
were highly specialized, typically designed to execute specific,
repetitive tasks at scale. Some examples of these systems in-
cludes liquid handling units, high-throughput screening (HTS)
platforms, and automated synthesis or purification modules.
They process transformative impact on throughput and re-
producibility. However, they are usually rigid machines that
cannot adapt to changes. In addition, these systems demand
constant supervision and maintenance by trained specialists.
In short, they relieved chemists of repetitive manual work but
remained limited to narrow functions.

Recognizing these shortcomings, bespoke systems have
been developed to target specific domains. For example,
the Schlenkputer [17] automates Schlenk-line chemistry us-
ing customized glassware such as filter flasks and NMR
adapters, enabling autonomous execution of air-sensitive reac-
tions. Similarly, RoboChem [18] incorporates a purpose-built
continuous-flow photo-reactor with integrated in-line NMR
and IoT sensors, allowing closed-loop optimization and scale-
up of photo-catalytic reactions. These specialized designs
demonstrate how tailored hardware can overcome domain-
specific challenges, but they inevitably remain tied to their
specialized context and still require human oversight.

In parallel, some attempts at generalization have focused
on orchestrating workflows across heterogeneous laboratory
systems [19]. While these approaches mark an important
step forward, they remain constrained by the limitations of
commercial automation tools. Most existing platforms are op-
timized for narrow domains—such as liquid handling or plate-
based assays—and do not readily extend to more sophisticated
analytical techniques like gas chromatography–mass spectrom-
etry (GC–MS) or liquid chromatography–mass spectrometry
(LC–MS). Incorporating such instrumentation often requires
bespoke engineering that is impractical for most laboratories
[20]. In response to these constraints, digital frameworks such
as the XDL [21] have been proposed. By providing a machine-
readable language for encoding synthetic steps independently
of specific instruments, XDL aims to make chemistry protocols
portable across platforms. By abstracting chemistry into digital
protocols, XDL not only makes experiments portable across

platforms but also provides a natural mechanism for recording
experimental details in a structured way, paving the path
toward systematic data capture and reuse.

In this context, automated platforms—particularly high-
throughput screening devices and flow chemistry sys-
tems—have become powerful tools for generating structured
datasets. By logging each step of an experiment with greater
precision and consistency than manual record keeping, they
produce outputs that can be contributed to open repositories
such as the Open Reaction Database [2]. These initiatives
aim to capture, standardize, and disseminate experimental
knowledge in machine-readable formats, enabling benchmark-
ing, meta-analysis, and AI-driven hypothesis generation across
the community. However, a drawback remains: despite the
increased use of automation, many workflows still require
human intervention, and these steps are difficult to encode dig-
itally. As a result, the records often resemble enhanced labora-
tory notebooks rather than complete digital traces, with crucial
but informal actions—such as small adjustments, setup deci-
sions, or contextual observations—going unrecorded. These
omissions can prove critical for reproducibility, highlighting
the gap between automated logging and fully transparent
experimental records.

Beyond productivity and reproducibility, conventional labo-
ratory automation systems have also been designed with safety
in mind. Features such as enclosed liquid handlers, interlock
mechanisms, and controlled-atmosphere enclosures help min-
imize accidental exposure to hazardous substances, thereby
lowering the biological risks faced by laboratory operators
[22]. These safeguards underscore that automation is valuable
not only for efficiency but also for protecting personnel [3]. At
a broader level, robotics and automation are increasingly rec-
ognized for their potential to make scientific experimentation
safer as laboratories evolve toward higher levels of autonomy
[23]. Nevertheless, because such systems still depend on hu-
man setup, supervision, and frequent intervention, they cannot
fully eliminate the risks associated with handling dangerous
reagents or operating complex instruments.

As a result, conventional automation remains highly spe-
cialized: effective for large-scale, standardized production, yet
far less practical for the diverse and dynamic workflows of
typical research laboratories. At the same time, the grow-
ing emphasis on structured data highlights both the promise
and the challenge of automation: while automated systems
are uniquely positioned to capture reproducible experimental
records, the lack of universal standards limits their broader
impact. Consequently, chemists continue to perform many
repetitive and hazardous tasks, even as automation steadily
reshapes the way experimental knowledge is produced, shared,
and reused.

III. NEW ERA FOR ROBOTICS AND AI

The limitations of traditional lab automation—its rigidity,
lack of adaptability, and reliance on static protocols—paved
the way for a new paradigm in chemical research. At the
center of this shift is the idea of the robochemist: not a single
machine, but an ecosystem of interconnected technologies in
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which robotics and artificial intelligence converge to create
flexible and intelligent systems. Unlike their predecessors,
these platforms are designed not only to execute tasks, but
also to learn from data, adapt to changing conditions, and
make real-time decisions.

A central trend in the pursuit of laboratory autonomy is
the development of mobile manipulator systems that enable
the vision of the self-driving laboratory. In this architecture,
experiments are distributed across specialized stations — such
as prepare workstation or reaction chamber [24] — while a
mobile robot navigates the laboratory to transfer intermediates
between stations and coordinate the workflow. This station-
based design allows complete experimental processes to be
executed end-to-end with minimal human intervention. The
first landmark demonstration [8] showed how a free-roaming
robot, integrated with standard laboratory equipment, could
autonomously perform hundreds of photo-catalysis experi-
ments, establishing the feasibility of end-to-end robotic exper-
imentation. This concept was later extended [25] to encompass
a broader range of chemistry by linking mobile robots with
modular synthesis and analysis stations, including LC–MS
and NMR, thereby expanding the paradigm beyond single-
instrument optimization to more general exploratory work-
flows. These works have dramatically reduced the need for
human intervention and made it practically feasible to run fully
autonomous experiments. However, they are still constrained
by their reliance on conventional laboratory instruments, and
often require manual preparation or transitional steps between
modules. A subsequent study [26] illustrated how this limita-
tion could be addressed by incorporating robotic manipulators
directly as stations within the workflow — such as dual-arm or
mobile robots performing sample preparation and handling —
thus blurring the line between mobile couriers and stationary
operators and pointing toward a future where both mobility
and dexterity are combined to eliminate remaining human
bottlenecks.

Building on the integration of mobile platforms and station-
based workflows, a complementary line of research has fo-
cused on advancing the manipulation capabilities required
for chemistry. Rather than limiting automation to sample
transport, these studies investigate how robotic arms can
perform core laboratory skills directly. For example, robotic
pouring and liquid handling tasks have been demonstrated
[10], showing that generic robotic platforms can replicate
operations traditionally carried out by human chemists. Recent
approaches [27], [28] have further leveraged large language
models to decompose experimental protocols into simplified
XDL instructions, which can then be executed by path-
planning algorithms on robotic manipulators. In this way, what
was previously out of reach for traditional automation plat-
forms — the translation of abstract digital representations like
XDL into real laboratory actions — can now be approached
using generic robotic platforms equipped with algorithmic
planning, offering a practical pathway toward realizing the
autonomy vision.

Before turning to the broader implications, it is important
to note that increasing robotic capability does not, by itself,
guarantee complete autonomy. Despite their advances, robots

remain limited in areas where human chemists excel — such as
applying heuristics, exercising creativity, and adapting flexibly
to unexpected conditions. The rise of the robochemist therefore
does not signal the replacement of human chemists, but
rather the augmentation of their capabilities. Robots contribute
precision, endurance, and consistency, while humans provide
contextual judgment and problem-solving intuition. Studies
[29] have shown that when these complementary strengths are
combined, human–robot teams can outperform either working
alone. This highlights a future in which laboratory progress
depends not on autonomy in isolation, but on the synergy
between human ingenuity and robotic efficiency. To enable this
collaboration, modern systems increasingly rely on intuitive
interfaces. Large Language Models (LLMs) and advanced task
planners allow chemists to specify high-level goals in natural
language, which are then translated into executable robotic
workflows [30]. For example, a recent study demonstrated
how ambiguous instructions can be automatically interpreted
and resolved into concrete object-manipulation tasks [3]. This
approach frees researchers to focus on higher-level reasoning
and decision-making, while robots handle the individual ex-
perimental steps.

However, current advances remain far from achieving full
autonomy. Robotic controllers are still constrained in scope,
as no single strategy today can execute the full spectrum of
chemical manipulations. In this transitional stage, teleopera-
tion provides a crucial complement [31]. By enabling chemists
to operate robots from a distance, it not only maintains fine
control over delicate procedures but also generates rich demon-
strations that go far beyond the predefined parameters recorded
by conventional automation. These demonstrations supply the
training data needed to develop more generalizable control
policies—an approach supported by the success of imitation
learning in many other domains [32]. At the same time, the
same teleoperation channel can function as a human-in-the-
loop interface [33], allowing operators to intervene when the
system encounters errors and enabling the robot to improve
through human correction data. Beyond data generation, tele-
operation also captures entire workflows in a reproducible
format, producing high-fidelity records that can be replayed
on identical robotic setups and shared with resources such as
open reaction databases. Crucially, the physical separation it
enforces between chemists and hazardous materials enhances
laboratory safety, approaching the protection offered by fully
autonomous systems while still retaining human oversight. In
this way, teleoperation bridges the autonomy gap by uniting
data generation, reproducibility, adaptability, and safety within
a single framework.

As the robotchemist system progresses, a particularly in-
triguing frontier lies in coupling material discovery algo-
rithms with robotic execution platforms. Recent advances
in large-scale computational prediction have expanded the
known landscape of stable inorganic crystals by orders of
magnitude [34], while autonomous laboratories have already
demonstrated the ability to synthesize dozens of previously
unreported compounds with minimal human intervention [35].
At the same time, cloud-enabled automation platforms have
shown that AI-guided synthesis and characterization can be
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delivered through remote-access robotic laboratories [36],
and iterative theoretical–experimental paradigms driven by
robotic AI chemists are beginning to link high-throughput
computation with autonomous experimentation in diverse ap-
plication domains [37]. Taken together, these developments
point toward a closed-loop framework in which predictions
guide synthesis, experimental outcomes refine algorithms, and
both evolve iteratively toward increasingly complex objectives.
This convergence not only accelerates the pace of materials
innovation but also establishes a foundation for genuinely self-
driving laboratories capable of tackling problems that were
once intractable.

The convergence of AI and robotics marks a shift from rigid
automation toward intelligent, adaptable, and collaborative
systems. This new generation of robochemists is not merely a
tool for executing repetitive protocols, but a genuine partner in
the discovery process. By combining advanced learning algo-
rithms, teleoperation for safe and reproducible data generation,
and intuitive human–robot interfaces, these platforms extend
far beyond conventional automation. They safeguard chemists
by keeping them at a distance from hazardous materials,
while simultaneously empowering them to pursue higher-
level reasoning and creative exploration. Rather than replacing
human expertise, robochemists augment it, enabling scientists
to tackle more ambitious challenges and accelerating progress
toward problems once thought intractable.

IV. CHALLENGES AND OPPORTUNITIES

The vision of a fully autonomous, intelligent laboratory
is compelling, but its realization is not without significant
hurdles. While the convergence of AI and robotics has opened
up new possibilities, several key challenges must be addressed
to unlock the full potential of the robochemist.

One of the most pressing challenges is the absence of stan-
dardized, modular hardware and software. On the hardware
side, traditional high-throughput automation platforms remain
rigid and application-specific, limiting their adaptability to new
experiments. Robotic platforms, in contrast, promise greater
scalability and flexibility, but they too often rely on bespoke
designs or custom-built tooling that are difficult to reproduce
across laboratories. To fully realize their potential, robotic
systems will need to adopt modular, interoperable components
— a kind of chemical “Lego set” — that can be reconfigured
to suit diverse experimental needs. Equally limiting is the lack
of standardization on the software side. Each group typically
develops its own bespoke control software and interfaces,
making it impractical for non-specialists to adopt these sys-
tems at scale. This fragmentation prevents wider adoption:
chemists cannot be expected to master a different interface
for every platform. To move toward commercial viability,
the community must converge on intuitive, user-friendly, and
universally compatible software frameworks.

Another significant technical challenge lies in the percep-
tion and manipulation of the robotic systems. While modern
robots can handle precise tasks, they still struggle with the
variability and unpredictability of a real-world chemistry lab.
Small disruptions — such as spilled liquids, irregularly shaped

glassware, or misplaced vials — can cause an entire workflow
to fail. Beyond these practical issues, there are perceptual
challenges unique to chemistry. Many phenomena that are
immediately obvious to a human observer — such as a liquid
beginning to boil, a gas condensing, or crystals forming in
a solution — are subtle and difficult for robots to detect or
interpret. Addressing these gaps will require richer sensory
feedback, such as haptic and multi-modal sensing, combined
with more advanced control and perception policies and AI
models capable of reasoning about material transformations
and adapting dynamically to unexpected conditions.

The effectiveness of any AI-driven system is only as good as
the data it’s trained upon. In the context of robotic chemistry,
the scarcity of suitable datasets remains a major obstacle.
While open repositories such as the Open Reaction Database
[2] have made progress in sharing structured experimental
results, these resources are primarily intended for human inter-
pretation and reproducibility rather than for training AI models
at scale. Crucial elements such as multimodal sensor data,
contextual annotations of laboratory actions, or comprehensive
logs of both successful and failed experiments are often absent.
This limits the ability to develop robust models for perception,
manipulation, and autonomous decision-making. To unlock
the full potential of the robochemist, the opportunity lies
in creating richer and more standardized datasets explicitly
designed for machine learning and robotic training, ensuring
that AI systems can generalize beyond narrow use cases and
adapt to the complexity of real laboratories.

Perhaps the most crucial aspect of this new era is the
evolving relationship between humans and machines. The
challenge is to design systems that are truly collaborative,
where the human chemist retains intellectual control and
creative freedom while the robochemist handles the labor-
intensive and repetitive tasks. This partnership requires user
interfaces that are intuitive and allow for seamless commu-
nication of high-level goals. Yet a further barrier lies in
education: undergraduate training in chemistry still focuses
almost exclusively on manual workflows, with little exposure
to automation or robotics. As a result, there is often no clear
transition pathway between the manual techniques students
are taught and the automated systems increasingly used in
research and industry. Addressing this gap will be essential
if the next generation of chemists is to fully exploit these
emerging technologies. The opportunities here are immense, as
this synergy could lead to discoveries that would be impossible
for either a human or a robot working alone. The future of
chemistry lies not in a ”lights-out” laboratory, but in a dynamic
collaboration that enhances human ingenuity.

V. CONCLUSION

The rise of robochemist is not about an incremental step to-
ward greater laboratory automation but rather a transformative
change in the strategy and tactics of chemical discovery. The
merging of robotics, artificial intelligence enables laboratories
to break out of the mold of rigid special-purpose tools and
move toward an environment of flexibility and collaboration.
Such systems will not substitute the creativity and judgment of
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human chemists but rather augment these qualities by adding
exactness, repeatability, and stamina.

Going forward, the challenge is not just perception, ma-
nipulation, or data-driven control. It is also a challenge of
interoperability, safety, and accessibility between laboratories,
plus developing the real human scientist of tomorrow in this
new paradigm and finding ways to bridge the gap between
traditional hands-on training and automated experimentation.
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