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Abstract: Self-driving laboratories (SDLs) are reshaping scientific discovery by combining robotics, artificial in-
telligence (AI), and data science to automate the full Design-Make-Test-Analyze (DMTA) cycle. This review high-
lights how SDLs address the inefficiencies of traditional trial-and-error methods through intelligent, autonomous 
experimentation. We explore key advances in AI, automation, and data infrastructure, as well as the remaining 
technical challenges. Applications across organic synthesis, materials science, and biotechnology (e.g. such as 
catalytic reaction optimization, solid-state synthesis, and protein engineering) demonstrate their transformative 
potential. A recurring theme is the role of SDLs in promoting sustainability by miniaturizing reactions and ma-
ximizing sample efficiency through AI and machine learning. Finally, we discuss the requirements for broader 
adoption, including robust hardware, interoperable software, and high-quality datasets, positioning SDLs as 
essential tools for next-generation sustainable research.
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1. Introduction
The chemical industry is undergoing a major shift, driven by 

the need for more sustainable processes and safer products. Strict-
er regulations are accelerating this transition, pushing companies 
to phase out fossil feedstocks and hazardous substances. At the 
heart of this change is R&D, which must evolve to support faster, 
smarter discovery.

Traditional chemical R&D relies heavily on slow, trial-and-
error design-make-test-analyze (DMTA) cycles, often evaluating 
one factor at a time (OFAT). These workflows are time- and labor-
intensive, typically evaluating only a handful of compounds per 
week. Yet chemical systems often involve thousands or millions of 
possible combinations across parameters like catalysts, solvents, 
temperature, or pressure. Given this complexity, it is no surprise 
that developing new chemical processes can take years – and often 
relies on luck. 

In the context of urgent needs for sustainable chemical pro-
cesses, accelerating the pace of discovery has become essential. 
In response, automated closed-loop experimentation, frequently 
named ‘Self-driving labs’ (SDLs), which integrate robotics, some 
form of artificial intelligence (AI) and data science, has emerged 
as a promising solution. These platforms automate not only the 
execution of experiments, but also the design and analysis steps, 
forming iterative, rational feedback loops with minimal human 
intervention.[1–3] Today, despite remaining challenges in robotics 
and application of AI in chemistry, there are several examples 
of R&D loops performing multiple design-make-test loops fully 
autonomously, or with minimal human intervention.

By enabling faster and more rational experimentation, SDLs 
accelerate the optimization and discovery of new molecules, ma-
terials and processes that support the development of greener 
technologies (Fig. 1). Before presenting some achievements of 
SDLs in organic chemistry, materials science, and biotechnology, 
we present a short overview highlighting the current development 
and challenges of laboratory automation and AI in this field. For 
a more complete understanding of the topic and broader exam-
ples, the reader can refer to recently published, more extensive 
reviews.[3–5]

2. Development and Challenges of Self-driving 
Laboratories 

2.1 Lab Automation: Status Quo 
The automation of laboratory processes has evolved steadily 

over the past century, beginning with the introduction of electri-
cally-powered analytical instruments in the early 20th century.[6] In 
the 1960s and 70s, the integration of computers enabled automat-
ed data acquisition and motorized equipment has accelerated the 
adoption of more automated analytical tools such as mass spec-
trometry and high-performance liquid chromatography (HPLC),[7] 

now cornerstones of modern analytical chemistry. The 1980s and 
90s witnessed the emergence of the first robotic arms and liquid 
handling robots and the widespread adoption of microplates.[8,9] 
Companies such as Hamilton, Tecan and Gilson became pioneers 
in this space, developing programmable robotic systems tailored 
for standardized microplate-based workflows, enabling parallel-
ized assays. These early robotic platforms dramatically improved 
experimental throughput, particularly in combinatorial drug dis-
covery and clinical diagnostics.[10,11]

In the following decades, increasingly complex and more ad-
vanced robotic platforms (e.g. ABB, Unchained labs, Chemspeed, 
Labman Automation) emerged, capable not only of dispensing 
liquids but also handling solids, performing heating, cooling, stir-
ring, and even some forms of in-line monitoring. These latest de-
velopments in robotics form the physical backbone of the emerg-
ing SDLs. The combination of robotics, software, and AI enable 
high-throughput, reproducible, scalable, and digital experimenta-
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top wet-lab experimentation is still largely manual, relying on 
the expertise and craftsmanship of domain specialists. Human 
dexterity, however, limits precision at small scales and introduces 
variability and uncertainty in measurements, while requiring rela-
tively large quantities of materials.[17] Modern lab machinery is 
addressing these limitations, with robots now capable of handling 
micro- to nano-scale volumes and executing thousands of experi-
ments in parallel using only a fraction of the materials tradition-
ally required.[18]

2.2 AI in R&D
Traditional experimental design methodologies such as OFAT 

or DoE are highly inefficient, scale poorly with increased dimen-
sionality, and rely heavily on heuristics[19] – making them more of 
an art than a science. Leveraging increasingly powerful AI algo-
rithms is key to unlocking new advances in chemistry. Generative 
AI (GenAI), Bayesian Optimization (BO), and Active Learning 
(AL) are distinct paradigms that serve specific purposes and can 
be highly valuable for SDLs. 

In GenAI, the underlying training data distribution is learned 
in order to sample new candidates from the same distribution. 
For instance, candidate generation can be conditioned on con-
textual information or on desired chemical properties. In chem-
istry, GenAI has demonstrated many successes[20] – using varia-
tional autoencoders[19] for small molecule design,[21] diffusion 
models[23,24] for molecular docking and protein structures[25,26] 
or flow matching models,[27] incorporating equivariance to 
better capture physical and chemical properties for molecular 
generation.[26] Once a molecule of interest is identified, BO be-
comes the method of choice for optimizing the reaction condi-
tions. This probabilistic approach to black-box optimization is 
particularly well-suited for expensive or time-consuming pro-
cesses where building a physical model from first principles is 
not feasible.[29,30]

BO relies on two key components: a probabilistic surrogate 
model that approximates the objective function, and a utility func-
tion – often referred to as the acquisition function – that guides 
the selection of new candidates. The surrogate model not only 
predicts the objectives of interest but, crucially, also provides 

tion. However, despite few historical examples of total automation 
of clinical and analytical labs,[12] most current systems remain 
limited to specific chemical workflow scopes and face a range of 
practical and technological challenges.[13,14]

On the data front, reaction outcomes must be digitized and au-
tonomously analyzed for a true closed loop workflow. Techniques 
like UV-Vis, NMR, HPLC, and GC have already been integrated 
into automated workflows, enabling automated or in-line analy-
sis. However, more complex analytical methods, in particular sol-
id-state characterization, such as XRD (X-ray diffraction), XRF 
(X-ray fluorescence), TGA (thermogravimetric analysis) and ICP 
(inductively coupled plasma spectroscopy), remain difficult to au-
tomate due to complex sample preparation and/or manual (un)
loading requirements.[15] In those examples where automation was 
solved, analytical throughput often becomes the next challenge 
or bottleneck. For example, HPLC or GC analysis of hundreds of 
samples may take longer than the synthesis itself, leaving robotic 
platforms idle and unusable for other activities. As a result, analyt-
ics are frequently decoupled from synthesis, with sample transfer 
performed manually.

Reliability also remains a major challenge. Software crashes, 
open-source code-bases that are not stable and poorly maintained, 
other software communication errors, and uncompleted tasks of-
ten interrupt workflows, disrupt the processes, and require human 
intervention and substantial time to troubleshoot. Other factors 
having a lack of reliability and precision are handling of small 
quantities (especially solids) or performing chemical reactions 
under pressure.

Finally, seamless integration across all software layers such as 
electronic lab notebooks (ELNs), machine learning (ML) models, 
equipment control and scheduling, as well as data management, 
analysis and visualization, is still rare. This results in fragmented 
digital ecosystems that frequently require manual workarounds to 
close the overall data strategy loops.

In summary, robotics and lab automation software have ma-
tured to the point where small-scale autonomous experimentation 
is now feasible, particularly for specific, limited experimental–
analytical loops.[16] Yet the vision of a broad-purpose, fully au-
tonomous self-driving R&D lab remains at an early stage. Bench-

Fig. 1. Traditional experimentation typically involves a large number of experiments and relies on manual workflows, rendering the processes inef-
fective (left). Self-driving labs enable the simultaneous orchestration of several components such as automated equipment and external databases. 
In addition, the research space is sampled smartly, considerably reducing the number of experiments and quantities needed. This leads to more 
sustainable processes in fields such as organic chemistry, materials science and biological science (right).
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In 2020, MacLeod et al. introduced Ada, a modular self-driv-
ing platform for the autonomous optimization of thin-film materi-
als, with a focus on organic hole transport layers commonly used 
in perovskite solar cells.[48] The Ada platform combines robotic 
synthesis, processing, and characterization with Bayesian optimi-
zation (Phoenics), coordinated by ChemOS,[49] to autonomously 
explore complex experimental spaces. As a proof of concept, Ada 
optimized the pseudomobility of organic small-molecule semi-
conductor (spiro-OMeTAD) films by adjusting dopant concentra-
tion and annealing time. It autonomously executed all steps – from 
solution preparation to four-point probe measurements – using 
pseudomobility as a surrogate model for device performance. Two 
35-experiment campaigns (each under 30 hours) converged on 
similar optima, validating the workflow’s robustness. Ada also 
uncovered non-obvious conditions linked to improved stability, 
demonstrating how targeted, autonomous platforms can acceler-
ate materials discovery.

In 2023, Szymanski et al. demonstrated a fully autonomous 
platform for the solid-state synthesis of novel inorganic materials, 
known as the A-Lab.[50] This platform combines robotics, ab ini-
tio thermodynamics, and ML to enable autonomous, closed-loop 
synthesis at the multigram scale. Target structures were selected 
from high-throughput predictions (Materials Project, DeepMind), 
with initial recipes generated by ML models trained on text-mined 
literature. The ARROWS algorithm iteratively optimized precur-
sors and conditions using feedback from XRD measurements. 
Robotic arms handled all operations, from dispensing to analysis. 
Over 17 days, the platform attempted 58 oxide and phosphate 
syntheses, successfully producing 41 (71%). This work showed 
how AI-driven planning and robotic execution can accelerate ma-
terial discovery, though application-specific performance testing 
remained a key next step.

In 2024, the SwissCAT+ East hub at ETH Zurich published a 
practical implementation of a closed-loop, AI-guided workflow 
for the discovery and optimization of heterogeneous catalysts 
for CO

2
 hydrogenation to methanol.[51,52] This study used auto-

mated high-throughput experimentation and ML-based Bayesian 
optimization (Atinary™ SDLabs) to explore a catalyst space of 
over 20 million formulations. Across six closed-loop cycles (144 
catalysts), up to four-metal combinations were synthesized on a 
Chemspeed robot and tested in a 16-channel fixed-bed reactor 
(Avantium). All steps were automated, aside from manual sam-
ple transfer between stations. A Bayesian model guided catalyst 
selection to optimize methanol selectivity and CO

2
 conversion, 

while minimizing methane and cost — framing it as a multi-
objective, multi-constraint problem. Each loop took around five 
days, with the full campaign completed in six weeks, showcasing 
the power of closed-loop experimentation to accelerate catalyst 
discovery.

In 2025, Zaki et al. introduced MINERVA, a fully integrated 
self-driving platform for the autonomous synthesis, purification, 
and characterization of a wide range of nanomaterials.[53] The 
system features a robotic arm that automates sample transfer be-
tween several interconnected stations, including a liquid handler, 
a heated stirring plate, a centrifuge, and a sonicator, along with 
multiple spectroscopic characterization tools such as dynamic 
light scattering, zeta potential, UV-Vis absorbance, fluores-
cence, and chemiluminescence. Controlled by an orchestration 
system with real-time data analysis, the platform autonomously 
executes closed-loop synthesis–characterization cycles. It suc-
cessfully reproduced diverse synthesis protocols, including gold 
nanoparticles, silica, metal-organic frameworks (MOFs), CuO, 
and core–shell nanostructures, with high reproducibility. Its mod-
ular, open design enables easy expansion to new methods. How-
ever, it should be noted that the system lacks ML-driven variable 
optimization, limiting its ability to explore synthesis conditions 
efficiently.

uncertainty estimates associated with those predictions. The ac-
quisition function then balances the trade-off between exploiting 
regions with high predicted performance and exploring areas with 
high uncertainty. This methodology enables efficient navigation 
of large, complex search spaces under data-scarce conditions, re-
quiring only a minimal number of experimental runs. In SDLs, 
BO has been successfully applied to optimize synthesis param-
eters and discover new materials or molecules with improved 
target properties.[31] In cases where abundant but lower-quality 
data (e.g. from simulations) is available, multi-fidelity approaches 
can be leveraged to combine data sources with varying levels of 
accuracy. Multi-Fidelity Bayesian Optimization (MFBO) frame-
works have shown significant promise in materials and molecular 
research,[32–34] helping to reduce the environmental footprint as-
sociated with extensive high-fidelity experimentation.

AL, also referred to as Bayesian experimental design, shares 
BO’s iterative, model-driven loop but pursues a different goal: 
reducing model uncertainty rather than directly optimizing an ob-
jective. At each step, a query strategy selects the most informative 
candidates from the pool (or continuous design space) for label-
ling via experiment or simulation. These data points tighten the 
surrogate’s predictive uncertainty, enabling more accurate predic-
tions with fewer experiments. AL thus excels at building compact, 
high-quality datasets, accelerating tasks such as property predic-
tion, reaction-outcome classification, and pre-training models for 
downstream BO or GenAI workflows.[35,36]

3. Application of Self-Driving Labs in Research and 
Industry

3.1 Applications in Organic Chemistry 
SDLs are transforming (green) organic chemistry by en-

abling closed-loop optimization across a range of sustain-
able reaction modalities, most notably in flow and solid-state 
chemistry.[37,38] Flow systems have become increasingly popular 
in SDLs thanks to reaction miniaturization and precise control 
over temperature, mixing, and residence time, which together 
improve efficiency and reduce waste.[2,3,39] These systems sup-
port high throughput experimentation with minimal reagent con-
sumption – as exemplified by a microfluidic Suzuki–Miyaura 
platform that delivered over 1,500 LC/MS datapoints per day 
using just ~50 μg of substrate per reaction.[40] Flow chemistry 
further enables environmentally-friendly strategies like photo-
chemistry and flash chemistry, where highly selective and fast 
transformations benefit from superior heat and mass transfer and 
in-line sensing.[2,39,41–43] Platforms such as RoboChem exemplify 
this potential, integrating a microreactor and real-time NMR to 
autonomously optimize diverse photoredox and metallophotoca-
talysis reactions in less than half a milliliter.[44] Flow SDLs have 
also scaled to execute entire synthetic routes, from active phar-
maceutical ingredients like Sonidegib[45] to complex molecules 
such as carpanone.[46]

Alternatively, solid-state chemistry offers a solvent-free route 
to sustainable synthesis, and SDLs have begun to integrate modu-
lar robotic systems to automate these workflows. One example in-
volved a multi-robot setup that autonomously handled benzimid-
azole crystal growth, grinding, and XRD analysis in a closed-loop 
setting, achieving high-quality measurements and a throughput of 
168 samples per week.[47] Together, these advances highlight how 
SDLs can drive green chemistry forward through automation, 
miniaturization, and resource-efficient experimentation.

3.2 Application in Materials Science
Another landscape being revolutionized by SDLs is materials 

science, specifically by automating the discovery and optimiza-
tion of new functional materials such as thin films, battery materi-
als, or catalysis.
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3.3 Application in Biological Sciences and  
Biotechnology

SDLs are central to the biological landscape by integrating 
robotics and AI into closed-loop experimental design. The com-
plexity of biomolecules makes them ideal candidates to fully 
exploit this power. A leading example is the SAMPLE platform 
(Self-driving Autonomous Machines for Protein Landscape Ex-
ploration), which autonomously engineers proteins by learning 
sequence–function relationships, designing new candidates, and 
experimentally validating them through a fully automated robotic 
pipeline, from gene synthesis to cell-free protein expression to 
biochemical characterization.[54,55] This approach was demon-
strated for glycoside hydrolase enzymes, where four SAMPLE 
agents independently converged on the most thermally stable 
variants despite noisy experimental data, highlighting both the 
robustness and adaptability of autonomous exploration in protein 
engineering and synthetic biology.[54]

Increasing accessibility and affordability of computational 
resources accelerates a shift from manual, linear workflows to 
intelligent systems capable of continuous optimization and au-
tomated operations. In synthetic biology, SDLs can exploit the 
central role of the genome in regulating biological function, mak-
ing them ideal for high-impact tasks such as pathway engineering 
or directed evolution.[56] However, translating this potential into 
practice also requires overcoming significant technical and inte-
gration challenges.

One major hurdle is the complexity of multi-instrument work-
flows in biotechnology R&D. Fushimi et al. recently demonstrat-
ed a modular autonomous lab for medium optimization in E. coli, 
integrating hardware such as a transfer robot, liquid handler, in-
cubator, LC-MS/MS, with closed-loop Bayesian optimization to 
suggest experimental conditions for optimizing both cell growth 
and metabolite production. The system autonomously handled 
culturing, measurement, and analysis, successfully scaling and 
identifying growth media from 1 to 100 mL. In contrast, optimi-
zation for metabolite production remained limited, highlighting 
the constraints of the AI algorithm in addressing multi-objective 
optimization within the system. This modular, reconfigurable, and 
cost-efficient setup improves reproducibility and operational ef-
ficiency while reducing laborious manual efforts.[57]

Another emerging application of SDLs in biology is itera-
tive modeling in systems biology, where complex, heteroge-
neous data pose major challenges, thus opening opportunities for  
automation and closed-loop workflows. Coutant et al. demon-
strated this by studying the diauxic shift in yeast S. cerevisiae, 
using a SDL to automate planning, execution, and model re-
finement. This enabled three full modeling cycles, significantly 
improving predictive accuracy, and uncovering new genetic 
interactions.[58]

In biopharmaceutical development, platforms like NanoMAP 
integrate AI-driven design with high-throughput screening to 
streamline the formulation of complex nanomedicines, such as 
lipid nanoparticles for mRNA delivery. By automating key ex-
perimental workflows, including miniaturized scale-up, charac-
terization, and validation assays, the NanoMAP platform supports 
a more systematic and autonomous approach to developing and 
evaluating high-performing biologics and delivery systems.[59]

Overall, while biology-focused SDLs face similar obstacles, 
the convergence of maturing AI tools and scalable robotics is be-
ginning to accelerate research across biotechnology, protein en-
gineering, and drug delivery. These technological advances are 
transforming how experiments are conceived, executed, and in-
terpreted, in an increasingly autonomous manner.[60]

4. Challenges and Future Outlook
SDLs present significant advantages yet faces dual challenges: 

technical and operational. 

On the technical side, multidisciplinary synergy is essential, 
requiring the integration of robotics, software engineering, ma-
chine learning, control systems, and more. This involves smooth 
hardware–software alignment, where robotic planners must in-
tegrate seamlessly with the algorithmic intelligence driving ex-
perimental design through easy-to-use interfaces. A recurring 
theme throughout is that sustainability is achieved not just through 
automation, but by miniaturizing reactions and being extremely 
sample-efficient: a capability facilitated by AI/ML.

On the operational side, while automation increases system 
autonomy, human expertise remains critical. Scientists are not re-
moved from the loop as they are repositioned as supervisors and 
strategic guides. Here we argue that experimental design should 
not rely solely on collected data but should also incorporate scien-
tists’ decision-making and domain intuition. This interaction pos-
es challenges. In addition, data must be efficiently preprocessed, 
organized, and stored in cloud infrastructure, and retrieved quick-
ly. The system must capture all relevant data, without overflow-
ing with irrelevant information, including often-neglected failure 
cases, and adhere to FAIR (Findable, Accessible, Interoperable, 
Reusable) principles for long-term utility. The high-dimensional 
nature of problem spaces demands either more computational  
resources or well-chosen approximation schemes to maintain 
computational tractability within algorithmic design.

Unlocking the full potential of SDLs demands sustained col-
laboration across scientists, engineers, and policy makers. Build-
ing SDLs is not just about algorithms and robots, but also about 
people, culture, change management, and policies.
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