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Autonomous catalysis research with human–
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Catalysis is essential to modern chemical manufacturing and environmental 
sustainability. Yet, traditional catalyst discovery remains slow, 
resource-intensive and constrained by human-centred trial-and-error 
workflows. The integration of artificial intelligence (AI), robotics and 
high-throughput experimentation into self-driving laboratories (SDLs) 
presents a transformative approach for accelerating catalyst discovery 
and optimization. SDLs combine automated synthesis and testing 
platforms, data infrastructures and AI-guided decision-making to enable 
information-rich experimentation and the fast-tracked generation of 
scientific knowledge. However, in our view, realizing the full potential of 
SDLs requires sustained human oversight to ensure rigorous data curation, 
validate machine-generated hypotheses and establish benchmarks 
to mitigate AI-related errors. This Perspective outlines core SDL 
components, including hardware, computational modelling and AI-guided 
decision-making. We discuss challenges in data availability, integration 
of computational and experimental workflows and scalable platforms. 
Finally, we outline immediate opportunities to broaden the adoption of 
autonomous experimentation in catalysis.

Catalysis is a foundational pillar of the chemical industry, enabling 
efficient and selective chemical transformations that underpin the pro-
duction of a wide range of materials and processes. From the large-scale 
synthesis of commodity and speciality chemicals to the conversion of 
renewable resources into fuels and energy carriers, catalysts play a vital 
role in advancing sustainable technologies. Catalysis also contributes 
to environmental remediation by enabling cleaner industrial processes 
and facilitating the degradation or transformation of pollutants.

The discovery and development of catalysts is inherently chal-
lenging, due to the complexity of catalytic systems, intricate reaction 
mechanisms and multiscale data that span atomistic to reactor levels. 

Addressing this complexity requires a departure from traditional 
experimental methodologies. Notably, the need for more efficient 
and rapid catalyst development does not originate from the discipline 
(catalysis) itself but rather from the urgency of worldwide challenges 
in energy, the environment, sustainability and healthcare. Climate 
change, energy transition and affordable healthcare demand acceler-
ated, cost-effective and reliable approaches to catalyst discovery to 
address practical and economic challenges1.

Traditional catalysis research relies heavily on linear, 
human-centric workflows in which experimental design, data collec-
tion and analysis are often fragmented and require extensive manual 
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rapidly investigate complex and high-dimensional catalysis problems. 
This accelerated scientific workflow holds the potential to transform 
catalysis research by addressing challenges of contemporary scientific 
and industrial catalysis with high efficiency and accuracy9. Contrary to 
the binary framing of manual versus fully autonomous laboratories, 
current practices span a spectrum of human–AI–robot interactions. 
Most workflows remain semi-autonomous: humans co-design experi-
ments with computational tools, automated systems execute protocols 
without human intervention and scientists co-analyse the results with 
AI. Recognizing this spectrum is critical for the realistic road‑mapping 
of SDL adoption in catalysis10.

The development of autonomous catalysis laboratories hinges 
on the integration of three key components: versatile experimental 
automation, robust data infrastructures and efficient decision-making 
systems. However, the effectiveness of these platforms also depends 
critically on how data are reported and interpreted. Without clear and 
consistent mechanisms for disseminating catalysis knowledge to the 
broader scientific community, the impact and utility of autonomous 
catalysis laboratories may be considerably diminished.

The physical (that is, automated synthesis and testing) and 
digital (that is, AI agent) aspects of autonomous catalysis laborato-
ries are equally critical to their functionality. By incorporating ML 
methods such as Bayesian optimization (BO), reinforcement learn-
ing and active learning, SDLs can efficiently navigate vast experi-
mental spaces, identify promising regions (for example, catalyst 
compositions and/or reaction conditions) and dynamically adapt 
strategies in response to newly acquired data. This closed-loop, 
data-driven approach reduces reliance on heuristic, trial-and-error 
experimentation and facilitates the systematic exploration of com-
plex chemical spaces.

In addition to AI agents, advanced robotics and automated synthe-
sis/testing play a crucial role in accelerating catalyst research. Modern 
laboratory automation and robotic technologies, characterized by 
modularity and adaptability, can be customized for a wide range of 
experimental tasks, from automated synthesis to high-throughput 
in situ characterization11–20. This adaptability is particularly advanta-
geous for catalysis research, in which upstream catalyst synthesis 
protocols and downstream catalytic reaction parameters can be simul-
taneously co-optimized through a co-design framework to systemati-
cally converge on superior catalytic performance.

Human expertise plays a central role in catalysis SDLs by guiding 
experimental objectives, validating AI-driven insights, interpreting 
complex data and overseeing safety-critical operations. Formal valida-
tion protocols, which include independent replication, benchmarking 
against established catalysts and multi-modal characterization, are 
essential for establishing confidence in AI-guided results. The integra-
tion of large language models (LLMs) into catalysis SDLs introduces 
new challenges, including the risk of hallucinations, where AI gener-
ates plausible but incorrect information. To address this, catalysis SDL 
workflows should embed cross-checks against trusted data sources, 

efforts. For example, the development of the Haber–Bosch process for 
ammonia synthesis involved laborious testing of over 2,500 catalyst 
formulations2. Whereas such trial-and-error methods can be effective 
within a precisely crafted and narrowly defined parameter space, they 
struggle to address the complexity and high dimensionality of modern 
catalytic systems, particularly those underpinning the discovery of new 
functional materials/molecules.

A key limitation in current catalysis research lies in the quality and 
quantity of the experimental and computational data available. Exist-
ing datasets in the literature are fit-for-purpose within their intended 
research scope but are often insufficient for broader, data-driven strat-
egies (Fig. 1). Additional challenges include a lack of access to negative 
data, poor reproducibility and incomplete metadata regarding the 
synthesis and testing of catalysts (for example, the specific order of 
operations). These issues hinder the development of robust predictive 
models, which rely on large, high-quality and well-curated datasets. 
Accelerating catalyst discovery will therefore depend on more compre-
hensive and higher-quality data. Recent studies have underscored the 
critical need for big data to enable data-centric catalysis research3–8.

Catalysis research is undergoing a substantial transformation, 
driven by the integration of artificial intelligence (AI), robotics and 
laboratory automation (Fig. 1). To address the challenges related 
to catalysis data, the development of autonomous laboratories has 
emerged as a transformative approach. An autonomous laboratory 
(that is, a self-driving laboratory (SDL)) is a closed-loop system in which 
automated experimentation is guided by an AI agent in charge of data 
analysis and decision-making (Fig. 2). An AI agent is a software entity 
that uses machine learning (ML) and other AI methods to analyse data, 
make decisions and continuously adapt its strategy on the basis of new 
information generated through automated experimentation (that is, 
the physical operations of the SDL). In this closed-loop framework, 
the SDL’s automated platforms carry out catalysis experiments as 
directed by the AI agent, and the newly generated experimental data 
are continuously fed back into the AI agent’s model(s) for retraining. 
This cyclical flow of data and decision-making enables the AI agent to 
refine its predictive capabilities, improving both its understanding 
of the catalyst synthesis and/or catalytic reaction kinetics and the 
efficiency of subsequent experiments. As a result, the SDL can rapidly 
accelerate the discovery, development and optimization of novel 
materials and compounds while minimizing the need for human inter-
vention. Although the iterative nature of these workflows resembles 
traditional research processes, autonomous catalysis laboratories are 
distinguished by their ability to conduct high-dimensional reasoning, 
achieve precise process control operations and execute end-to-end 
robotic experimentation. These capabilities enable human scientists to 
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Fig. 1 | Traditional human-centred versus SDL-assisted catalysis research. 
The transition from conventional, manual, one-experiment-at-a-time catalysis 
research to autonomous catalysis enabled by human–AI–robot collaboration.
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Fig. 2 | A closed-loop catalysis SDL. An AI agent plans experiments, which 
are executed via automated high-throughput synthesis/testing, and the data 
infrastructure returns the results to drive feedback-based decision-making.
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limit autonomous execution to validated protocols and require human 
oversight at key decision points.

The shift towards autonomous robotic experimentation is not only 
accelerating catalyst optimization but also expanding the scope and 
scale of fundamental catalysis science by enabling the exploration of 
more complex hypotheses and experimental spaces. With intelligent, 
self-optimizing systems, researchers can explore new hypotheses that 
were previously inaccessible due to time and resource constraints. For 
instance, autonomous mapping of catalytic reaction spaces has been 
demonstrated to efficiently navigate high-dimensional experimental 
domains, leading to the discovery of optimal conditions with minimal 
human intervention20,21.

This Perspective builds on recent comprehensive reviews of 
SDLs6,22,23 by offering a forward-looking view that focuses specifically 
on catalysis research. Specifically, we explore the innovations driving 
this transformation, the challenges that must be addressed and the 
potential impact of next-generation catalysis SDLs on the discovery 
and optimization of novel catalytic materials. We further emphasize 
the critical need to integrate computational and experimental data, 
the importance of co-design by coupling downstream catalyst syn-
thesis with upstream catalyst testing, and the transformative role of 
multi-modal, high-throughput screening in advancing the discovery 
of catalysts and catalytic reactions. Whereas many of the challenges 
discussed—such as integrating computational and experimental 
workflows, the need for high-quality structured data and developing 
reproducible hardware—are shared across SDL domains, catalysis SDLs 
face additional challenges that are unique to this field. These include 
automating experiments that require high pressures, high tempera-
tures or corrosive/reactive environments typical of catalysis; achieving 
high-throughput and reproducible solid-state catalyst synthesis; and 
integrating operando characterization methods that are compatible 
with robotic workflows. Our aim is to provide a catalysis-centred vision 
of the future of human–AI–robot collaboration in SDLs. We hope that 
this Perspective will help to guide future efforts in addressing these 
domain-specific challenges.

Key components of catalysis SDLs
Catalysis SDLs have enabled researchers to systematically explore 
vast chemical spaces while minimizing human intervention, reduc-
ing experimental bias and improving reproducibility. Advances in AI, 
automation and computational modelling have substantially trans-
formed the field of catalysis. This section highlights three major ele-
ments of catalysis SDLs, that is, automation, data infrastructure and 
computational methods, and AI-assisted decision-making. Catalysis 
SDLs harness high-throughput experimentation (HTE) and AI-driven 
closed-loop workflows to accelerate the discovery, synthesis and opti-
mization of catalysts. These systems can greatly reduce the need for 
manual labour and lower the costs associated with the discovery and 
testing of new catalysts. The automated hardware of a catalysis SDL 
can rapidly execute and analyse hundreds of reaction conditions 
(both catalyst synthesis and reaction screening), thereby improving 
the speed and reproducibility of catalysis research compared with 
traditional labour-intensive methods24. A robust data infrastructure—
built on curated, structured databases and advanced computational 
tools—greatly enhances data accessibility in catalysis research by 
enabling researchers to analyse large datasets. Ensuring the availabil-
ity of high-quality, well-curated datasets with appropriate metadata 
is therefore crucial to improving data-driven catalyst synthesis and 
performance prediction and enabling the broader applicability of AI 
in catalysis research. AI-assisted decision-making uses data-driven 
models to guide experimental design, predict catalytic performance 
and optimize reaction conditions. These models enable the analysis 
of complex relationships between catalyst structures, reaction con-
ditions and outputs, thus facilitating the identification of promising 
candidates and optimal parameters.

Reliable and high-throughput automation
Traditional catalysis research has long relied on an iterative, 
trial-and-error approach to discover new catalysts and optimize 
reaction conditions2,25–28. This manual, human-centric methodology 
requires extensive experimentation, where researchers systematically 
vary catalyst compositions, ligands, solvents and reaction parameters 
to identify optimal performance. Owing to the inherent complexity 
of catalytic systems, even small variations in conditions can notice-
ably influence catalytic activity and selectivity, rendering the com-
prehensive exploration of chemical space both time-consuming and 
resource-intensive. Moreover, challenges related to reproducibility 
in the synthesis and testing of catalysts have been a persistent issue, 
as experimental results obtained in one laboratory are often difficult 
to replicate elsewhere. Addressing these limitations requires a shift 
towards automated and high-throughput methodologies that enhance 
efficiency, reliability and data consistency.

Over the past two decades, the integration of HTE into heterogene-
ous catalysis research has accelerated the pace of catalyst discovery and 
optimization29,30. Early implementations of HTE were constrained by 
challenges in data integration, reaction uniformity and overall experi-
mental throughput. However, recent advances in robotic automation, 
AI-assisted experiment selection and miniaturized reaction platforms 
have addressed many of these challenges13,16,17. Modern HTE systems are 
capable of executing tens of catalytic reactions in parallel, precisely 
controlling variables such as temperature, pressure, reagent concen-
trations and reaction duration. This level of control ensures that the 
observed catalytic activity is a result of intrinsic properties of the sys-
tem rather than artefacts introduced by experimental inconsistencies.

Automation offers several key advantages that directly address 
the challenges inherent in heterogeneous catalysis research. First, 
automated platforms drastically increase experimental throughput by 
enabling the parallel execution of experiments (for example, solid-state 
catalyst synthesis and rapid characterization), thereby accelerating the 
identification of promising catalytic materials and reaction conditions. 
This capability is particularly valuable when screening large composi-
tional spaces, such as multimetallic catalysts or supported nanoparticle 
systems, where the interplay of elemental composition and structural 
motifs governs the catalytic behaviour. By systematically varying the 
reaction parameters, automated systems facilitate the development 
of structure–activity relationships, guiding rational catalyst design.

Another crucial benefit of automation is its ability to enhance 
reproducibility and data reliability. Precision in catalyst synthesis and 
testing is essential to ensuring that the experimental data are mean-
ingful and transferable across research groups. Automation reduces 
variability by standardizing procedures, maintaining tightly controlled 
reaction conditions and integrating real-time analytical techniques for 
in situ characterization. For instance, modern microplate-based reac-
tion systems enable highly controlled solid/liquid dispensing, ensuring 
uniformity across parallel experiments. This consistency is particularly 
valuable for kinetic studies and mechanistic investigations, where even 
minor fluctuations in experimental conditions can lead to misleading 
or irreproducible conclusions24,31. In one example, a fully autonomous 
platform for solid-state synthesis (called the A-Lab) was developed to 
synthesize computationally predicted solid-state materials11. Whereas 
the A-Lab was designed for solid-state materials discovery, its integra-
tion of closed-loop automation and robotic synthesis strategies offers 
valuable lessons for catalysis SDLs, particularly in the context of solid 
precursor synthesis. We note that this work has also sparked discussion 
in the SDL community regarding data interpretation, as highlighted 
by Schoop and colleagues32, which underscores the importance of the 
rigorous validation and critical evaluation of SDL outputs, principles 
that are central to the future of autonomous catalysis research.

Beyond efficiency and reproducibility, automation also improves 
resource utilization and cost-effectiveness. Although the initial 
investment in automated systems can be substantial, these platforms 
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ultimately reduce material consumption through miniaturized reac-
tion formats, optimized reagent delivery and minimized waste gen-
eration. In addition, their ability to operate unattended for extended 
periods increases overall productivity by freeing researchers from 
repetitive manual tasks, enabling them to focus on high-level sci-
entific reasoning and strategic planning. In addition to enhancing 
throughput and reproducibility, modern automation platforms can be 
equipped with AI agents that enable real-time, closed-loop refinement 
of experimental conditions. These systems autonomously adjust reac-
tion parameters (for example, temperature, residence time, reagent 
identity or stoichiometry) in response to feedback from in situ or inline 
analytical measurements33.

Safety considerations further highlight the value of automation 
in heterogeneous catalysis research. Many catalytic reactions involve 
hazardous conditions, such as high pressures, elevated temperatures 
or the use of toxic or highly reactive chemicals. Automated systems 
mitigate these risks by enclosing experiments within controlled robotic 
environments, thereby minimizing direct human exposure. This capa-
bility is especially relevant for studying highly reactive catalysts, such 
as transition metal-based systems used in the selective oxidation of 
hydrocarbons or ammonia synthesis, where precise handling is nec-
essary to avoid unwanted side reactions or hazardous conditions34,35.

Whereas the foundational principles of SDLs can be applied across 
catalysis, each subfield (heterogeneous, homogeneous and biocataly-
sis) poses its own practical challenges. For example, heterogeneous 
catalysis often requires precise handling of solids and surface inter-
faces; homogeneous catalysis deals with molecular catalysts and often 
needs delicate liquid handling and precise reaction control; and bioca-
talysis may require strict temperature, pH and biological compatibility 
controls, as well as specialized analysis for enzyme activity. The distinct 
physico-chemical constraints inherent in each catalysis subfield neces-
sitate bespoke adaptations. Specifically designed sampling techniques, 
custom reaction vessels, specialized analytical instrumentation and 
tailored ML algorithms are often required to address such challenges 
and optimize performance within each catalysis application. Solutions 
developed for one subfield may not always transfer to another, and the 
design of an SDL system must be tailored accordingly.

Data infrastructure and virtual screening
The integration of large-scale experimental and computational data-
sets with AI is reshaping heterogeneous catalysis by enabling the 
systematic exploration of vast chemical spaces and the elucidation 
of complex structure–performance relationships. As catalysis HTE 
platforms generate increasingly large and reproducible datasets, these 
data-rich environments provide the foundation for AI-assisted catalyst 
discovery. The ability to mine such datasets for composition–activ-
ity trends and to train predictive models enables researchers to effi-
ciently screen candidate catalysts and prioritize promising ones for 
experimental validation.

Ensuring data quality and consistency in catalysis HTE is critical to 
maximizing the utility of AI-driven approaches. Uniform experimental 
conditions enhance the reliability of datasets, making them more suit-
able for predictive modelling36. A prominent example of a large-scale 
catalysis dataset is Meta AI’s Open Catalyst Project, which released the 
Open Catalyst 2020 (OC20) dataset that contains over 1.2 million density 
functional theory (DFT) simulations of catalyst–adsorbate interac-
tions37. ML models trained on such datasets can predict adsorption 
energies and reaction barriers with high accuracy, thereby reducing 
reliance on computationally expensive DFT calculations. For instance, 
graph neural networks trained on the OC20 data have demonstrated the 
ability to perform virtual high-throughput screening in seconds, greatly 
accelerating the identification of promising catalytic surfaces38,39. Exten-
sive computational databases have been extensively released since then.

As data volumes continue to grow, the need for standardization 
becomes increasingly important. Establishing common formats, 

metadata protocols and ontologies for reaction conditions, and cata-
lyst synthesis and characterization enhances the interoperability of 
datasets and the transferability of models across research groups. 
When data from multiple laboratories are aggregated using consistent 
units, definitions and quality controls, ML models trained on these 
datasets become more generalizable and less susceptible to biases 
associated with individual studies40,41.

ML algorithms extend beyond property prediction, with genera-
tive models offering a new approach to catalyst design. Predictive mod-
els (for example, graph neural networks trained on OC20 data) estimate 
properties for ranking and screening, whereas generative models (for 
example, diffusion models or genetic algorithms) propose candidates 
that are subject to domain constraints and expert-defined objectives. 
LLMs are best used as interfaces, planners and retrieval-augmented 
assistants rather than as predictors of novel chemistry. Any candidate 
proposals from LLMs require grounding in structured data and experi-
mental validation38. Predictive models (for example, decision trees or 
deep neural networks) can approximate computationally intensive 
simulations, enabling the rapid estimation of key catalytic properties 
such as the reaction yield, turnover frequency or adsorption energy5,42. 
By contrast, generative workflows deliver hypothesis spaces that must 
be down-selected via physics- or data-constrained filters before experi-
mentation. Overall, predictive workflows map inputs to properties 
to prioritize existing candidates and guide interpolation. Generative 
workflows map desired targets to feasible candidates under constraints 
(stoichiometry, stability, synthesizability). In catalysis SDLs, both can 
be coupled via closed loops: generative proposals → predictive triage 
→ automated experiments → data curation → model update.

Interpreting the outputs of ML models is essential for gaining 
scientific insight and fostering trust in AI-driven predictions. Many ML 
approaches, such as tree-based models (random forests or gradient 
boosting), provide feature importance scores that quantify the relative 
contribution of input parameters to the catalytic performance. These 
analyses help researchers to uncover meaningful structure–property 
relationships, such as the influence of metal–oxide bond lengths on 
reaction kinetics or the role of electronic descriptors in determining 
catalytic activity and/or selectivity. Insights from feature importance 
analysis can inform rational catalyst design by highlighting the most 
influential variables for targeted optimization13.

Closed-loop catalysis SDLs integrate ML-driven hypothesis gen-
eration with automated experimentation, ensuring that each iteration 
refines the understanding of catalytic performance. The following sec-
tion will discuss how AI-assisted decision-making algorithms efficiently 
navigate large experimental spaces, enabling the rapid discovery of 
optimal catalysts and reaction conditions.

AI-assisted decision-making
Unlike conventional methods that rely on exhaustive screening or 
empirical intuition, AI-driven decision-making enables the efficient 
exploration of complex experimental spaces through adaptive learn-
ing strategies. These methodologies accelerate catalyst discovery 
by reducing the number of experiments required while maximizing 
the information gained from each iteration13,17,43. At the core of many 
AI-assisted optimization frameworks is BO, a probabilistic approach 
designed to balance exploration and exploitation when selecting the 
next set of experiments. BO uses a surrogate model (for example, a 
Gaussian process or an ensemble neural network) to estimate the cat-
alytic performance (or properties) as a function of input variables, 
including the catalyst composition and reaction conditions. This model 
not only predicts expected outcomes but also quantifies uncertainty, 
enabling the strategic selection of experiments that are likely to yield 
high-performance catalysts or reduce knowledge gaps. The acquisi-
tion function determines whether the next experiment should exploit 
known promising regions or explore untested areas of the design space. 
By iteratively refining catalyst parameters based on real-time feedback, 
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BO substantially reduces the experimental workload compared with 
traditional grid-based or one-factor-at-a-time approaches44,45. Whereas 
BO-guided active learning has been widely implemented in closed-loop 
workflows, other AI-driven strategies such as reinforcement learning 
(RL) and LLMs are emerging as powerful tools for catalyst discovery 
and optimization46. BO and RL are both closed-loop decision-making 
strategies, but they target different control regimes within SDLs. In 
catalysis research, BO is well suited for optimizing discrete and continu-
ous experimental conditions such as catalyst–ligand combinations, 
solvent identity or reaction temperature and pressure, where each 
trial is costly and independent. By explicitly modelling uncertainty 
with surrogate functions and acquisition strategies, BO can efficiently 
navigate high-dimensional chemical spaces to identify promising cata-
lytic formulations with minimal experimentation. RL, by contrast, is 
advantageous when optimization involves sequential control with 
path-dependent outcomes. For example, in flow catalysis, RL can learn 
policies for dynamically adjusting temperature or flow profiles dur-
ing multi-step syntheses, where the cumulative trajectory of process 
conditions (not just individual end points) determines the catalytic 
performance and selectivity. RL can also optimize adaptive reaction 
protocols, such as gradually modifying gas feed ratios in carbon dioxide 
(CO2) hydrogenation or tuning electrochemical potentials in catalytic 
reduction reactions, where rewards are delayed until product distribu-
tions are measured. In practice, the two approaches are complemen-
tary. BO is typically used when experiments are discrete, expensive and 
where uncertainty can be quantified, whereas RL is preferable when 
actions are frequent, where history matters or objectives depend on 
entire reaction pathways. Hybrid methods are increasingly explored 
in catalysis: BO can tune RL hyperparameters or initialize policy pri-
ors, and safe BO/RL variants enforce operational constraints such as 
maximum reactor pressure or temperature to ensure experimental 
safety while accelerating catalyst discovery.

Unlike supervised learning, which relies on labelled data, RL algo-
rithms learn by interacting with an environment and optimizing actions 
on the basis of cumulative rewards. In catalysis, RL can be particularly 
useful for synthesizing complex multi-component catalysts or dynami-
cally optimizing reaction conditions. For example, an RL agent can 
iteratively adjust the temperature, pressure or reactant concentrations 
during an ongoing reaction to maintain peak catalytic performance. 
By continuously refining its strategy in the basis of past outcomes, RL 
enables adaptive optimization, making it a powerful tool for autono-
mous experimentation in catalysis SDLs.

Recent advancements in LLMs are increasingly influencing 
AI-assisted decision-making in catalysis research. Trained on vast col-
lections of scientific literature, reaction databases and experimental 
reports, LLMs can assist researchers in hypothesis generation, data 
interpretation and experimental design. By analysing diverse sources 
and extracting patterns, LLMs can provide insights into catalyst design 
principles, suggest new material compositions and propose experi-
mental modifications built on historical findings. In addition, LLMs can 
integrate with BO frameworks by summarizing previous knowledge, 
identifying knowledge gaps and recommending high-value experi-
ments to accelerate discovery47–49.

One of the most notable advantages of AI-assisted decision-making 
is its ability to continuously learn from both successful and unsuccess-
ful experiments. Whereas human researchers often focus on positive 
results, AI models systematically incorporate negative data points, 
uncovering previously overlooked correlations and enhancing pre-
dictive accuracy. This capacity to detect hidden patterns facilitates 
the discovery of catalysts and reaction conditions that may otherwise 
remain unexplored.

By integrating BO-, RL- and LLM-driven insights, catalysis SDLs 
can autonomously design and execute experiments, continuously 
refining catalyst performance with minimal human intervention. As 
human–AI–robot collaborations continue to mature, they will enable 

the more efficient and systematic exploration of catalytic systems, 
accelerating the pace of catalyst discovery and development47.

The human in the loop
Domain experts remain indispensable for ensuring trustworthy 
autonomy in SDLs. Domain experts validate model predictions, for-
mulate initial hypotheses, establish safety limits and judge whether an 
observed trend represents genuine catalytic activity or an accidental 
correlation. Autonomy in catalyst discovery advances most effectively 
when human expertise and machine speed are combined. Automated 
platforms widen the experimental search space, while scientists sup-
ply context, creativity and ethical oversight. Each closed, data-driven 
loop of catalyst synthesis and testing should therefore be embedded 
within an open loop guided by expert judgement.

Computational scientists search for failure modes in the surrogate 
models, and experimental scientists repeat edge-case experiments 
to confirm laboratory reproducibility. The value of these practices 
was demonstrated by Schoop and colleagues32 via re-examining an 
automated catalyst-screening dataset to reveal that several apparent 
high-performance hits were artefacts that escaped purely statistical 
filters. To prevent similar issues, three nested validation steps should 
be followed: in silico cross-checks with physics-informed models; 
automated replicate runs to measure experimental noise; and a final 
manual audit before any discovery claim is released. Designing such 
validation procedures remains a creative task that resists full automa-
tion. Choosing a reward function that balances activity, stability, cost 
and environmental impact requires considerable human input50. Even 
the most advanced robotic workflows depend on experts to decide 
which hidden objectives to optimize and when to halt an exploration 
that drifts towards unsafe conditions.

Successful examples of human–AI–robot 
collaboration in catalysis
Over the past five years, human–AI–robot collaboration in catalysis 
has evolved from heuristic-based decision-making systems to highly 
sophisticated AI-driven platforms. Below, we highlight selected exam-
ples that showcase the diverse capabilities of data-driven catalysis 
research in exploring chemical space, optimizing reaction conditions 
and generating new scientific insights. Each example below is included 
to illustrate a specific aspect of SDLs, including (1) automation hard-
ware, (2) data-driven experimental planning, (3) data/FAIR (findable, 
accessible, interoperable and reusable) infrastructure and (4) LLM 
integration. Table 1 summarizes the principal characteristics, con-
tributions, shortcomings and interconnections of each case study 
discussed in this section.

In one example, an ML-guided automated catalysis synthesis and 
testing workflow was developed for the accelerated exploration of 
heterogeneous catalysts for CO2 hydrogenation. In this system, BO was 
integrated with high-throughput catalyst synthesis and testing (parallel 
fixed-bed reactors). Over six weeks, 144 catalysts were automatically 
synthesized and tested, resulting in a champion catalyst, Cu–Zn–Ce/
ZrO2 (1.85 wt% Cu, 0.69 wt% Zn, 0.05 wt% Ce) that demonstrated a 
5.7-fold increase in CO2 conversion, a 12.6-fold increase in the methanol 
production rate and a 6.3-fold reduction in metal cost compared with 
the best-performing catalyst in the initial, randomly selected genera-
tion. This heterogeneous catalyst optimization campaign was achieved 
in 144 experiments (120 that made up the five‑generation optimization 
path, plus a 24‑experiment exploratory phase), compressing what 
would traditionally take years into 42 days of closed-loop data-driven 
operation51. This study was selected to showcase SDL aspects (1) and (2) 
because it shows automated hardware coupled to BO to deliver cost/
throughput gains and Pareto-front improvements.

In another study, an ML-assisted virtual screening framework 
was developed for the accelerated data-driven discovery of electro-
catalysts. This high-throughput strategy evaluated 2.4 million active 
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motifs derived from 465 binary alloy systems and 30 pure metals, 
predicting the activity and selectivity of the CO2 reduction reaction 
(or CO2RR) using structure-free binding energy models. Among the 
top candidates, Cu–Pd and Cu–Ga alloys were experimentally vali-
dated, achieving a 32.3% Faradaic efficiency (FE) for ethylene (C2H4) and 
38.4% for formate, respectively. Compared with traditional DFT-guided 
screening, this approach enabled catalyst prioritization within days, 
eliminating the need for computationally intensive surface model-
ling8. This study was selected to showcase SDL aspect (2), because it 
exemplifies predictive virtual screening with rapid laboratory triage 
and clarifies limits (kinetics, transport) before experimentation.

In another ML-assisted CO2 electrocatalyst screening- 
and-discovery study, a high-throughput DFT and active learning 
strategy was used to explore Cu-based alloys for the CO2RR (Fig. 3a)47. 
Approximately 228,000 adsorption sites across 12,000 surfaces were 
screened computationally, resulting in the selection of Cu–Al alloys 
as promising candidates. The champion electrocatalyst, a de-alloyed 
Cu–Al catalyst, demonstrated 80% FE for C2H4 at an applied current 
density of 400 mA cm−2, with a cathodic power conversion efficiency 
of 55 ± 2%—more than 2.8-fold higher than state of the art at the time—
while maintaining stable operation for >100 h (ref. 52). This study was 
selected to showcase SDL aspect (2), because it illustrates multi-fidelity 
active learning, linking computation to experiment with explicit 
scale-up validation.

In another ML-accelerated study for the development of hetero-
geneous catalysts, an active learning framework was implemented to 
accelerate the discovery of multimetallic catalysts for higher alcohol 
synthesis (HAS) from syngas by integrating BO with manual experi-
mentation48. Through three phases of iterative optimization—first over 

catalyst composition, then jointly with reaction conditions and finally 
via multi-objective tuning—only 104 experiments (86 experiments to 
reach the optimal catalyst; 104 when all seed and active learning runs 
are included) were required to navigate a chemical and parametric space 
encompassing approximately 5 billion possibilities. A Fe65Co19Cu5Zr11 
catalyst was identified with a space-time yield (STY) of 1.1 gHA h−1 gcat

−1 
and maintaining stable operation for 150 h, representing a fivefold 
productivity increase over the status quo (Fig. 3b). By uncovering 
Pareto-optimal conditions that balanced productivity and selectivity 
against undesired by-products (CO2 and methane (CH4)), the data-driven 
algorithm revealed performance trade-offs that were not readily discern-
ible through conventional human analysis. Compared with traditional 
human-centred discovery strategies, this AI-accelerated workflow for 
heterogeneous catalyst discovery and development demonstrated a 
>90% reduction in carbon footprint and development costs, highlight-
ing the transformative potential of active learning even when deployed 
with manually executed experimentation53. This study was selected to 
showcase SDL aspect (2) because it demonstrates Pareto-front discovery 
and trade-off navigation in composition–condition space.

As the scale and complexity of autonomous experimentation 
continue to grow, robust data infrastructure has become essential 
for ensuring the reproducibility, traceability and seamless integra-
tion of experimental and computational components in catalyst dis-
covery. An example of robotic catalysis infrastructure with a robust 
data-management system is Swiss CAT+, which was established to accel-
erate catalyst discovery through data-driven, high-throughput automa-
tion for both homogeneous and heterogeneous catalysis. Designed as 
a modular, open-access platform, Swiss CAT+ enables parallel synthesis 
and testing of up to 96 different heterogeneous catalysts in batch mode 

Table 1 | Comparative analysis of representative SDL examples in catalysis

Study Catalysis domain and automation type Limitations/open issues Conceptual links to other examples

Ramirez et al.51 Heterogeneous catalysis; parallel fixed-bed 
synthesis and testing in a BO-optimized closed 
loop

Dedicated high-throughput hardware 
remains expensive and lacks in situ 
analytics

Shares BO-driven strategy with Fe–Co–Cu–Zr 
HAS optimization53; informs flow-oriented 
Fast-Cat SDL13

Mok et al.8 Electrocatalysis; purely in silico, structure-free 
active-motif ML screened >279,000 motifs from 
465 binary alloys; singled out Cu–Pd (32.3% 
C2H4 FE) and Cu–Ga (38.4% formate FE) for rapid 
laboratory validation, bypassing DFT surface 
models

Neglects kinetics and mass transport; 
descriptor-free model, lacks 
interpretability

Purely computational counterpoint to the DFT 
and active learning Cu–Al study52

Zhong et al.52 Electrocatalysis; hybrid high-throughput 
DFT + BO active learning with manual 
electrolysis tests

High computational cost; long-term device 
durability unexplored

Extends virtual screening8 with multi-fidelity 
active learning; methodological overlap with 
Fe–Co–Cu–Zr optimization53

Suvarna et al.53 Heterogeneous catalysis; fixed-bed reactors 
in three-phase BO optimization (composition + 
conditions)

Manual sample preparation; Pareto 
analysis shows that CO2/CH4 by-products 
still limit selectivity

BO trade-off mapping echoes Fast-Cat13; draws 
on the BO tactics of the Cu–Zn–Ce/ZrO2 study51

Laveille at al.54 Heterogeneous and homogeneous catalysis; 
parallel batch/flow synthesis + testing with 
centralized FAIR data infrastructure

Needs external AI agents for 
decision-making

Provides the physical backbone for Ramirez 
et al.51 and the template for future flow SDLs (for 
example, Fast-Cat13)

Burger et al.55 Homogeneous photocatalysis; free-roaming 
robot executed 688 Bayesian-planned 
experiments in eight days

Throughput ultimately limited by GC 
analysis; reagent preparation partly 
manual

Demonstrates mobility and lab-agnostic 
automation, contrasting fixed automated 
laboratories

Bennett et al.13 Homogeneous catalysis; modular flow reactor 
+ inline GC, deep-neural-network-driven BO 
closed loop under high temperature and 
pressure

Ligand library pre-synthesized manually; 
single-ligand Pareto-front mapping focus

Evolves batch autonomy of mobile robot12 into 
flow; uses BO; digital twin data philosophy 
aligns with LLM-RDF57

Boiko et al.56 Homogeneous cross-coupling; robotic liquid 
handling with LLM-planned protocols

LLM hallucination risk; manual plate 
transfer; scope limited to well-documented 
reactions

Introduces LLM reasoning layer later extended 
by LLM-RDF57, complements BO-centric 
Fast-Cat13 with language-based planning

Ruan et al.57 Homogeneous catalysis; end-to-end LLM 
agents + BO + automated purification

Data provenance and LLM reliability 
concerns; hardware generalizability; 
purification limited to simple products

Extends Coscientist56 to full workflow including 
purification; leverages FAIR data concepts 
pioneered by Swiss CAT+54

Rapp et al.58 Biocatalysis; cloud laboratory gene synthesis → 
expression → assay loop steered by BO agents

Gene-synthesis cost; expression 
bottlenecks; objective limited to 
thermostability

Extends SDL model to protein landscapes, 
complementing chemical catalysis cases above

http://www.nature.com/natcatal


Nature Catalysis | Volume 8 | November 2025 | 1135–1145 1141

Perspective https://doi.org/10.1038/s41929-025-01430-6

or 16 in continuous flow, under reaction conditions of up to 100 bar 
and 925 °C. By digitizing experimental workflows and centralizing 
data storage and processing, Swiss CAT+ addresses critical bottlenecks 
in conventional discovery pipelines and supports the emergence of 
autonomous experimentation in academic and industrial catalysis 
research40. In one example of using Swiss CAT+, a data-management 
framework was developed to enable the structured, traceable and 
standardized handling of tabular data from diverse instruments (for 

example, automated synthesis, parallel reactor testing and gaseous 
product analysis). Compared with conventional manual workflows, 
Swiss CAT+ substantially reduced human error, enhanced reproducibil-
ity and ensured alignment with FAIR and open data practices, thereby 
facilitating automated, data-driven decision-making and accelerating 
catalyst discovery54. This study was selected to showcase SDL aspect 
(3) because it demonstrates a FAIR/traceable data backbone, enabling 
SDL reproducibility and interoperability.
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Fig. 3 | Examples of human–AI–robot collaboration in catalysis. a, FE for 
gaseous products during CO2 electroreduction on the active‑learning‑designed 
de‑alloyed Cu–Al catalyst (red bars), plotted as a function of the applied 
current density in 1 M KOH, compared with nanoporous Cu and evaporated Cu 
benchmark catalysts (grey)52. b, STY of higher alcohols (STYHA) as a function of 
the overall conversion of carbon monoxide (XCO) for BO-optimized Fe–Co–Cu–
Zr catalyst formulations. Active learning workflow (red and blue filled circles, 
labelled by phase number) compared with ∼125 literature catalysts (yellow filled 
circles)53. c, An autonomous mobile robot in an SDL navigates eight mapped 
laboratory stations, shuttling vial racks between input-storage, solid‑dispensing, 
photolysis and gas chromatography units55. d, Colour-coded image of the 
Fast-Cat hardware developed for accelerated catalyst/ligand development 
using autonomous flow reactors with a general reaction scheme tested for the 
hydroformylation of 1-octene13. e, Coscientist, a GPT‑4-driven autonomous 
laboratory agent, combines literature mining, robotic handling and real‑time 

analytics to design, execute and iteratively optimize palladium cross‑coupling 
reactions56. f, Autonomous protein engineering with SAMPLE. Left: thermal 
denaturation traces for the top GH1 variant evolved by each of four independent 
SAMPLE agents (coloured curves) versus the best wild-type parent enzyme 
(WT Bgl3; grey curve). Right: Michaelis–Menten analysis of the same designs, 
performed in human-run Escherichia coli lysates, showing that the catalytic 
efficiency (kcat/KM) remains within ~0.5–1.2-fold of the parent enzyme, indicating 
that the stability gains were achieved without compromising the activity58. 
T50, thermostability; ΔT50, change in thermostability between WT BgI3 and the 
SAMPLE agent; kcat, enzyme turnover number; KM, Michaelis constant. Panels 
adapted with permission from: a, ref. 52, Springer Nature Limited; b, ref. 53 under 
a Creative Commons license CC BY 4.0; c, ref. 55, Springer Nature Limited;  
d, ref. 13, Springer Nature Limited; f, ref. 58 under a Creative Commons license 
CC BY 4.0. Panel e reproduced with permission from ref. 56 under a Creative 
Commons license CC BY 4.0.
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Accelerated catalyst and reaction discovery and development with 
human–AI–robot collaboration has also been demonstrated in homo-
geneous catalysis. A notable example is the mobile robotic chemist, a 
homogeneous catalysis SDL that integrates heuristic decision-making 
with a mobile robotic platform to explore photocatalytic reactions 
(Fig. 3c)12,55. Equipped with a fully automated robotic system, this cataly-
sis SDL conducted experiments in parallel batch reactors, screening 
up to 86 photochemical hydrogen evolution reactions per day. More 
recently, the mobile robot chemist was expanded to more general 
exploratory synthetic chemistries with reactions such as Sonogashira 
cross-coupling and copper-catalysed azide–alkyne cycloaddition. This 
catalysis SDL successfully identified 4CzIPN (2,4,5,6-tetrakis(9H-carba-
zol-9-yl)isophthalonitrile) as an effective photocatalyst for decarboxy-
lative conjugate addition within two days of autonomous robotic exper-
imentation and conducting 180 reactions, which is almost 1,000 times 
faster than human-centred workflows of catalyst development12,55. This 
study was selected to showcase SDL aspect (1) because it demonstrates 
lab-agnostic mobile automation and autonomous execution at scale 
as well as handling analytics bottlenecks.

In a recent demonstration of fully autonomous homogeneous 
catalysis, the Fast-Cat platform was introduced as a closed-loop 
SDL that autonomously explores and benchmarks high-pressure, 
high-temperature transition metal-catalysed gas–liquid reactions 
(Fig. 3d)13. Designed specifically for homogeneous catalysis, Fast-Cat 
integrates a modular flow reactor, inline gas chromatography (GC) anal-
ysis and deep-neural-network-driven BO to rapidly map Pareto-optimal 
conditions for the rhodium-catalysed hydroformylation of 1-octene 
with various phosphorus-based ligands. Following the design, develop-
ment and validation of the SDL platform by a domain expert, human 
involvement was limited to supervisory oversight, periodic data analy-
sis and the preparation of fresh stock solutions when required. Within 
just five days and 45 autonomous experiments, Fast-Cat identified the 
full yield–regioselectivity Pareto front for a cyclic fluorophosphite 
ligand, revealing tunable selectivity from linear to branched aldehydes. 
Beyond this fluorophosphite ligand, Fast-Cat autonomously evaluated 
the performance of five additional ligands, each yielding a distinct 
Pareto surface, and further validated the knowledge scalability from 
flow to batch operations. By autonomously generating high-quality 
experimental data and digital twin models for each catalyst/ligand sys-
tem, Fast-Cat facilitated mechanistic insights through Shapley-based 
feature attribution analysis. Fast-Cat’s modularity and knowledge 
transferability make it a scalable, efficient and generalizable SDL for 
advancing data-driven homogeneous catalysis in the development of 
speciality and fine chemicals13. This study was selected to showcase SDL 
aspects (1) and (2) because it shows end-to-end closed-loop operation 
under industrial conditions, automated Pareto-front mapping and 
digital twin insights.

The integration of LLMs into SDLs has further expanded the 
scope of autonomous catalysis research. For example, Coscientist, 
an AI-powered autonomous system built on the GPT-4 (Generative 
Pre-trained Transformer 4) LLM, exemplifies how LLMs can enhance 
chemical experimentation by autonomously designing, planning 
and executing chemical reactions using a robotic platform (Fig. 3e)56. 
By combining LLMs with web-based literature retrieval, laboratory 
automation and real-time data analysis, Coscientist reduced human 
intervention in experimental workflows while maintaining rig-
orous scientific control. Specifically, Coscientist was applied to 
palladium-catalysed cross-coupling reactions, where it autonomously 
determined the reaction conditions, calculated reagent volumes and 
generated execution protocols for robotic liquid-handling systems. 
Experimental verification using GC–mass spectrometry confirmed 
that Coscientist could iteratively refine reaction conditions, achieving 
near-optimal yields within only 20 experiments. Coscientist also dem-
onstrated chemical reasoning by leveraging previously collected data 
to refine its decision-making process, further highlighting the potential 

of LLMs in catalysis research56. This study was selected to showcase SDL 
aspect (4) because it shows LLMs as a planner/orchestrator with tool 
use and underscores the need for grounding and verification.

In another study, an LLM-assisted reaction development frame-
work (LLM-RDF) showcased a versatile autonomous platform guided 
by LLM agents across all steps of chemical synthesis. This SDL demon-
strated end-to-end execution of literature mining, experimental design, 
reaction condition optimization and product purification using natural 
language interfaces. Using aerobic alcohol oxidation as a test case, the 
LLM-RDF autonomously conducted 96 high-throughput screening 
experiments, modelled the reaction kinetics and identified the optimal 
conditions through closed-loop BO within 36 iterations, achieving a 
94.5% aldehyde yield. The optimized reaction was further scaled up 
to produce one gram of purified product with 86% isolated yield and 
over 98% purity. Compared with conventional human-centred work-
flows, the LLM-RDF offered improved accessibility and operational 
efficiency. The incorporation of a robust data infrastructure facili-
tated seamless execution and data handling, highlighting the growing 
synergy between synthetic automation and intelligent data-driven 
platforms in catalysis research57. This study was selected to showcase 
SDL aspects (4) and (3) because it demonstrates an agentic LLM with 
BO, and stresses data provenance and the development of standard 
operating procedures.

Whereas the majority of SDL efforts so far have focused on het-
erogeneous and homogeneous catalytic systems, the principles of 
autonomous robotic experimentation are increasingly being extended 
to biological catalysis. The unique challenges of biocatalyst discov-
ery (for example, navigating vast protein sequence spaces, ensuring 
functional expression and maintaining biological compatibility) have 
fuelled the development of specialized SDLs that are equipped for 
enzyme engineering and synthetic biology. The Self-driving Autono-
mous Machines for Protein Landscape Exploration (SAMPLE) platform 
exemplifies an SDL for protein engineering58. SAMPLE integrates an 
intelligent agent with a cloud-based robotic system to navigate pro-
tein sequence–function landscapes without human intervention. 
SAMPLE autonomously executes gene synthesis, protein expression 
and biochemical characterization, using BO to iteratively refine its 
internal models. Four independent SAMPLE agents were deployed to 
enhance the thermostability of glycoside hydrolase (GH1) enzymes. 
Despite diverse search trajectories and experimental noise, all agents 
converged on thermostable enzyme variants at least 12 °C more stable 
than the natural inputs (Fig. 3f), while searching less than 2% of the 
1,352-member combinatorial landscape. SAMPLE’s results were fur-
ther validated via human-run assays, confirming the robustness of its 
findings. This study was selected to showcase SDL aspect (2) because 
it demonstrates closed-loop BO in biocatalysis and generalizes SDL 
concepts across different modalities.

Challenges and opportunities
The examples highlighted in the previous section illustrate the evolu-
tion of human–AI–robot collaboration from high-throughput screening 
to an intelligent collaborator for human researchers. By integrating 
HTE and advanced decision-making frameworks, catalysis SDLs are 
transforming the efficiency and accuracy of catalyst discovery and 
reaction optimization. As these technologies continue to mature, the 
next frontier lies in further enhancing the synergy between AI-driven 
decision-making, data infrastructure and robotic experimentation, 
paving the way for fully autonomous catalysis research that can address 
complex scientific and industrial challenges (Fig. 4).

Recent advances in AI have demonstrated strong potential for 
accelerating catalyst design through virtual modelling. However, an 
important challenge remains in bridging the gap between computa-
tional predictions and experimental implementation. Many current AI 
models operate in isolation from experimental feedback, which limits 
their practical utility in dynamic discovery workflows. Whereas recent 
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studies have shown that closed-loop systems—where theoretical pre-
dictions are refined on the basis of real-time experimental data—can be 
highly effective11,13,16,17,59, such frameworks remain rare due to technical 
complexity and the absence of standardized interfaces that connect 
computational platforms with robotic laboratories.

Despite much theoretical progress, physical implementation 
remains a substantial barrier to the widespread adoption of autono-
mous catalysis systems. Significant engineering challenges exist in 
developing reliable and versatile automation platforms that can meet 
the distinct needs of both homogeneous and heterogeneous cataly-
sis. For homogeneous systems, fluid handling must accommodate 
a wide range of solvents, reactants and catalysts with diverse physi-
cal and chemical properties, which poses challenges in microfluidic 
design, cross-contamination prevention and operational stability over 
extended runs. On the other hand, heterogeneous catalysis involves dif-
ficult tasks such as powder handling, immobilization on solid supports 
and achieving consistent contact between solid catalysts and reac-
tants—tasks that are not easily automated. In addition, the acquisition 
of high-fidelity, structure-resolved datasets that can underpin quan-
titative structure–function correlations in heterogeneous catalysis is 
intrinsically more demanding, because the operando spectroscopic, 
microscopic and diffraction probes required for such analyses are often 
incompatible with standard robotic workflows. Integrating these syn-
thesis steps with inline characterization and testing tools often neces-
sitates custom-designed solutions that remain either underdeveloped 
or cost-prohibitive for most research groups. Catalysis SDLs can ben-
efit greatly from technologies and strategies developed in other SDL 
domains, such as materials discovery and small-molecule synthesis, 
including modular automation, closed-loop decision-making frame-
works and multi-modal data fusion. However, catalysis presents unique 
challenges that require tailored solutions. These include managing 
complex multi-phase reactions, achieving operando characteriza-
tion under industrial conditions and integrating data that span from 
atomic-scale mechanisms to reactor-scale performance.

Consequently, the lack of accessible and reliable high-throughput 
platforms for catalyst synthesis, characterization and testing has lim-
ited progress across the broader catalysis community. Much of the 
existing literature focuses on data mining and pattern recognition 
from static datasets or curated databases, which, although valuable, 
largely reflect known chemistries and may risk reinforcing historical 
biases. To move beyond this model and enable the discovery of new 
catalyst classes and reactivity principles, the field must prioritize the 
development of robust, modular and democratized automation tech-
nologies. Such systems would enable chemists to efficiently validate 
AI-generated predictions in the laboratory, closing the loop between 
computation and experimentation and enabling the true data-driven 
exploration of uncharted chemical space.

A central barrier to the broader adoption of AI in catalysis is the 
limited availability of structured, high-quality experimental data. 
Often, laboratory data are not readily formatted in a manner that is 
readily usable by ML algorithms, and many experimental workflows 

lack the automation needed to generate data efficiently and at scale. 
In addition, robotic systems in SDLs often lack the flexibility to adapt 
to various catalyst classes, which further restricts their generalizabil-
ity. Most SDLs for heterogeneous catalysis are still at a nascent stage, 
largely due to incomplete data pipelines and slow testing processes. 
Therefore, enhancing both the quality and accessibility of data, along-
side developing more modular and adaptable robotic infrastructures, 
is essential for enabling more effective AI-driven discovery.

To address these limitations, it is increasingly recognized that 
integrating computational and experimental data can dramatically 
improve the accuracy and robustness of catalyst prediction. Hybrid 
workflows—where ML models are initially trained on simulated data-
sets and subsequently refined using experimental results—have 
proved to be highly effective in accelerating catalyst discovery52,60–63. 
In parallel, the concept of proxy experiments, which are simplified yet 
informative tests, offers a practical approach to expanding datasets 
without compromising the data quality. However, the widespread 
adoption of these methods will require the standardization of experi-
mental protocols and the implementation of systematic, high-quality 
data-collection practices.

Another critical area for improvement is the coordination between 
catalyst synthesis and performance testing. In many current research 
workflows, these two steps are conducted in isolation, resulting in 
inefficiencies and increased development time. A co-design approach, 
where synthesis and evaluation are integrated and jointly guided by 
AI models within a unified workflow, has the potential to streamline 
the discovery process. SDLs inherently support this paradigm, yet in 
practice, the majority of automation efforts so far have focused on 
synthesis, with performance testing often remaining a bottleneck due 
to its manual execution or inherently low throughput.

Understanding catalyst behaviour under realistic operating 
conditions is also vital, as many catalytic properties only emerge in 
specific thermal, chemical or electrochemical environments. This 
highlights the importance of in situ and operando techniques, which 
enable the real-time observation of catalysts during reactions. Nev-
ertheless, these methods are often resource-intensive and difficult 
to scale for high-throughput screening. One promising solution lies 
in the ML-guided identification of proxy measurements, which can 
approximate the same insights with simpler, faster techniques. Still, 
few comprehensive datasets currently exist that combine multiple 
experimental modalities under consistent conditions, limiting the 
ability to train robust and generalizable ML models.

Finally, the advancement of open science practices offers a pow-
erful opportunity to accelerate innovation across the catalysis com-
munity. The success of ML in other fields has been strongly supported 
by shared databases, open-source software and transparent method-
ologies. Similar efforts are needed in experimental catalysis, where 
the collaborative sharing of datasets, robotic protocols and model 
architectures could greatly enhance reproducibility, interoperability 
and collective progress. Promoting open and accessible research infra-
structures will be essential for building a more inclusive, collaborative 
and globally interconnected catalysis ecosystem.

Conclusions
SDLs represent a transformative shift in catalysis research, enabling 
more efficient, scalable, and systematic exploration of complex cata-
lytic systems. By integrating automated experimentation, data-centric 
infrastructures, and AI-driven decision-making, SDLs address many 
key limitations of traditional workflows, including low throughput, 
inconsistent reproducibility, and limited data accessibility. Success-
ful demonstrations across diverse catalytic domains have highlighted 
the power of closed-loop autonomous experimentation to optimize 
catalyst composition, reaction conditions, and overall performance. 
Moreover, recent advances in computational tools, ML, and LLMs 
suggest that SDLs will continue to evolve into versatile platforms for 

Challenges
• Delayed experimental validation
• Limited availability of structured 

data and metadata
• Lack of integration between 

synthesis and testing
• Limited high-throughput in situ 

measurements

Opportunities
• Hybrid computational–experimental 

workflows
• Proxy experiments and measurements
• AI-guided co-design frameworks
• Development of open science 
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Fig. 4 | Challenges and opportunities in catalysis SDLs. Barriers and 
opportunities for catalysis SDLs: delayed validation, limited/low-quality data, 
weak synthesis and testing integration and scarce high-throughput in situ 
measurements. Opportunities include hybrid computational–experimental 
workflows, proxy measurements, AI-guided co-design and open science 
practices.
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both fundamental discovery and applied development. Key challenges 
remain, including the need for robust automation compatible with 
diverse catalyst classes, the standardization of data formats to ensure 
interoperability, and seamless integration of in silico predictions with 
experimental validation. Addressing these challenges will require col-
laborative efforts across chemistry, engineering, and computer science 
disciplines64. A key message of this Perspective is that catalysis SDLs 
should be seen as augmenting human researchers rather than replacing 
them. Human expertise is essential for defining objectives, validating 
AI-driven insights, designing confirmatory experiments, ensuring 
safety, and providing domain knowledge that guides catalysis SDL 
operations. Humans play a crucial role in integrating SDL outputs with 
broader scientific understanding and ethical considerations.

As SDLs mature, they are expected to play a central role in the future 
of catalysis research. Human–AI–robot collaboration offers a scalable, 
intelligent approach to experimental discovery, with the potential to 
reduce development timelines, lower costs, and uncover new chemi-
cal knowledge. Broad adoption of SDLs, underpinned by open science 
practices and accessible research infrastructure, will be critical for 
fostering a more inclusive, efficient, and impactful catalysis ecosystem.
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