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Abstract
The design space of catalyst materials spans composition, processing, atomistic structure, and microstructure. As
materials become more complex, the dimensionality of this parameter space for catalyst design grows
combinatorially. Conventional active learning approaches operate on a single data stream and stay decoupled from
the messy reality of experiments, limiting their efficiency and reproducibility in real-world catalyst optimization. To
tackle this limitation, in a recent issue of Nature, Li et al. developed a robotic platform, Copilot for Real-world
Experimental Scientists (CRESt), which facilitates multimetallic catalyst discovery in a multiplex parameter space
by combining multimodal large vision-language models, knowledge-assisted Bayesian optimization, and robotic
automation of synthesis, characterization, and electrochemical tests. Deployed on a direct formate fuel cell use
case, CRESt efficiently explored hundreds of compositions and thousands of tests in months to deliver an octonary
multimetallic electrocatalyst with excellent device-level performance at reduced noble-metal loading. In this
Commentary, we highlight CRESt’s technical merits, while also outlining a forward agenda to translate systems
such as CRESt from proof-of-concept, bespoke demonstrations to widely adoptable, scientifically robust agentic
artificial intelligence for self-driving laboratories.
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Electrocatalysis sits at the core of decarbonizing various industrial sectors by electrifying the production
and utilization of green chemicals and clean fuels through electrochemical energy conversion and storage
technologies, e.g., electrolysis and fuel cells[1]. Elucidating the reactivity[2] and transformation[3] of material
surfaces while balancing catalytic activity[4] and stability[5] remains a scientific challenge to fully unlock the
promise of electrocatalysis for various sustainable energy technologies. Notably, the development of
electrocatalysts has been especially slow for the electrochemical oxidation of liquid fuels (e.g., methanol,
ethanol, and formate)[6]. As an example, the electro-oxidation of formate is highly difficult, which accounts
for over half of the energy losses in the direct formate fuel cell (DFFC) owing to its complex reaction
pathways, hard-to-tune surface intermediate interactions, and parasitic by-products[6].

Multimetallic catalysts, e.g., high-entropy alloys (HEAs), have recently been shown to exhibit potential for
complex reactions such as formate oxidation by providing chemically and structurally diverse surface sites
that lead to more optimized reaction energetics than simpler catalysts, e.g., pure metals and binary alloys[7].
In an ideal HEA solid solution, all its constituent elements are randomly distributed to maximize the
configurational entropy. This randomness yields a rich ensemble of surface metal sites and, consequently, a
quasi-continuous distribution of adsorption energetics for reaction intermediates. Such binding
environments can drive precise optimization of local electronic structure and site-specific reaction
energetics via strain and ligand effects, thereby enabling the possibility to design surface motifs and
discover novel materials with near-optimal catalytic performance.

Unfortunately, multimetallic catalyst optimization has been notoriously difficult due to the vastness of the
underlying parameter space and the elusive, convoluted correlations between various design variables.
Intrinsic parameters, including chemical composition, atomic structure, and microstructure, are often
correlated non-linearly[8], which are further confounded by extrinsic factors, such as synthetic, processing,
and operating conditions[9]. Active learning driven by Bayesian optimization (BO) with the Gaussian
process has emerged as a principled way to balance exploration and exploitation in a complex parameter
space[10], boosting catalyst discovery compared with traditional ad-hoc or exhaustive search [11]. BO has
recently been demonstrated to traverse multimetallic spaces efficiently by steering experiments toward
promising regions while quantifying uncertainty[12] - an approach that complements high-throughput
materials synthesis, characterization, and performance testing[13-17]. However, such BO implementations
have been unimodal, as they optimize over a single data stream, e.g., chemical composition or processing
parameters. Thus, a missed opportunity resides in multimodal active learning, where an agentic artificial
intelligence (AI) system can be used to ingest literature knowledge, text, images, and experiment logs, such
that the search policy is informed by what human scientists actually use, with the realistic complexity in
materials design[18].

To bridge this technical gap between AI agents and self-driving laboratories, Li et al. established the Copilot
for Real-world Experimental Scientists (CRESt) AI system[19], which integrates multimodal large vision-
language models (LVLMs) and knowledge-assisted active learning with robotics that perform high-
throughput synthesis, characterization, and electrochemistry at scale [Figure 1]. CRESt is a three-part
platform: (1) a natural-language user interface; (2) an LVLM-driven BO back-end that embeds text,
composition, and images into a reduced BO search space; and (3) actuators for automated catalyst
preparation, characterization, and testing. In practice, researchers can “chat” with the system, which
synthesizes materials, performs measurements, monitors experimental runs with cameras and LVLMs,
suggests the next candidates to assess, and proposes fixes when anomalies arise - better mirroring how
expert materials researchers actually reason, in contrast to conventional BO algorithms that operate on a
unimodal data stream.
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Figure 1. Schematic illustration of CRESt, which utilizes an LVLM-powered agentic AI system to embed diverse information (such as
literature text, microstructural images, and experimental spectra) into a reduced search space, couple it to active learning, and further
streamlines high-throughput synthesis, characterization, and tests for catalyst discovery. CRESt: Copilot for Real-world Experimental
Scientists; LVLM: large vision-language model.

An algorithmic innovation of CRESt is its LVLM-powered active learning approach that effectively
incorporates knowledge-embedding-based search space reduction into an adaptive exploration-exploitation
strategy. CRESt embeds prior knowledge by querying and encoding prior literature related to the reaction
of interest into text embeddings, while also extracting image-derived morphological descriptors using
authentic characterization data from autonomous scanning electron microscopy. These text and image
embeddings are compressed into a small set of latent variables that preserve most of their variance via
principal component analysis. BO with a knowledge-gradient acquisition function[20] then proposes the next
chemical compositions to investigate, mapping measured performance back to formulation. CRESt can
adapt the exploration-exploitation trade-off dynamically without manual tuning of this balance, achieved
by introducing a Lagrangian multiplier[21] motivated by policy-improvement constraints often found in
reinforcement learning.

For the hardware, CRESt coordinates liquid handling, carbothermal shock synthesis, microscopy,
diffraction, and electrochemistry, orchestrating all experimental subsystems to close the end-to-end
optimization loop at the precise cadence that agentic AI demands. High-throughput carbothermal shock
synthesis was used due to its simplicity to automate and its benchmarked efficacy to produce high-quality
single-phase HEA nanoparticles[22]. Applied to formate oxidation with the oxygen reduction reaction at the
counter electrode in a DFFC, CRESt synthesized over 900 chemistries and ran ~3,500 electrochemical tests
in three months, a pace that is challenging to achieve manually[19]. This campaign surfaced an octonary
HEA catalyst within the Pd-Pt-Cu-Au-Ir-Ce-Nb-Cr multimetallic space with a 9.3-fold improvement in
cost-specific performance relative to conventional Pd catalysts. Such an optimized recipe delivered high
experimental power density in a working DFFC at only one-quarter the precious-metal loading typical of
these energy conversion devices. Interestingly, CRESt’s monitoring and self-diagnosis can matter as much
as optimization. Camera streams with LVLMs were found to detect subtle deviations and suggest possible
corrections, improving reproducibility while keeping human researchers in the loop.

This proof-of-principle study demonstrates the promise of combining multimodal AI agents with self-
driving laboratories to boost the discovery and optimization of materials or molecules across a massive
design space and account for the real-world complexity of experimental variables and data streams. Similar
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Figure 2. Possible extensions to other research directions and further advances that need to be accomplished to unleash the full potential
of agentic AI for self-driving laboratories. AI: Artificial intelligence.

agentic AI frameworks driven by large language models (LLMs) have been demonstrated for other self-
driving laboratories, but these representative examples have been mostly limited to molecular synthesis [23-26].
It is intriguing to explore if AI agents can be applied to other research directions [Figure 2]. In
thermocatalysis, a future route is to integrate robotic reactors with inline analytics and use microscopy or
spectroscopy as feedback in an active learning loop. Such a setup may autonomously navigate the space of
HEA nanoparticles for selective hydrogenation[27] or oxidative dehydrogenation[28], where the interplay
between composition, microstructure, and surface states challenges traditional manual search. Relatedly,
large, public databases, e.g., Digital Catalysis Platform (DigCat: https://www.digcat.org/)[29], offer cloud-
based AI tools for catalyst design with closed-loop workflows, complementing lab-in-the-loop systems,
including CRESt. For energy storage, this framework naturally extends to electrolyte formulation[30] and
electrode synthesis optimization [31], e.g., by fusing literature text, microscopy, and time-series
electrochemical data to triage long-horizon cycling experiments. To boost materials synthesis, coupling
state-of-the-art flow chemistry platforms[32] with LVLMs can co-optimize precursors, reagents, and
conditions and use text-mined precedents and online spectroscopies to propose fixes when runs drift.
Across various application domains, this central concept - compressing multimodal prior knowledge into a
latent design space for actively learning with robotics - offers a general path to transform heterogeneous
evidence into faster, more reliable materials discovery.

It is also essential to emphasize that several limitations still prevail in today’s agentic AI frameworks for
materials and molecular design [Figure 2]. To begin with, they remain costly bespoke systems with
significant engineering overhead. Future progress will hinge on modular, open-source hardware design and
cloud-based orchestration stacks that may lower the integration burden and democratize the use of these
self-driving laboratories[33]. Similarly, the generalizability of such autonomous systems needs to be boosted.
To move from single-use exemplars to reconfigurable laboratories, these high-throughput systems should
allow plug-and-play task flexibilities and protocol abstractions, such that the same copilot can pivot from
one research topic to another without a comprehensive redesign[34]. Concretely, emerging open standards
for tool-data connectivity (e.g., the Model Context Protocol)[35] and tools for autonomous experiments (e.g.,
ChemOS[36,37] and AlabOS[38], two recently developed orchestrating architecture and workflow management
frameworks) are likely to boost further improvements in the reconfigurability of self-driving laboratories. It
is equally essential to note that scaling agentic AI alone does not resolve all limitations of machine learning.
Models trained on historical datasets can degrade under distribution shift and struggle to extrapolate to
truly novel chemistries or structures, necessitating out-of-distribution (OOD)-aware evaluation and model
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selection[39]. Advances in underlying methods, e.g., uncertainty quantification[40] and OOD detection[41], as
well as multi-fidelity BO[42], remain vital in facilitating reliable self-driving laboratories for materials
discovery. Moreover, several challenges have recently been observed in LLM- and LVLM-driven AI agents,
e.g., data biases, knowledge limitations, hallucinations, and poor model interpretability [43,44]. Changes in
current evaluation schemes, such as rewarding calibrated abstention rather than guessing[45], might suppress
hallucinations by informing abstention-aware planning and promoting retrieval-augmented decision
policies in agentic AI loops. Additionally, high-quality, multimodal datasets with well-defined tasks and
benchmarks are still urgently required in order to systematically evaluate the chemical knowledge and
reasoning abilities of LLMs and LVLMs[46] and improve the robustness and transparency of the resulting AI
agents in driving real-world materials discovery[47]. Finally, ethical and safety considerations remain crucial
for both self-driving laboratories[48] and agentic AI[49]. For instance, ensuring that hazardous experiments are
avoided is paramount, which could be achieved by explicitly leveraging watchdog AIs that vet proposed
experiments against hazard databases and chemical safety rules. Likewise, the introduction of multimodal
AI agents into self-driving laboratories presents ethical dimensions that need to be managed, including
preventing the misuse of such technologies toward harmful ends, e.g., creating toxic chemicals or designing
chemical weapon formulations[50]. With these considerations and future advances - more robust
standardization, better data foundation, more rigorous evaluation, safer autonomy - multimodal, agentic AI
will continue to evolve from proof-of-concept demonstrations such as CRESt into widely adoptable
scientific copilots for every researcher to close the design-make-test-learn loop for materials innovation at
scale.
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