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Autonomous AI agents in ORR electrocatalyst
discovery: a review of closed-loop workflows,
materials bottlenecks, and energy
system translation

Philani V. Hlophe,a Muhammad Tawalbeh, bc Amani Al-Othman de and
Phumlani F. Msomi *a

The commercialization of fuel cells and metal–air batteries is hindered by the slow kinetics of the oxygen

reduction reaction (ORR) at the cathode and the high cost of the platinum-supported carbon (Pt/C)

catalyst. Although Pt/C catalysts remain the benchmark, their reliance on scarce, expensive platinum and

limited durability under acidic conditions underscores the urgent need for alternative materials. Promising

candidates, including 2D materials (e.g., MXenes and graphene derivatives), M–N–C single-atom catalysts,

and high-entropy alloys, occupy vast and complex compositional spaces, making traditional trial-and-error

approaches too slow to fully explore them. While machine learning has accelerated the identification of

potential catalysts, challenges, such as long-term stability, practical synthesizability, and experimental

validation, remain unresolved. In this Perspective, we highlight the emerging role of autonomous AI agents

in ORR catalyst discovery. By integrating large language models, structured knowledge graphs, and robotic

high-throughput experimentation, these systems can autonomously design, execute, analyze, and refine

experiments with minimal human input. We emphasize that the success of such closed-loop systems

depends on moving beyond simple automation toward high-fidelity discovery. This requires integrating

physics-informed machine learning (PIML) frameworks with robust surrogate models that use uncertainty

quantification and physically meaningful representations to avoid extrapolation errors. This review

examines key challenges to realizing this vision, including the need for standardized operando datasets,

minimum reporting checklists to ensure reproducibility, explainable AI frameworks that provide chemical

insight, and robust strategies for synthesizing complex materials such as 2D sheets. Finally, we propose a

roadmap for developing and implementing these autonomous AI agents, aiming to accelerate the

discovery of the next generation of ORR electrocatalysts through a synergy of rapid execution and deep

theoretical rigor.

1. Introduction: the grand challenge of
the ORR and the limits of current ML
1.1. The ORR bottleneck: beyond

The transition to a global hydrogen economy critically depends
on high-efficiency electrochemical energy devices, including
proton exchange membrane fuel cells (PEMFCs) and metal–air
batteries. In these systems, the oxygen reduction reaction (ORR) at
the cathode remains the primary performance-limiting step due
to its sluggish kinetics.1,2 Platinum-on-carbon (Pt/C) catalysts are
the commercial benchmark thanks to their high intrinsic activity;
however, their widespread deployment is constrained by three
interrelated challenges: high cost, limited availability, and insuffi-
cient durability.3,4 Platinum alone accounts for roughly half
the cost of a PEMFC stack, highlighting the urgent need for
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cost-effective alternatives. Moreover, Pt/C catalysts undergo degra-
dation pathways, such as Ostwald ripening (particle aggregation)
and carbon corrosion during prolonged operation, which limit
their long-term performance.3 Together, these issues underscore
the necessity of moving ‘‘beyond Pt/C’’ toward electrocatalysts that
can combine high activity, stability, and affordability.

1.2. The material frontier: non-precious catalysis

The most promising strategies for replacing Pt involve the
exploration of non-precious metal (NPM) and low-platinum-
group (low-PGM) electrocatalysts. Current research focuses on
materials that maximize atomic utilization and tailor active site
environments.2,5 Fig. 1 illustrates the material frontier for non-
precious ORR electrocatalysts, highlighting single-atom M–N–C
catalysts, high-entropy alloys, and Pt-alloy systems. Beyond
these, emerging 2D materials such as MXenes and functiona-
lized graphene derivatives offer unique properties due to their
high surface-to-volume ratios and tunable electronic properties.
Autonomous AI agents are increasingly being used to navigate
the complex exfoliation and surface-functionalization para-
meters of these 2D systems to optimize their ORR activity.
� Single-atom catalysts: atomically dispersed metal–nitrogen–

carbon (M–N–C), particularly Fe–N–C materials, have emerged as
the leading PGM-free alternative. They feature well-defined sites
and offer high atomic efficiency and intrinsic activity compar-
able to M–N4. However, a critical bottleneck remains their long-
term durability in acidic environments, which often leads to
metal demetallation and structural degradation.1,6

� Alloys and high-entropy systems: binary, ternary, and qua-
ternary Pt-alloy catalysts (e.g., PtCo and PtNi) and high-entropy
alloy (HEA) electrocatalysts are being investigated to tune the
electronic structure and stability of the active surface sites.6,7 The
challenge here is the vast and complex compositional space,
which makes their optimal design and synthesis control highly
intractable via traditional methods.

Two-dimensional (2D) materials: two-dimensional materials,
including graphene derivatives, MXenes, and transition metal
dichalcogenides (TMDs), have emerged as promising platforms
for ORR electrocatalysis due to their high surface area, tunable
electronic structure, and capacity for heteroatom doping and
defect engineering. These materials offer flexible pathways to
tailor active sites and optimize adsorption energetics. However,
their intrinsic ORR activity often remains lower than that of Pt-
based systems, and their performance is highly dependent on
surface functionalization, hybridization, and structural modifi-
cation. In addition, challenges related to long-term stability,
restacking, and scalable synthesis limit their practical deploy-
ment, highlighting the need for advanced design strategies and
controlled fabrication approaches.5,7

1.3. The shortcomings of the human-in-the-loop status quo

Traditional catalyst discovery follows a slow, sequential cycle:
design - synthesis - test - analyze. The recent integration of
machine learning (ML) with high-throughput screening (HTS)
has accelerated the prediction step, enabling rapid filtering of
promising candidates from large computational databases,
such as density functional theory (DFT)-based datasets.8 Despite
these advances, current approaches remain constrained by a
human-in-the-loop bottleneck:
� Limited scope: ML models excel at predicting catalyst

activity (e.g., binding energies) but often fail to capture critical
challenges, such as long-term stability and complex synthesis
optimization.1

� Data quality: the accuracy of predictions is limited by
heterogeneous, low-quality, and non-standardized experimental
datasets, creating a persistent ‘‘data bottleneck’’.1

� Lack of agency: even with high-fidelity predictions, the
iterative synthesis and testing steps remain slow, prone to
human error, and constrained by the throughput limits of
human intuition.8

Fig. 1 Schematic representative classes of ORR catalysts, including M–N–C single-atom catalysts, high-entropy alloys, Pt-based alloys, and two-
dimensional (2D) materials. The diversity and increasing complexity of these materials underscore the need for advanced AI-driven discovery strategies.
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These limitations highlight the need for approaches that go
beyond conventional human-guided workflows, paving the way
for autonomous systems capable of accelerating catalyst dis-
covery at scale.

1.4. Introducing the paradigm shift: autonomous discovery

To overcome the limitations of current approaches and meet
the stability and activity targets required for commercial viabi-
lity (e.g., U.S. DOE 2025 mass activity and durability goals), the
field must move beyond human-guided, data-driven predic-
tions toward fully autonomous, closed-loop discovery. The idea
of this perspective is that autonomous AI agents, intelligent
robotic laboratories integrated with advanced reasoning AI,
including large language models (LLMs) and structured Knowl-
edge Graphs (KGs), represent the next transformative step in
electrocatalyst development.9,10

Critically, this shift is not merely about increasing experimental
throughput but about enhancing model fidelity. By integrating
physics-informed machine learning (PIML) and intrinsic uncer-
tainty quantification, these agents can navigate vast chemical
spaces with first-principles accuracy. By prioritizing structural
descriptors such as coordination environments and electronic
d-band centers over mere statistical correlations, autonomous
AI agents transform the discovery loop (predict - make -

measure - learn) from a high-throughput automation task into
a high-fidelity scientific engine capable of solving the long-
standing challenges of catalyst activity and durability.

2. The mechanics of the autonomous
AI agent

The shift from conventional human-in-the-loop ML to fully
autonomous discovery is enabled by closed-loop self-driving
laboratories (SDLs), orchestrated by an autonomous agent.

Unlike a traditional program executing optimization algo-
rithms, the agent is an intelligent, embodied system capable
of reasoning, testing hypotheses, and self-correction.8 By inte-
grating experimental execution, data analysis, and iterative
learning, such agents can navigate complex chemical spaces
far beyond the reach of manual workflows.

2.1. The closed-loop architecture

The efficiency of an autonomous agent depends on an intelligent
feedback system that explicitly closes the predict - make -

measure - learn loop. This loop can be understood as a
continuous analyze - innovate - execute (A–I–E) cycle, as
per Fig. 2. In Fig. 2, the analyze stage ingests experimental and
computational data; the innovate stage generates hypotheses via
LLM reasoning and knowledge graph (KG) contextualization;
and the execute stage implements these via robotic high-
throughput synthesis and testing.
� Analyze (learn/predict): the agent ingests experimental

results, such as ORR performance and stability data, as well
as characterization data (e.g., XPS and XAS) from the robotic
platform. This information is integrated into its internal knowl-
edge structure, allowing the agent to learn structure–property
relationships and predict the most promising next experiment.
� Innovate (design): leveraging its reasoning core, the agent

generates chemically valid hypotheses. For example: ‘‘Synthe-
size Fe–Co–N–C with a 1 : 2 Fe : Co ratio annealed at 850 1C to
maximize Fe–N4 site stability.’’
� Execute (make/measure): the agent translates these

hypotheses into precise, codified instructions, such as robotic
arm movements, pump flow rates, and temperature protocols,
which are directly executed by the automated hardware.10

This closed-loop approach dramatically accelerates catalyst
discovery, enabling the system to perform hundreds of iterative
experiments in the time it would take human researchers’ years
to complete.8

Fig. 2 Closed-loop architecture. Autonomous agent workflow integrating analyze (data/ML insights), innovate (LLM + KG), and execute (robotic
synthesis and testing). Arrows indicate iterative learning.
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2.1.1. Physics-informed ML frameworks and uncertainty
aware discovery. The integration of autonomous AI agents into
ORR catalyst discovery necessitates a shift from a simple work-
flow automation to the deployment of physics-informed machine
learning (PIML) frameworks. A fundamental challenge in auton-
omous discovery is the model fidelity vs. computational efficiency
trade-off; while density functional theory (DFT) provides
quantum-level accuracy, its computational cost is prohibitive
for screening vast chemical spaces.

To bridge this gap, modern agents utilize surrogate models
that incorporate physical constraints directly into the learning
architecture. Graph-based structural learning and equivariant
neural networks allow the agent to represent complex catalyst
surfaces such as the strained lattices of high-entropy alloys or
the defective planes of MXenes, while maintaining rotational
and translational invariance.54

Furthermore, high-throughput discovery is not merely a
matter of volume but of navigating uncertainty. Advanced
frameworks now integrate sparse Gaussian process regression
(SGPR) coupled with committee-machine scaling (e.g., Robust
Bayesian Committee Machine (RBCM)).55 These methods enable
unified, scalable, and uncertainty-aware materials discovery by
providing intrinsic uncertainty quantification (UQ). In a closed-
loop system, UQ serves two critical functions:

(1) Active learning guidance: it identifies regions of the
chemical space where the model’s confidence is low, directing
the robotic hardware to perform experiments that maximize
information gain.

(2) Risk mitigation: it prevents the agent from falling into
‘‘extrapolation traps’’, where the model might predict high
performance in chemically incoherent regions of the configu-
ration space.

By prioritizing models that retain near-DFT accuracy while
enabling large-scale screening, the autonomous AI agent trans-
forms from a high-throughput automation tool into a high-
fidelity discovery engine capable of identifying non-intuitive
catalyst architectures.55

2.2. The reasoning core: large language models and
knowledge graphs

The agent’s ability to achieve true autonomy, moving beyond
simple Bayesian optimization to chemically informed decision-
making, resides in its reasoning core.

2.2.1. Large language models for chemical intuition.
Recent advances have shown that LLMs are powerful tools for
high-level, human-interpretable reasoning and planning.9 Act-
ing as the agent’s ‘‘chemical intuition,’’ the LLM performs tasks
that traditional algorithms cannot:
� Hypothesis generation: translating abstract goals, such as

‘‘Improve Fe–N4 stability by 10%’’, into concrete, literature-
backed synthetic strategies.
� Protocol codification: producing and debugging the soft-

ware code required to operate complex laboratory instruments,
removing manual programming bottlenecks.9

� Literature mining: integrating unstructured textual knowl-
edge, including papers, patents, and lab notebooks, directly

into the decision-making process, a capability inaccessible to
purely numerical ML models.8

2.2.2. Structured knowledge graph. To ensure the LLM’s
chemical intuition is accurate and grounded, it is paired with a
structured KG. Serving as the single source of truth, the KG
aggregates heterogeneous data, DFT calculations, synthesis
protocols, characterization spectra, and electrochemical perfor-
mance metrics into a machine-readable, relational format.
� The KG plays a critical role by:
Contextualizing decisions: enabling the agent to search for

relationships across different data types, e.g., ‘‘Which synthesis
conditions minimize Fe leaching for a given M–N–C structure?’’

Preventing redundancy: systematically recording all prior
experiments and outcomes, preventing the agent from revisit-
ing previously explored dead ends.8

2.3. The action layer: robotics and high-throughput screening
integration

The physical implementation of the agent’s plans relies on
robust, integrated hardware, commonly referred to as an SDL
or robotic platform.
� Modular synthesis: the platform must support flexible,

modular synthesis methods, such as hydrothermal, pyrolysis,
or solution-phase techniques, allowing rapid preparation of
materials, including M–N–C precursors.10 To enhance reprodu-
cibility and modularity, these systems rely on specific software
frameworks; communication between the AI reasoning core
and the hardware is typically facilitated through Python-based
APIs or the Robot Operating System (ROS), ensuring seamless
execution of synthesis protocols.
� Real-time electrocatalysis: high-throughput testing is con-

ducted using automated systems or micro-fuel cell setups,
which feed performance and durability data directly back to
the reasoning core in real time. This immediate feedback is
essential for enabling the iterative learning cycle.

By coupling LLM-driven reasoning with robotic execution via
a structured KG, the autonomous AI agent transforms electro-
catalyst discovery from a slow, human-mediated workflow into
a rapid, self-optimizing, closed-loop process.

3. Agent-driven solutions to
bottlenecks

The true value of an autonomous AI agent lies not only in speed
but in its ability to simultaneously optimize parameters that
remain intractable for human researchers, such as durability
and precise synthesis control.10 By closing the loop between
prediction, synthesis, measurement, and learning, these sys-
tems are uniquely positioned to overcome the most critical
limitations of non-precious metal catalysts, particularly the
leading M–N–C materials.11 Table 1 summarizes the major
bottlenecks in ORR catalyst development and the corres-
ponding AI-driven strategies enabled by autonomous discovery
platforms.
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3.1. Cracking the durability problem via autonomous
discovery

The Achilles’ heel of state-of-the-art Fe–N–C catalysts is their poor
long-term stability in the harsh acidic environment of PEMFCs.12

Degradation arises from complex, coupled mechanisms, includ-
ing metal demetallation (active-site leaching), carbon corrosion
(support breakdown), and attack by reactive oxygen species,
such as H2O2.11 Traditional catalyst evaluation relies on
slow, standardized Accelerated Stress Tests (ASTs) (e.g., DOE
protocols).13 Autonomous AI agents transform this process in
two keyways:

3.1.1. AI-guided accelerated stress test protocol design.
Rather than following fixed protocols, the autonomous AI agent
leverages its KG to learn degradation patterns from previously
studied materials. It dynamically tunes AST parameters, such
as potential cycling range, dwell time, temperature, and humid-
ity, to selectively accelerate specific degradation mechanisms
(e.g., demetallation vs. carbon corrosion).14 A central advantage
of this approach is the integration of intrinsic uncertainty
quantification (UQ). In active learning loops, the agent uses
UQ to guide experiment selection, prioritizing conditions where
the model’s confidence is the lowest, thereby avoiding extra-
polation errors when navigating previously unexplored chemical
spaces. This targeted approach improves both representative-
ness and the acceleration factor, reducing human-level 1000 h
tests to potentially tens of hours.

3.1.2. Predictive durability descriptors. The autonomous AI
agent moves beyond measuring only final performance, focus-
ing on identifying early-stage descriptors predictive of long-term
stability.15 By moving beyond descriptive summarization, the
agent uses robust surrogate models that generalize to physically
meaningful representations, ensuring the system maintains

high-fidelity discovery rather than merely rapid automation.
By integrating real-time gas analysis (e.g., CO2 or H2O2 produc-
tion rates) with its ML models during ASTs, the agent correlates
instantaneous chemical markers with long-term voltage decay.11,16

This predictive loop allows rapid elimination of unstable candi-
dates, concentrating costly testing resources on materials with the
highest potential for intrinsic stability.

3.2. Synthesis optimization via atomic-level feedback

The synthesis of highly active M–N–C materials involves a vast
and non-linear parameter space, including metal precursor
concentration, ligand type, pyrolysis temperature, atmosphere,
and cooling rate.17,18 Conventional approaches struggle because
they are typically decoupled from the actual synthesis process
and rely on post-mortem characterization. However, the core
success of closed-loop discovery hinges on integrating robust
surrogate models rather than on rapid automation alone. With-
out physically meaningful representations, such as those that
capture the electronic d-band center or the local coordination
environment, the framework risks becoming a high-throughput
but low-fidelity system that overlooks the underlying physics of
the ORR process.

The closed-loop durability and synthesis optimization pro-
cess illustrated in Fig. 3 highlights the predictive descriptors
and in situ feedback utilized by the autonomous AI agent.
Specifically, the agent defines and tracks predictive descriptors,
such as the metal-center coordination number and oxidation
state, to clarify how these atomic-level features feed back into
the AI decision-making loop.

The autonomous AI agent extends conventional catalyst
discovery strategies through closed-loop synthesis optimization
(CSO), in which experimental observations obtained from

Table 1 Autonomous AI-driven strategies for overcoming key bottlenecks in ORR catalyst discovery

Bottleneck in catalyst
development Autonomous AI-agent strategy Key technologies Impact on catalyst discovery Ref.

Catalyst durability and
degradation in acidic
PEMFC environments

AI-guided accelerated stress test (AST)
design that dynamically tunes degrada-
tion conditions based on knowledge
graph learning

Machine learning models,
adaptive AST protocols, and
degradation monitoring

Enables targeted identification of degrada-
tion mechanisms and accelerates durability
evaluation from long-term testing to shorter
predictive experiments

11,
13
and
14

Limited ability to pre-
dict long-term catalyst
stability

Identification of predictive durability
descriptors through real-time monitoring
of degradation markers such as CO2 or
H2O2 production

Real-time gas analysis,
machine learning models,
predictive stability
descriptors

Early detection of unstable catalysts allows
rapid elimination of poor candidates and
focuses testing resources on stable
materials

11,
15
and
16

Complex synthesis
parameter space for M–
N–C catalysts

Closed-loop synthesis optimization (CSO)
linking experimental feedback to
machine learning models that update
synthesis parameters

Robotics-driven synthesis,
ML-guided optimization,
automated experimentation

Rapid convergence toward optimal catalyst
compositions and synthesis conditions

17–
19

Difficulty in identifying
active-site structures

Integration of operando characterization
techniques to monitor catalyst structure
during synthesis and operation

X-ray absorption spectro-
scopy (XAS), Raman
spectroscopy, in situ char-
acterization methods

Enables real-time identification of active-
site formation and correlation with catalytic
performance

20–
22

Exploration of complex
catalyst architectures
(e.g., HEAs or multi-
metal systems)

AI-driven decoupling of structure–activ-
ity–synthesis relationships through data-
driven modelling and optimization

Machine learning models
trained on DFT and experi-
mental data

Facilitates discovery of complex catalyst
compositions that balance activity and
stability

23
and
24

Translation of catalyst
discovery to energy
systems

Autonomous discovery platforms inte-
grating synthesis, testing, and optimiza-
tion for hydrogen technologies

Autonomous laboratories,
AI-driven materials dis-
covery frameworks

Accelerates development of durable cata-
lysts that improve power density and effi-
ciency in hydrogen production and energy
conversion systems

10
and
25
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in situ or operando characterization are continuously fed into
machine-learning models that update synthesis parameters
and guide subsequent robotic experiments. By refining these
models iteratively, the agent ensures that predicted configura-
tions are grounded in structural accuracy rather than mere
statistical correlation, enabling robust generalization even when
exploring novel chemical spaces with sparse experimental data.
Such iterative experimentation–learning cycles, as demonstrated
in robotic nanoparticle synthesis platforms, enable rapid conver-
gence toward optimal materials configurations by autonomously
refining reaction conditions and precursor compositions.19

3.2.1. Characterization integration. The agent’s most
powerful sensor inputs are advanced characterization techni-
ques, particularly X-ray absorption spectroscopy (XAS) and
Raman spectroscopy.20,21

� Active site fingerprinting: during pyrolysis or activation
steps, the agent monitors the formation and coordination of
metal sites, distinguishing desired Fe–N4 centers from inactive
Fe nanoparticles.22

� Real-time optimization: spectral signatures (‘‘fingerprints’’)
are continuously correlated with electrochemical performance.
If XAS indicates a sub-optimal coordination environment (e.g.,
M–N3O), the agent leverages its reasoning core (LLM) to adjust
pyrolysis conditions, for instance: ‘‘Increase temperature by
50 1C to promote C–N restructuring and enhance Fe–N4 site
density.’’.22

3.2.2. Decoupling synthesis and structure descriptors. The
AI system can handle the synthesis of complex, next-generation
catalysts, including diatomic M1–N–M2–C systems and high-
entropy alloys (HEAs), which are intractable via trial-and-
error.23 By training ML models on its own DFT and synthesis
data, the agent systematically decouples geometric and electro-
nic effects, generating a structure–activity–synthesis map
beyond human intuition.24 This CSO enables rapid discovery

of previously inaccessible coordination environments that bal-
ance activity and stability.

By tightly integrating iterative synthesis with real-time oper-
ando characterization and adaptive durability-testing feedback
loops, autonomous AI agents can rapidly navigate the vast design
space of next-generation electrocatalysts, including emerging 2D
materials and multi-component architectures. Such closed-loop
platforms enable the systematic identification of active-site
configurations that simultaneously optimize catalytic activity,
stability, and resistance to degradation. Beyond accelerating
catalyst discovery, this approach has direct implications for
energy technologies: the rapid development of durable, low-
cost catalysts could significantly enhance power density and
operational lifetime in hydrogen production and electrochemi-
cal energy conversion systems. In this way, autonomous dis-
covery platforms may play a pivotal role in bridging the gap
between catalyst innovation and scalable deployment within the
hydrogen economy.25

4. Challenges and ethical
considerations in the era of
autonomous discovery

The rise of SDLs and AI-driven materials discovery in electro-
catalysis introduces significant scientific, economic, and ethi-
cal challenges that must be addressed to ensure successful
industrial translation.26

4.1. Scientific challenges: reproducibility and data
infrastructure

The primary scientific barriers to widespread adoption revolve
around reproducibility and the establishment of robust, stan-
dardized data infrastructures.27

Fig. 3 Durability and synthesis optimization. AI-guided closed-loop system integrating predictive descriptors and in situ characterization to optimize
catalyst performance and stability.
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4.1.1. The reproducibility crisis in electrocatalysis. The
electrocatalysis community is actively confronting a reproduci-
bility crisis, which poses a major hurdle for autonomous
laboratories that rely on high-quality data. Variations in synth-
esis conditions, electrochemical testing protocols, and report-
ing practices can lead to significant discrepancies in reported
catalyst performance across laboratories. Table 2 summarizes
the major sources of irreproducibility in electrocatalysis and
highlights their implications for AI-driven catalyst discovery
platforms.28,29

Addressing these challenges is essential for building reliable
data infrastructures capable of supporting autonomous discov-
ery systems. Standardized experimental protocols, improved
reporting practices, and structured data frameworks will be
critical for enabling robust machine-learning models and self-
driving laboratories.

Interlaboratory studies have shown that variability in hetero-
geneous electrocatalysis often arises from undescribed but
critical process parameters in catalyst synthesis and testing
protocols, which can lead to substantial discrepancies in
reported activity metrics such as overpotential, current density,
and stability across laboratories.30 To address this systemati-
cally at the architectural level, integrating a ‘Marker-Checker’
protocol into the autonomous workflow is a crucial piece of the
puzzle. In this framework, the generative ‘Marker’ (the autono-
mous AI agent) proposes experimental parameters, while a
physics-informed ‘Checker’ (a validation module) audits the
proposal against known chemical constraints and safety bound-
aries before execution. This dual-layer oversight prevents the
propagation of ‘hallucinated’ or physically inconsistent data
into a shared infrastructure.

The inherently multidisciplinary nature of electrocatalytic
systems, spanning electrochemistry, materials science, surface
science, and spectroscopy, makes it difficult to accurately
determine fundamental quantities such as active-site density
and intrinsic catalytic activity.31,32 These challenges have
prompted growing community efforts to improve rigor and
reproducibility, including workshops and collaborative initiatives
to establish standardized experimental practices and reporting
guidelines for catalysis research.33 Implementing a standardized
‘Checklist for Autonomous Synthesis’ (see Table 2) within the
Marker-Checker loop ensures that every data point, including
both the intended parameters and the verified execution, is
accompanied by the necessary metadata. By capturing undocu-
mented process parameters (e.g., precise ramp rates or atmo-
spheric moisture levels) as mandatory fields in the autonomous
AI agents reporting loop, the community can move toward a
reliable data infrastructure capable of supporting robust cross-
laboratory benchmarking.

4.1.2. Data standardization and quality control. The SDLs
generate massive volumes of data, making standardization and
quality control critical for effective AI-driven discovery.34

� Standardized metrics: to ensure fair comparisons and
provide reliable training data for AI, the field is moving toward
community-wide standardized metrics for evaluating catalyst
performance. For example, benchmarks have been established
for Ru-based ammonia decomposition catalysts, providing
reproducible performance indicators.35

� Quality control tools: developing robust quality control
tools and in-line or end-of-line diagnostics is essential, parti-
cularly for enhancing the manufacturability and recyclability
of fuel cell components.36 These tools enable system-level

Table 2 Sources of irreproducibility in electrocatalysis and implications for autonomous discovery platforms

Source of
irreproducibility Description

Comments (Impact on Reported Performance/Recom-
mended Practices) Ref.

Incomplete reporting
of synthesis
parameters

Variations in catalyst synthesis conditions such as pre-
cursor composition, pyrolysis temperature, and gas
environment are often not fully documented

Small differences in synthesis conditions can signifi-
cantly alter active-site density and catalytic activity,
leading to inconsistent performance across laboratories.
Researchers should follow a ‘‘Checklist for Autonomous
Synthesis,’’ reporting at minimum: precursor molarity,
ramp rates, atmosphere flow velocity, and software
configuration for reproducibility

28, 31
and 35

Variability in electro-
chemical testing
protocols

Differences in electrolyte composition, catalyst loading,
electrode preparation, and measurement conditions
(e.g., rotating disk electrode parameters) can influence
measured catalytic activity

Inconsistent testing methodologies can lead to large
discrepancies in reported ORR performance metrics.
Standardized testing protocols and benchmarking prac-
tices are recommended to ensure meaningful compar-
ison of catalyst performance across studies

13, 30
and 35

Difficulty in active-site
quantification

Determining the exact number and nature of active sites
in heterogeneous catalysts remains challenging due to
structural complexity

Uncertainty in active-site density complicates the deter-
mination of intrinsic catalytic activity (e.g., turnover fre-
quency). Advanced operando spectroscopy and improved
characterization methods are needed to accurately
quantify active sites

11 and
20–22

Fragmented experi-
mental knowledge in
literature

Critical experimental details are often embedded in
unstructured text across numerous publications, making
systematic data extraction difficult

Fragmented knowledge limits the ability of machine-
learning models to access reliable datasets. Knowledge
graphs and structured data frameworks can help orga-
nize experimental information and improve data inter-
operability for autonomous discovery platforms

37, 38,
40 and
42

Limited availability of
high-quality datasets
for AI models

Machine-learning models require large, high-quality
datasets for training and validation, but such datasets
are scarce in catalysis research

Autonomous laboratories and standardized data infra-
structures can generate consistent high-throughput
datasets, enabling more reliable AI-driven materials
discovery

27, 34
and 45
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integration and ensure that data feeding the AI agents is both
accurate and actionable.

4.1.3. Leveraging knowledge graphs. Managing complex
and fragmented experimental knowledge is a major challenge
for AI-driven discovery. Structured data formats, such as KGs,
offer a solution.37,38

� Fragmented knowledge: currently, most experimental
details and synthesis pathways are ‘‘buried in unstructured
prose’’ across countless research articles, limiting their acces-
sibility and utility for AI models.39

� Knowledge graph frameworks: emerging open-source fra-
meworks, including CATDA (Corpus-aware Automated Text-to-
Graph Catalyst Discovery Agent) and CatKG (Catalyst Knowl-
edge Graphs), leverage LLMs and text-mining techniques on
vast literature corpora to:
� Extract and structure information on synthesis pathways,

precursor properties, catalytic performance, and experimental
conditions into queryable graph representations.40,41

� Enable natural-language queries for knowledge discovery,
allowing researchers and AI agents to interrogate complex
datasets intuitively.42

� Generate machine-learning-ready datasets with near-
human fidelity, bridging the gap between literature knowledge
and autonomous experimental planning.43

By integrating KGs into autonomous systems, AI agents gain
a structured, holistic view of experimental knowledge, enabling
more informed decision-making and dramatically reducing
redundant experimentation.

4.2. Economic and scale-up challenges

Transitioning from laboratory-scale prototypes to industrial-
scale applications presents significant economic hurdles.44

4.2.1. Cost of self-driving laboratories. The initial invest-
ment required to establish a fully functional, multi-purpose
SDL is substantial.45

� High capital requirements: major institutions have
secured multi-million-dollar grants to build SDL networks, for
instance, a $2 million NSF grant for collaborative SDL efforts and
a $200 million Canadian CFREF grant for materials discovery,
highlighting the significant financial commitment needed for
state-of-the-art facilities.46

� Towards cost-effective solutions: parallel initiatives are
exploring more affordable SDLs. Examples include the Bayesian
Robotic Investigator of Novel Electrolytes (BRINE), which inte-
grates open-source robotics with standard electrochemical
equipment to autonomously test formulations.47 Such systems
suggest a path toward more accessible, purpose-built autono-
mous platforms that could democratize AI-driven materials
discovery.

4.3. Ethical considerations in AI-driven discovery

The deployment of AI and autonomous systems in materials
science introduces a range of ethical considerations that must
be proactively addressed.48

� Bias and fairness: AI models are inherently susceptible to
data biases, which can lead to algorithms that inadvertently

prioritize or overlook certain materials. This may hinder the
discovery of globally accessible or cost-effective solutions.49

� Transparency and explainability (T&E): autonomous
systems often operate as ‘‘black boxes.’’ Ethical deployment
requires that AI decision-making in material selection and
optimization remains transparent and interpretable to human
researchers, balancing explainability with other considerations
such as privacy.50

Accountability and responsibility: clear lines of responsibil-
ity must be defined for outcomes, defects, and potential harms
associated with autonomously discovered materials, ensuring
that human oversight is maintained.51

� Safety and security: systems must be designed to mitigate
unintended harms and minimize vulnerabilities to malicious
attacks, particularly given the sensitive nature of energy-related
materials research.52

� Sustainability and ‘‘Do No Harm’’: ethical principles
dictate that AI development and deployment should align with
legitimate objectives while minimizing negative environmental
and societal impacts, including resource consumption, waste
generation, and broader sustainability considerations.53

5. Future perspectives and strategic
roadmap

The next decade (2025–2035) will be pivotal for autonomous
materials discovery in electrocatalysis, as SDLs and AI-driven
workflows mature. To fully realize their potential, a coordinated
roadmap spanning technical development, data infrastructure,
and industrial translation is essential.

5.1. Technical milestones and research priorities

5.1.1. Advanced AI reasoning. Develop domain-specific
LLMs capable of predictive synthesis planning, multi-step reac-
tion reasoning, and hypothesis generation across multi-metal
systems (e.g., HEAs, diatomic M1–N–M2–C catalysts).
� Integrate explainable AI (XAI) approaches to ensure inter-

pretability of predictions for human researchers.
5.1.2. Closed-loop synthesis and characterization. Expand

in situ and operando characterization (XAS, Raman, electron
microscopy) with real-time feedback for CSO.
� Implement multi-modal data fusion, correlating struc-

tural, electronic, and electrochemical performance metrics to
guide autonomous experiments.

5.1.3. Durability and performance targets. Establish pre-
dictive descriptors of stability for acidic ORR environments and
other electrochemical reactions (CO2RR and OER).
� Focus on designing next-generation PGM-free catalysts

that balance activity, stability, and scalability, aiming to meet
the U.S. DOE 2025–2030 benchmarks.

5.2. Data and knowledge infrastructure

5.2.1. Standardization and FAIR data principles. Adopt
community-wide standards for reporting synthesis, character-
ization, and electrochemical testing.
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� Ensure datasets are findable, accessible, interoperable,
and reusable (FAIR) to maximize AI utility.

5.2.2. Knowledge graph expansion. Leverage structured
KGs to integrate the literature, experimental data, and simula-
tion results.
� Enable AI-guided hypothesis generation, cross-experiment

reasoning, and machine-learning-ready datasets for broader
materials discovery applications.

5.3. Industrial translation and policy alignment

5.3.1. Scalable SDL platforms. Develop cost-effective, mod-
ular SDLs for industrial adoption, balancing flexibility with
affordability.
� Promote public–private partnerships to accelerate adop-

tion in fuel cell, battery, and electrochemical industries.
5.3.2. Workforce development. Establish training programs

to upskill researchers in AI, robotics, and advanced materials
science, ensuring human oversight and ethical governance of
autonomous systems.

5.3.3. Sustainability and ethics. Incorporate life-cycle ana-
lysis, sustainability metrics, and ethical guidelines into all
autonomous workflows.
� Ensure AI-guided discovery minimizes environmental

impact, maximizes resource efficiency, and adheres to princi-
ples of fairness, accountability, and transparency.

5.3.4. Strategic outlook. By following this roadmap, auton-
omous discovery will accelerate the identification of high-
performance, durable, and scalable electrocatalysts, compres-
sing research timelines from decades to years. Success hinges
on interdisciplinary collaboration, robust data infrastructures,
and proactive policy frameworks that align scientific innovation

with societal needs. The roadmap positions SDLs and autono-
mous agents not just as research tools, but as transformational
platforms that will define the future of sustainable energy
materials discovery. We propose a strategic roadmap for the
development and deployment of autonomous agent systems
(Fig. 4), highlighting key milestones in laboratory automa-
tion, AI integration, and industrial translation between 2025
and 2030.

6. Conclusions

The transition to a sustainable energy and chemical economy
critically depends on autonomous materials discovery, particu-
larly in electrocatalysis. Over the next decade, the deployment
of self-driving laboratories (SDLs) and autonomous AI agent
workflows is poised to accelerate the search for next-generation
catalysts, fundamentally transforming the energy materials
landscape.

Autonomous systems address the key challenge in electro-
catalysis, simultaneous optimization of selectivity, efficiency,
and stability, by enabling rapid, high-throughput exploration
of complex material parameters, including composition,
morphology, and surface structure. This capability allows the
design of catalysts – ranging from M–N–C systems to 2D
MXenes and high-entropy alloys – with high faradaic efficiency
for high-value products such as CO, formate, and multi-carbon
fuels, compressing traditional R&D timelines from decades
to years.

However, the core success of these closed-loop workflows
hinges on the integration of robust surrogate models. While
robotics and LLMs enable experiments, the system requires

Fig. 4 Strategic roadmap for autonomous ORR electrocatalyst discovery from 2025–2030, showing key milestones in self-driving laboratory
deployment, AI integration, industrial translation, and policy/investment interventions.
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physically meaningful representations that generalize across
diverse catalyst classes. Future efforts must prioritize physics-
informed machine learning frameworks that bridge first-
principles accuracy and scalable computational efficiency,
ensuring that these platforms function as high-fidelity discov-
ery engines rather than mere high-throughput automation
tools.

The economic impact of these advances is equally transfor-
mative. The discovery of stable, high-performance, non-precious
metal catalysts can drastically reduce the reliance on costly
PGMs, lowering fuel cell stack costs and accelerating market
adoption. The global fuel cell market is projected to expand to
billions of US dollars, and autonomous catalyst innovation will
be a critical enabler of this growth.

Realizing this potential requires strategic investment in
infrastructure, workforce development, and data standardiza-
tion, including the adoption of minimum reporting checklists
to ensure cross-laboratory reproducibility. Coupled with ethical
and sustainable practices, these efforts will ensure that auton-
omous discovery not only accelerates innovation but also sup-
ports safe, responsible, and globally impactful deployment. By
integrating advanced AI with automated experimentation, the
next decade promises a paradigm shift in materials discovery,
where rapid, knowledge-driven innovation becomes the norm
and contributes directly to global decarbonization goals.
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