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MAIN TEXT

Electrochemical carbon dioxide reduction (CO,RR) is regarded as a promising
strategy for achieving sustainable carbon utilization, but the complexity and
multi-scale characteristics of this reaction process pose significant challenges for the
rational design of catalysts. The integration of machine learning (ML) with
electrocatalysis can establish cross-scale connections among atomic structure,
dynamic interfacial microenvironments, and macroscopic catalytic performance,
thereby enabling predictive analysis of catalyst activity, product selectivity, reaction
pathways, and electrochemical environment regulation. This outlook integrates
recent advances in ML-assisted CO,RR, highlights the key challenges in data quality,
feature interpretability, and multiscale integration, and proposes future directions for
combining physics-informed modeling with realistic electrochemical reaction
environments. With advances in ML, automated experimentation, and multi-source
data integration, a self-evolving catalyst design platform is expected to be established.

To achieve sustainable utilization of carbon resources, electrochemical CO,RR is
regarded as a key approach to converting carbon dioxide into high-value-added fuels
and chemicals"!. However, CO,RR involves multiple electron-proton cooperative
transfers and the generation of various complex intermediates. The CO,RR process
is often influenced by multiple factors such as interfacial electric fields, solvents, and
surface configurations, resulting in high reaction overpotentials and complex
product distributions™. Such multiscale coupling makes the rational design of
COzRR catalysts highly challenging. Traditional trial-and-error experiments and
density functional theory (DFT) calculations are often limited by insufficient
exploration of chemical spaces and high computational costs, making it difficult to
form systematic design principles. With the explosive growth of materials data and
computing resources, data-driven catalyst design strategies have created new
opportunities for advancing research on CO,RR catalysts*. Machine learning (ML)

provides a powerful data-driven approach for identifying relationships among
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Figure 1. An overview of machine-learning applications in Electrocatalytic CO,RR. ML in four key research directions: catalyst activity
prediction (Adapted from Ref.l'® under a Creative Commons Attribution 4.0 International license)!®, product selectivity prediction,
reaction pathway identification (Adapted with permission from Ref.t?* Copyright 2022 American Chemical Society)t??], and
electrolyte/environment regulation. CO,RR: Carbon dioxide reduction.

catalyst structures, reaction microenvironments, and catalytic performance from large-scale experimental
and theoretical datasets [Figure 1], It can also help identify key reaction features that are difficult to
uncover using traditional empirical methods, thereby supporting the development of performance prediction
models with improved generalizability. Moreover, ML offers significant advantages in predicting and
optimizing catalyst activity, product selectivity and catalytic reaction pathways, providing key support for
high-throughput catalyst screening, mechanism analysis and interpretable catalyst design. As these
capabilities continue to develop, ML is gradually becoming a crucial link that connects atomic-scale
characteristics, such as electronic structure, with macroscopic catalytic behavior, and is playing an
increasingly important role in electrocatalytic CO,RR research®. In recent years, this technology has
demonstrated unique value in four closely related fields: activity prediction, product selectivity prediction,
reaction pathway identification, and electrochemical environment modeling.

In terms of activity prediction, researchers have successfully established a quantitative mapping relationship
among catalyst structures, electronic properties and adsorption energy through ML models trained with
computational and experimental data®'”. For instance, previous studies have shown that ML models based
on simple physicochemical descriptors such as electronegativity, atomic radius, and d-band center can
accurately predict the CO,RR activity of various catalysts, demonstrating strong interpretability and
considerable capability for high-throughput catalyst screening'**!. These models can not only accurately
predict key activity indicators such as overpotential and turnover frequency, significantly improving the
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screening efficiency of high-performance catalysts, but also identify key descriptors that affect the behavior of
active sites (such as coordination geometry and charge distribution), and help researchers deeply understand
the intrinsic connection between structure and performance. Product selectivity prediction is another
significant breakthrough. The CO,RR process involves multiple competing and complex reaction pathways,
which usually lead to the coexistence of various products. By using data-driven machine learning models,
researchers can quickly and accurately capture the subtle interdependencies among the morphology,
electronic states and reaction conditions of catalysts"*'*), thereby enabling highly accurate prediction of the
distribution of target products. By integrating these multidimensional data, researchers have constructed
efficient ML-based predictive frameworks, which provide important guidance for improving target-product
selectivity and suppressing side reactions"*'”\. In the field of reaction pathway identification, machine
learning potentials (MLPs) have become important tools. These models can describe potential energy
surfaces with accuracy approaching that of first-principles calculations, while at a substantially reduced
computational cost. By combining MLPs with molecular dynamics simulations, researchers can dynamically
monitor the surface reconstruction of catalysts, the adsorption of intermediate species, and the evolution of
reaction transition states under conditions that more closely resemble real electrochemical environments.
For instance, recent simulation studies based on MLPs have successfully revealed how pH modulates the
reaction pathway and interfacial reconstruction kinetics over tin-based catalysts, showing good agreement
between theoretical prediction and experimental observations"®. This approach helps elucidate dynamic
reaction processes that are difficult to fully capture using conventional static DFT calculations and links
microscopic energetics with experimentally observable dynamic behaviors. Moreover, the electrochemical
environment should not be regarded as a fixed background, but rather as a dynamic interfacial system jointly
governed by local electric fields, electric double-layer structures, ion distributions, and solvent
reorganization. These environmental factors can synergistically regulate adsorption configurations,
intermediate stability, and reaction barriers, thereby determining catalytic performance and product
distribution under operating potentials'*’. By incorporating factors such as electrostatic effects, electric
double-layer structure, solvation stability, and pH-dependent surface charge distribution into ML
framework, ML can help clarify how local electric fields and ionic species affect catalytic performance and
product distribution under the operating potential. Furthermore, when combined with machine learning
potentials and molecular dynamics simulations, ML can also be used to investigate solvent dynamics,
interfacial reconstruction, and ion-surface interactions under conditions that more closely resemble realistic
operating environments”>*'l. Recent studies have further demonstrated that the combination of ML with
external electric field simulations can provide quantitative insights into how electric and magnetic fields
reshape the electronic structure and reaction energy barriers at electrochemical interfaces. These advances
provide new insights into the design of environment-responsive catalysts””?. This type of modeling
technology that incorporates environmental factors helps bridge the gap between atomic-level interactions
and macroscopic catalytic performance, thereby providing a more realistic theoretical description of
electrochemical operating conditions™®. To more clearly distinguish different machine learning tasks in
CO,RR, Table 1 provides a brief summary of the corresponding typical inputs, prediction targets, and

validation strategies. Overall, these advancements indicate that research on CO,RR is shifting from the

traditional empirical trial-and-error paradigm toward a research framework that is more precise, efficient,
predictive, and mechanism-oriented.

Although ML has made significant progress in electrocatalytic CO,RR, there are still several obstacles that
remain to be addressed. First, the main challenge lies in the availability and quality of the training datasets.
Currently, there is an urgent need for high-quality and comprehensive datasets, especially those that
systematically cover catalyst structures, reaction energetics as well as electrochemical conditions, such as pH,
potential, and electrolyte composition. This deficiency greatly limits the generalizability and transferability of
ML models across different catalytic systems and reaction environments. For CO,RR, this challenge is
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Table 1. Summary of representative ML Tasks in CO,RR

ML task Typical input and target Prediction target

Catalyst composition, structural/electronic descriptors,

Vi H i [24,25]
Activity prediction adsorption-related data

Overpotential, adsorption energy, activity trends

Selectivity prediction2 Catal}/st propt'er‘hes, intermediate-binding information, Product distribution, Faradaic efficiency, selectivity
reaction conditions trends
Pathway identification21 Re:.:\chon'energetlcs, intermediate structures, dynamic Pathwéy evolution, key intermediates,
trajectories transition-state-related features
Electrochemical environment Interfacial descriptors, electrolyte/potential information,  Interface effects on adsorption, activity, and
modelingt°39 solvent/ion configurations selectivity

ML: Machine learning; CO,RR: carbon dioxide reduction.

further complicated by several reaction-specific factors, including variability across different experimental
platforms, electrolyte-dependent effects, catalyst reconstruction under operating conditions, inconsistent
reporting standards, and uncertainties in activity and selectivity measurements. These issues collectively
reduce the comparability and reliability of datasets collected from different studies. Additionally, inconsistent
in data formats and standards across different sources can lead to inconsistent or ambiguous descriptor
definitions. More importantly, most feature values selection still relies on the experience and intuition of
researchers rather than unified physical principles. Therefore, establishing a standardized and shareable data
platform and developing automated and interpretable feature extraction methods will be the key directions
for future development.

Another major challenge lies in model interpretability. Although deep neural networks offer high predictive
accuracy, they often operate as a black box, with the opaque decision-making process obscuring the
underlying chemical mechanisms. Integrating fundamental physicochemical principles such as
thermodynamic constraints, kinetic relationships, and interfacial electric field effects into the ML framework
can enhance both the reliability and transparency of the model. The fusion of these physical principles with
data-driven learning will help build more intelligent models that can not only provide precise predictions but
also help clarify the underlying mechanisms of electrochemical CO,RR.

The third major challenge lies in bridging the gap across time and length scales. Electrochemical reactions
are fundamentally complex multiscale processes, ranging from atomic-scale charge transfer to mesoscale
mass transfer and ultimately to the macroscopic behavior of the entire system. To gain a comprehensive
understanding of these processes and achieve closed-loop optimization, it is essential to integrate ML with
multiscale simulations and automated experimentation. Notably, with the rapid development of
high-throughput robotic experimental systems and self-evolving learning frameworks, this field is
undergoing accelerated transformation™*?. In the long term, the synergistic integration of physics-based
models, multimodal data fusion, and intelligent experiments is expected to establish a new paradigm for
catalyst discovery [Figure 2]. Such a closed-loop workflow integrating data, models, and experiments will
continuously improve the predictive accuracy of ML models, expand the explorable chemical space, and
advance mechanistic understanding of the mechanisms underlying electrochemical CO, reduction.

As ML evolves from a mere predictive tool into an intelligent research partner capable of data-driven
reasoning and scientific hypothesis generation, it is expected to reshape the landscape of electrocatalytic CO,
reduction research. Ultimately, it will guide the sustainable development of future carbon-conversion
technologies and provide powerful scientific and technological support for achieving the goal of carbon
neutrality.

OUTLOOK
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Figure 2. Future roadmap and closed-loop framework for ML-driven design of intelligent CO,RR catalysts. ML: Machine learning; CO,RR:
carbon dioxide reduction.

Despite the rapid progress achieved in ML-assisted CO,RR research in recent years, several critical issues still
need to be addressed before ML can evolve from a high-throughput screening tool into a mechanism-driven
catalyst design platform. First, the central challenge lies not merely in the limited amount of data, but in the
persistent mismatch among data quality, descriptor consistency, and realistic electrochemical operating
conditions. A large portion of existing data is derived either from idealized computational models or from
experimental systems operated under substantially different conditions, which greatly limits the
transferability of models across different catalyst classes and reaction environments. Second, a common
misconception in this field is to equate improved predictive accuracy with deeper mechanistic
understanding. In reality, without explicit physical constraints and interfacial environmental information,
even highly accurate models may capture only correlations rather than revealing the underlying causal
mechanisms. Third, future development should move beyond isolated prediction tasks toward a closed-loop
research framework integrating standardized databases, physics-informed and interpretable machine
learning, realistic electrochemical interface modeling, and automated experimental validation. In our view,
such an integrated strategy represents a key route for transforming machine learning from a data-driven
acceleration tool into a more reliable and insightful research platform for catalyst discovery and mechanistic
understanding in CO,RR.
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