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H I G H L I G H T S G R A P H I C A L  A B S T R A C T

• A comprehensive AI-driven multiscale 
design framework was synthesized for 
electrocatalyst design.

• A cross-scale, data-driven algorithm 
strategy integrates AI models based on 
domain-specific features.

• Generative AI and automation experi
mental techniques enable a shift toward 
autonomous electrocatalyst discovery.
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A B S T R A C T

As a key pathway for green hydrogen production, water electrolysis is expected to play a central role in the future 
energy landscape. However, its large-scale deployment is hindered by challenges related to cost, performance, 
and durability. The emergence of artificial intelligence (AI) has transformed this field by offering powerful and 
efficient tools for the design and optimization of electrocatalysts. This review outlines an AI-driven multiscale 
design framework, highlighting its role at the microscopic scale for identifying atomic-level active sites and key 
descriptors, at the mesoscopic scale for structural and morphological characterization, and at the macroscopic 
scale for multi-objective optimization and intelligent control. This multiscale framework demonstrates the po
tential of AI to accelerate the development of next-generation electrocatalysts. In addition, the integration of 
generative AI and automated experimental techniques is highlighted as promising strategies to further enhance 
electrocatalyst discovery and promote the practical implementation of water electrolysis technologies.
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1. Introduction

Water electrolysis has emerged as a promising and sustainable 
technology for energy conversion and storage, attracting increasing 
attention in recent years [1]. It plays a key role in addressing the global 
energy crisis and facilitating the efficient allocation and utilization of 
renewable energy sources [2]. Hydrogen, widely regarded as a key en
ergy carrier of the future, can be produced through water electrolysis 
powered by renewable electricity. This process enables the generation of 
green hydrogen, offering an effective solution to the intermittency of 
renewable energy supply [3]. However, the large-scale industrial of 
electrolyzers still faces major challenges, particularly in terms of dura
bility and cost-effectiveness.

The key reactions in water electrolysis involve two half-reactions: the 
hydrogen evolution reaction (HER) at the cathode and the oxygen 
evolution reaction (OER) at the anode. The theoretical Gibbs free energy 
change (ΔG) for the overall reaction is approximately 237.2 kJ/mol, 
corresponding to a thermodynamic potential of 1.23 V. Through these 
electrochemical processes, electrical energy is efficiently converted into 
chemical energy. Electrocatalysts are critical in facilitating these re
actions by lowering the overpotentials and enhancing kinetics. 
Currently, the most effective HER and OER catalysts are based on 
precious metal nanomaterials such as platinum (Pt) and iridium (Ir) [2,
4,5]. However, the scarcity and high cost of these materials severely 
limit their practical application in large-scale hydrogen production. 
Therefore, it is essential to develop electrocatalysts that are not only 
highly active and stable but also economically viable.

Traditionally, the design of electrocatalysts have relied heavily on 
trial-and-error approaches and empirical screening methods [6]. 
Although advances in characterization techniques and theoretical 
modeling have enabled researchers to explore catalytic activity and re
action mechanisms at the atomic level, significant challenges still 
remain [7]. These include difficulties in elucidating the true atomic 
structures of active sites from a multidimensional perspective, limited 
understanding of structure-property relationships, and the inherent 
complexity and dynamic nature of catalytic processes. As a result, cur
rent materials design strategies often suffer from inefficiencies in both 
time and resources.

Recent progresses in artificial intelligence (AI) have significantly 
enhanced research capabilities across a wide range of scientific and 
engineering disciplines [7], including computer vision, robotics, 
biomedical science, energy material science, and system engineering 
[8–10]. Among these developments, machine learning (ML) has 
emerged as a powerful tool for data-driven principal discovery and 
analysis. As the most popular and powerful branch of machine learning, 
deep learning is capable of analyzing large-scale datasets to uncover 
previously unknown patterns and correlations that may be overlooked 
by traditional methods [11]. This capability allows for accurate pre
diction of material properties and behaviors, thereby reducing the reli
ance on time-consuming and costly experimental and computational 
procedures. Moreover, machine learning approaches can be utilized to 
optimize synthesis and process parameters, further accelerating the 
material development cycle.

Although recent reviews have outlined the progress in applying AI, 
including ML and other data-driven techniques, to water electrolysis 
[12–14], there remains a lack of systematic discussion regarding its 
specific role in electrocatalyst design. Specifically, issues such as inte
grating information across atomic, mesoscale, and macroscale levels, 
selecting suitable algorithms for multiscale modeling, and enabling 
global optimization in electrocatalyst design have not been extensively 
explored. This underscores the need for a more target and in-depth re
view in this area.

To address these challenges, this review organized recent advanced 
researches into an AI-driven multiscale design framework for electro
catalyst design. This framework is structured according to the key ob
jectives at different scales. Herein, at the microscopic atomic scale, the 

focus is on identifying active sites, reactive mechanisms, and perfor
mance descriptors; at the mesoscopic scale, the attention is given to 
morphological features and interfacial structures; and at the macro
scopic scale, the emphasis is the system-level catalyst performance 
prediction and optimization. By integrating insights across these scales, 
this review aims to provide a theoretical foundation and guidance for 
the rational design of next-generation electrocatalysts for water 
electrolysis.

2. Artificial intelligence approaches

Facing the challenges of complex electrochemical systems, the syn
ergy between AI and existing computational methods is creating new 
opportunities for more comprehensive and faster theoretical analysis 
[15]. Traditional first-principles methods, such as density functional 
theory (DFT), provide quantitatively accurate predictions but incur 
prohibitively high computational costs. In contrast, interatomic poten
tials offer substantially reduced computational demands. However, their 
applicability is constrained by limitations in transferability and inherent 
nonreactive issues in simulating reactive processes, restricting broader 
implementation [16]. ML, as a practical AI framework based on com
puter science and statistics, enables algorithms to autonomously learn 
from collected data and predict target properties without explicit pro
gramming [17]. This data-driven ability allows ML to handle multiscale 
input variables, from atomic-level descriptors and mesoscopic nano
structures to macroscopic system parameters, facilitating global opti
mization of electrochemical systems.

Unlike traditional trial-and-error approaches that depend heavily on 
experience or sequential experimentation, ML not only offers high pre
dictive accuracy, but more importantly, provides exceptional compu
tational efficiency. This efficiency allows rapid learning from and 
screening of large datasets, enabling comprehensive exploration of 
complex, high-dimensional design spaces. As a result, ML can identify 
and learn structure-property relationships from data, and predict prop
erties of newly designed materials with high accuracy and efficiency, 
thereby overcoming the inherent limitations of traditional trial-and- 
error approaches [18,19].

As a core branch of ML, deep learning captures complex de
pendencies and interactions within material structures through multi
layer nonlinear transformations. However, different algorithms vary 
widely in terms of accuracy and applicability, as shown in Table 1. For 
example, graph neural networks (GNNs) represent atoms and their 
bonding relationships using graph structures. By incorporating direc
tional information, such as bond angles and torsional interactions, GNNs 
are capable of modeling atomic-level features and extracting detailed 
descriptors. However, they are less efficient in representing mesoscopic 
structures with larger spatial scales. Convolutional neural networks 
(CNNs), known for their strength in recognizing spatial features, are 
mainly used in image analysis and for extracting characteristics of 
mesostructures such as electrode materials. However, they are less 
suited to disordered systems like amorphous clusters, often requiring 
preprocessing techniques to extract indirect statistical features. Artificial 
neural networks (ANNs) are adept at handling complex nonlinear 
problems and mapping relationships from mesoscopic features to 
macroscopic performance. They can uncover latent correlations be
tween material properties for performance prediction and multi- 
objective optimization, but lag in automatic feature extraction. Deep 
neural networks (DNNs), as representation learning models, transform 
input features into new spaces through multiple hidden layers and are 
well-suited for structure-property modeling in large datasets. However, 
their effectiveness relies heavily on the availability of sufficient high- 
quality training data.

Classical supervised learning methods also play important roles. 
Support vector machines (SVMs), for example, use kernel functions to 
map data into higher-dimensional spaces, enabling material feature 
classification even in small-sample scenarios, though their general 
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applicability often depends on manual feature engineering. Gaussian 
process regression (GPR) provides both performance predictions and 
uncertainty estimations but is computationally intensive and less prac
tical for large-scale datasets due to the curse of dimensionality. Bayesian 
optimization (BO) offers efficient hyperparameter tuning in high- 
dimensional spaces, reduces the number of experimental iterations, 

and supports multi-objective optimization. However, its performance is 
highly sensitive to prior distributions and surrogate model hyper
parameters, requiring careful trade-offs based on dimensionality, 
objective function characteristics, and model choice.

Therefore, given the complementary capabilities of various AI al
gorithms across different representation levels and application scales, 
this review summarizes an AI-driven multiscale design framework to 
support electrocatalyst design, as illustrated in Fig. 1. This framework 
leverages different algorithms based on their strengths at each scale. 
GNNs, with their high efficiency in processing graph-structured data, are 
typically employed for analysis of atomic configurations and local 
bonding environments at microscopic scale. CNNs, excelling at 
capturing spatial patterns from imaging data, are applied to morphology 
characterization at mesoscopic scale. The techniques such as BO, SVM, 
and DNNs, offering strong capabilities in global optimization and 
nonlinear regression, are essential for system-level optimization at 
macroscopic scale. Altogether, this framework provides a structured 
perspective to guide future research on the data-driven design of 
advanced electrocatalysts. It is worth noting that these algorithms are 
not strictly confined to individual scales. They are often used in com
bination across scales to address complex tasks, reflecting their com
plementary nature in electrocatalyst design.

3. AI-driven multiscale framework for electrocatalyst design

The catalytic activity of a material is closely linked to its unique 
atomic structure and physicochemical properties [32]. To overcome 
performance limitations, researchers have employed various strategies 
to modify the physicochemical characteristics, electronic structure, and 
surface properties of electrocatalytic materials, thereby enhancing their 
activity [33]. To date, a wide range of active sites has been developed 
through activity-enhancement strategies such as doping engineering, 
defect engineering, and strain engineering [34]. A common feature of 
these approaches is their ability to induce synergistic effects among 
active sites by altering the lattice topology or local distribution within 
the catalyst, which significantly boosts its intrinsic catalytic perfor
mance [35,36]. On the other hand, the practical effectiveness of elec
trocatalysts is also influenced by the distribution and stability of their 
nanostructures, as well as by the integration of materials within 
component architectures. Therefore, this section systematically 

Table 1 
List of various AI approaches for electrocatalysts design.

Algorithm Typical scenario Advantages Disadvantages Ref.

GNN Microscale 
atomic bonding 
modeling; 
Prediction of 
active sites.

Directly process 
atomic graph 
structures.

Less efficient for 
grid-structured 
data; 
Slow convergence 
speed.

[20,
21]

CNN Mesoscopic 
morphology 
analysis.

Extraction of local 
spatial features; 
Capturing 
nonlinear spatial 
relationships.

Require 
structured input; 
Deep networks 
may cause 
vanishing 
gradients.

[22,
23]

ANN Macro 
performance 
prediction; 
Multi-parameter 
nonlinear 
regression.

Fitting highly 
nonlinear 
relationships.

Limited automatic 
feature extractor; 
Depend on 
handcrafted input 
descriptors

[24,
25]

DNN Multi-objective 
prediction; 
Multi-parameter 
nonlinear 
regression.

Fitting highly 
nonlinear 
relationships; 
Automatic feature 
extraction.

Relying on large 
training data.

[26,
27]

SVM Descriptor 
classification; 
Small-sample 
learning tasks.

Strong 
generalization 
ability on small 
datasets; 
Effective with 
kernel functions.

High reliance on 
feature 
engineering.

[28,
29]

BO High- 
dimensional 
parameter 
tuning; 
Automated 
experimental 
design.

Efficient global 
optimization.

Sensitive to 
acquisition 
function design.

[30,
31]

Fig. 1. Schematic of AI-driven multiscale framework for electrocatalysts design.
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discusses recent advances in the application of AI for the modeling and 
optimization of electrocatalysts across three distinct scales: the micro
scopic scale for atomic structure, the mesoscopic scale for nanostructure 
configuration, and the macroscopic scale for system integration.

3.1. Microscopic scale: atomic-level active site identification

Understanding the atomic structure of catalytic active sites and 
analyzing their structure-property relationships is crucial for optimizing 
catalyst design. One of the advantages of data-driven modeling ap
proaches is their ability to bypass complex and time-intensive proced
ures, such as solving quantum mechanical equations or elucidating 
reaction mechanisms, thereby significantly accelerating the research 
timeline [37,38]. The accuracy and reliability of such modeling ap
proaches depend on three key factors: the computational method, the 
quality and scale of the dataset, and the selection of appropriate de
scriptors. Among these, descriptors serve as the foundation of model 
development and require a deep understanding of materials science to 
accurately reflect the physical and chemical characteristics of materials. 
Effective descriptors must comprehensively capture both the funda
mental physicochemical properties and the unique structural features of 
the system under investigation [39].

In the context of electrocatalyst design, descriptors are commonly 
classified into three categories. The first includes structural descriptors 
derived from geometric features, such as atomic radius, atomic number, 
group number, coordination number, and lattice constants. The second 
category involves electronic descriptors, which describe the electronic 
properties of materials and typically require first-principles calculations 
to obtain accurate electronic structures, making them computationally 
demanding. The third category consists of activity-related descriptors, 

which represent a material’s ability to donate or accept electrons or 
charged species, such as adsorption energy and electronegativity. In 
general, ideal descriptors should be simple, readily accessible, and of 
low dimensionality to improve the efficiency of catalyst screening and 
performance prediction.

Recent studies have demonstrated the importance of identifying and 
selecting the most relevant descriptors for modeling catalytic activity in 
complex systems. As shown in Fig. 2(a) and (b), Jäger et al. evaluated 
the effectiveness of several advanced structural descriptors, including 
the smooth overlap of atomic positions, many-body tensor representa
tions, and atom-centered symmetry functions, in predicting hydrogen 
adsorption energies on nanocluster surfaces [40]. Their results indicated 
that using a unified predictive model across different nanocluster types, 
rather than training separate models, substantially reduced the mean 
absolute error. Moreover, integrating data from multiple sources 
significantly improved the accuracy of potential energy surface fitting. 
In another study, Fung et al. proposed a generalized descriptor for ox
ygen sites in transition metal oxides by adjusting the coordination 
number [41], successfully establishing a correlation between structural 
features and catalytic reactivity. Building on this approach, as illustrated 
in Fig. 2(c) and (d), Tran et al. developed an automated screening 
framework, integrating predictive modeling with optimization strate
gies, to identify key descriptors associated with catalytic activity or 
microkinetic parameters [42]. Their framework screened a dataset of 
102 alloy compositions and identified 258 promising candidate surfaces 
for the hydrogen evolution reaction. Subsequent stability assessments 
further refined the selection of optimal surfaces. Based on the above 
cases, these examples highlight the central role of well-designed de
scriptors in enhancing the predictive accuracy of computational models 
and advancing the rational design of high-performance catalysts.

Fig. 2. (a) Hydrogen position scan on the surface of a Au40Cu40 cluster; (b) Parity plot of predicted against calculated ΔEH together with a histogram of predicted 
(red) and calculated (black) energy distributions. Reproduced with permission from Ref. [40]. (c) t-SNE visualization of all the adsorption sites simulated with DFT; 
(d) Normalized distribution of low-coverage ΔEH values calculated by the DFT workflow. Reproduced with permission from Ref. [42].
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The application of ANN and GNN, in combination with DFT calcu
lations, provides an effective approach for exploring the intricate re
lationships between electrocatalytic performance and key material 
descriptors at the atomic scale [10,34,43]. These methods have proven 
valuable in identifying active sites and guiding the rational design of 
advanced catalytic materials. In contrast to traditional trial-and-error 
strategies that rely heavily on experimental intuition, ANN can cap
ture complex nonlinear correlations between material properties and 
catalytic behavior by simulating the connectivity patterns of biological 
neurons [44,45]. This facilitates data-driven catalyst development 
through multidimensional optimization involving composition tuning, 
structural control, and performance prediction [46,47], enabling a more 
precise balance among catalytic activity, stability, and 
application-specific requirements. GNN, on the other hand, are well 
suited for representing materials with graph-based structures, such as 
atomic lattices or molecular frameworks, allowing for effective extrac
tion of spatial and chemical information critical to catalytic function. 
These models are particularly advantageous for learning from atomistic 
configurations and for identifying descriptors that are not readily 
captured by traditional feature sets.

Beyond static prediction, AI approaches also support the investiga
tion of dynamic links between atomic-scale structural characteristics, 
such as coordination environments and lattice distortions, and macro
scopic catalytic outcomes [48,49]. With the development of hierarchical 
materials databases that incorporate physicochemical properties, syn
thesis conditions, and structure-property relationships, these modeling 
tools establish a theoretical foundation for rapidly screening and 
matching optimal active site configurations to specific catalytic appli
cations. The utility of such methods has been demonstrated in a variety 
of electrocatalyst studies. As shown in Fig. 3(a), Palkovits et al. [50] 
employed ANN models in combination with SVM and k-nearest neighbor 
regression to accurately predict active sites based on a dataset of water 
oxidation catalysts. In Fig. 3(b), Wang et al. [51] introduced the 

theory-infused neural network (TinNet) model, which combined deep 
learning with d-band theory to maintain high prediction accuracy while 
offering insights into bonding characteristics. For alloy catalysts, a 
three-layer backpropagation ANN, as illustrated in Fig. 3(c), was used to 
predict HER activity of previously untested alloy surfaces through iter
ative weight optimization [52]. These studies demonstrate the capacity 
of ANN-based models to reveal structure-property relationships with 
high predictive power. In another example, shown in Fig. 3(d), Zhou 
et al. [53] developed a multiscale convolutional kernel model informed 
by topological features, using GNN-based techniques alongside DFT 
calculations to investigate the HER performance of carbon-supported 
single-atom catalysts under different coordination environments. This 
approach significantly enhanced the accuracy of catalytic performance 
predictions. Collectively, these modeling strategies represent a prom
ising direction for understanding catalytic mechanisms and accelerating 
the development of novel electrocatalysts from theoretical design to 
practical implementation [54].

Overall, AI-driven microscopic modeling approaches have shown 
great promise in elucidating catalytic mechanisms, identifying active 
sites, and selecting optimal descriptors. However, atomic-level infor
mation alone is insufficient to meet the requirements of industrial ap
plications. Therefore, mesoscopic structural and interfacial features 
which are related to the transport pathways for reactants and products 
need to be considered to bridge above gap. And descriptors obtained at 
the atomic scale (such as adsorption energy, d-band center) and active 
site configuration will serve as input parameters for mesoscopic struc
ture optimization models to guide morphology design and interface 
engineering.

3.2. Mesoscopic scale: structural characterization and interface 
engineering

The performance of electrocatalysts in water electrolysis is 

Fig. 3. (a) Artificial neural network with four input nodes (features), two hidden layers with six nodes each, and one output node (target). Reproduced with 
permission from Ref. [50]. (b) Schematic illustration of the TinNet framework. Reproduced with permission from Ref. [51]. (c) Schematic pictures of the random 
sampling method and algorithmic architecture of the BPNN model for (100) bimetallic alloys. Reproduced with permission from Ref. [52]. (d) Data-driven rational 
design of single-atom materials for hydrogen evolution. Reproduced with permission from Ref. [53].
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influenced by the interplay of multiscale parameters [55]. Beyond 
atomic-level actives sites, mesoscopic features such as grain size, pore 
architecture, and interfacial orientation also play a critical role in 
determining catalytic activity and stability. In addition, analysis at the 
mesoscopic scale serves as a bridge between microscopic atomic char
acteristics and macroscopic device performance. Therefore, the design 
and optimization of electrocatalysts for practical applications must 
comprehensively consider key parameters such as the morphology and 
configuration of catalysts and electrodes, the spatial distribution of 
components, and mass transport processes in mesoscopic scale.

Image-based learning algorithms have significantly improved the 
efficiency of structural characterization and optimization of electrodes 
and catalysts. As the most popular AI models for learning image-like 
data, CNNs employ multiple processing layers to identify spatial pat
terns in datasets with grid-like topologies. By taking image pixels as 
input, CNNs learn and transmit information across layers and eventually 
output target properties through fully connected neural networks. Liu 
et al. used CNN as a fast surrogate model for finite element analysis 
(Fig. 4(a)), establishing a nonlinear mapping between binary anode 
microstructures and macroscopic performance metrics such as triple- 
phase boundaries, which substantially reduced computation time and 
improved model efficiency [56]. The input images for CNNs can be 
either experimentally obtained scanning electron microscope (SEM) and 
transmission electron microscope (TEM) images or generated by 

numerical simulations. Karaca et al. developed a fully automated tool, 
PoreD2 (Fig. 4(b)), which quantifies pore and window structures by 
scanning SEM images, greatly reducing the time required for morpho
logical characterization [57]. For analyzing three-dimensional hierar
chical morphologies, X-ray tomography is often required. In the study by 
Topal et al., region-based CNNs (R-CNNs) were applied to extract feature 
maps and monitor nanostructure changes (Fig. 4(c)) [58]. This method 
corrected imaging artifacts in high-resolution scans and compensated 
for experimental inaccuracies, greatly enhancing the efficiency of 
catalyst development.

At the mesoscopic scale, the behavior of the catalyst-electrolyte 
interface also plays a key role in determining performance. Tao et al. 
proposed a deep neural network enhanced mesoscopic thermodynamic 
model (DeepMT) based on the DeepONet framework, which maps the 
microscopic properties of ions to macroscopic field responses and en
ables rapid prediction of interfacial characteristics [59].

In summary, image-based AI approaches, especially algorithms such 
as CNNs, have significantly improved the efficiency of structural char
acterization and optimization of electrode materials at the mesoscopic 
scale. In addition, by combining X-ray tomography and deep learning 
technology, researchers can more accurately reconstruct complex pore 
structures and identify key interface features, providing a solid foun
dation for future performance prediction and material design. Emerging 
neural network models also provide the interfacial behavior between 

Fig. 4. (a) Deep learning accelerated numerical homogenization framework. Reproduced with permission from Ref. [56]. (b) Evaluation of pore and window size on 
SEM images via deep learning. Reproduced with permission from Ref. [57]. (c) R-CNN for feature detection and tracking. Reproduced with permission from Ref. [58].

Q. Wang et al.                                                                                                                                                                                                                                   Energy and AI 22 (2025) 100606 

6 



catalysts and electrolytes. The morphology structure and interface 
properties at the mesoscopic scale not only affect the exposure and 
stability of active sites, but also directly determine the mass transport 
behavior and synergistic effects of catalyst in macroscopic systems. 
Therefore, optimization at the mesoscopic scale provides an important 
bridge of system-level performance regulation, further promoting AI- 
driven electrocatalyst design from material discovery to device 
integration.

3.3. Macroscopic scale: system-level prediction and optimization

The development and design of catalysts must balance several key 
factors, including catalytic activity, stability, cost, and overall device 
performance [54,60,61]. However, due to the complex interactions 
among material components during device integration and the vari
ability introduced by external operational conditions such as tempera
ture and pressure [62,63], traditional experimental and development 
workflows are often inefficient. These approaches suffer from slow 
model validation, significant material and time consumption, and are 
limited in their ability to provide comprehensive insights [64]. At the 
macroscopic scale, it is essential to establish clear correlations between 
the meso- and nano- structure of the catalyst layer and the overall per
formance of the electrochemical device, thereby proposing optimization 
strategies for system-level integration. Hence, the implementation of 
intelligent optimization and control strategies at the macroscopic scale 

is essential [65,66].
ML approaches such as BO can extract nonlinear correlations from 

experimental and computational datasets, providing a quantitative 
foundation for multi-objective parameter optimizations. For instance, 
Hayatzadeh et al. compared the performance of SVM and ANN in pre
dicting parameters of proton exchange membrane electrolyzers [67]. 
Their study revealed that a genetic algorithm-optimized SVM model not 
only achieved predictive accuracy comparable to that of ANN, but also 
improved computational efficiency by approximately 30 %, offering 
valuable guidance for catalyst optimization. These algorithms are 
particularly effective in dynamic parameter tuning. As shown in Fig. 5
(a), Jensen et al. employed BO and GPR approaches to dynamically 
optimize nickel electrodeposition parameters, including current density, 
temperature, and ligand concentration [68]. The resulting nano
structured hydrogen evolution electrode achieved an overpotential of 
only − 117 mV at 10 mA cm− 2, outperforming traditional empirical 
optimization methods.

Nevertheless, constructing high-throughput optimization platforms 
typically requires costly specialized equipment for rapid experimenta
tion and characterization. To address this bottleneck, Kodera et al. 
combined BO with high-throughput experimentation [69] and devel
oped a fully automated robotic system to investigate the effects of 
catalyst composition on seawater electrolysis selectivity and stability, 
thereby enabling efficient exploration of complex feature spaces (Fig. 5
(b)). For more complex multi-metallic catalyst systems, Lim et al. 

Fig. 5. (a) ML guided development of high-performance nano-structured nickel electrodes. Reproduced with permission from Ref. [68]. (b) Current density his
togram for a Co-Mn-Fe-Ni four-element system and an example of Bayesian optimization cycles for current density in the above system. Reproduced with permission 
from Ref. [69]. (c) True vs. the NN predicted values of the initial dataset alongside the values for the NN-suggested compositions. Reproduced with permission from 
Ref. [70]. (d) Machine learning-based modeling process. Reproduced with permission from Ref. [71]. (e) 2D PDP interaction plots of Ir wt. % and Ru wt. % in 
different tasks for modeling. Reproduced with permission from Ref. [72]. (f) SHAP value and the results of machine learning predictions and experimental results 
based on GA optimization. Reproduced with permission from Ref. [73].
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integrated neural network analysis with BO to refine precursor compo
sitions and enhance both catalytic activity and stability (Fig. 5(c)) [70]. 
System-level performance prediction demands more comprehensive 
modeling strategies. Bonab et al. optimized spatial distributions using 
Bayesian optimization and developed a cascaded feedforward neural 
network model capable of rapidly predicting electrolyzer voltages under 
various anode materials and operational conditions (Fig. 5(d)) [71]. It is 
important to note that the complexity of high-dimensional parameter 
spaces necessitates interpretable ML tools to support decision-making. 
Ding et al. applied black-box model interpretation techniques to iden
tify key factors contributing to the degradation of membrane electrode 
assembly performance, providing new insights into material design 
under multi-objective constraints (Fig. 5(e)) [72]. Zhang et al. employed 
the shapley additive explanations (SHAP) method to identify dominant 
variables, reducing the decision space from 15 parameters to 5 while 
maintaining optimization effectiveness (Fig. 5(f)). This approach also 
achieved a 67.9 % reduction in computational cost [73].

To overcome the limitations of conventional approaches, data fusion 
techniques are increasingly employed to integrate theoretical calcula
tions, experimental datasets, and simulation results, enabling the con
struction of data-driven, multi-scale predictive optimization models. 

This framework has demonstrated significant value in electrode design 
and component-level optimization. Bahr et al. optimized the perfor
mance of membrane electrode assemblies (MEAs) by simultaneously 
tuning four key parameters, including cobalt loading and ionomer vol
ume fraction, while balancing current density and cost [74]. Their work 
highlighted the critical role of multi-parameter synergy in catalyst 
development and multiscale modeling.

Furthermore, recent studies have explored the enhancement of 
macroscale electrochemical performance through targeted optimization 
of mesoscale catalyst structures. As illustrated in Fig. 6(a), Niu et al. 
developed the GLIDER framework, which integrates generative 
modeling with surrogate modeling techniques [75]. By using electro
chemical performance metrics as feedback, the framework optimizes the 
nanoscale structure of catalyst layers, providing a novel approach to 
electrolyzer electrode design. Based on this, Luo et al. combined ma
chine learning with multi-physics simulations, as shown in Fig. 6(b) 
[76]. Their study employed a random forest regression model to corre
late pore structure with mass transport efficiency, revealing the unique 
value of pore-scale modeling in analyzing dynamic behavior at the 
triple-phase boundary. These approaches offer a novel strategy for 
electrode design in electrolyzers, enabling system-level structural 

Fig. 6. (a) GLIDER optimization of CL morphology based on Pt/C and I/C ratios and the contour of J mapped by the surrogated model under high-fidelity and high- 
efficiency generation modes, respectively. Reproduced with permission from Ref. [75]. (b) RFR modeling of catalytic layer based on PSM, and the 3D reconstructed 
mesoscopic pore-scale model of the cathode catalytic layer. Reproduced with permission from Ref. [76]. (c) Structure of a single neuron including the summed-up 
weights and activation function and architecture of a feed-forward artificial neural network. Reproduced with permission from Ref. [74]. (d) Digital twin technology 
applications. Reproduced with permission from Ref. [77].
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optimization.
DNNs represent a powerful modeling tool capable of optimizing 

electrolyzer and operational parameters based on training data. As 
shown in Fig. 6(c), Bahr et al. developed a DNN model that generalizes 
across various stack designs and control strategies, demonstrating strong 
adaptability in multi-scale scenarios [74]. In addition, digital twin 
technology (DTT) has emerged as a transformative approach by con
structing virtual replicas of electrolytic systems, as illustrated in Fig. 6
(d) [77]. This method integrates multi-scale physical models with 
real-time operational data, enabling dynamic monitoring and prediction 
of system efficiency and durability. DTT-based digital models of catalyst 
layers can simulate gas diffusion and electron transport pathways under 
different porosity conditions, offering forward-looking guidance for 
experimental synthesis and sdevice-level optimization.

In summary, AI approaches demonstrate powerful capabilities in 
assisting the design and optimization of electrocatalysts at all three 
scales. At the microscale, AI facilitated the identification of atomic-level 
active sites and key reaction mechanisms. At the mesoscale, image 
recognition and structural analysis technologies advance morphology 
characterization and interface engineering. At the macroscale, ML-based 
multi-objective optimization methods are improving the efficiency of 
device-level performance prediction and control. This multiscale design 
framework not only accelerates the development of electrocatalysts, but 
also enables the construction of multiscale, high-throughput screening 
platforms. However, AI-driven electrocatalyst design still faces several 
challenges. Traditional data-driven approaches struggle to break 
through the boundaries of known material systems for innovative 
design. Furthermore, the iterative optimization between computational 
simulation and experimental verifications is inefficient. To address these 
challenges, generative AI with its potential for innovative design and 
automated experimental techniques with high-throughput capabilities 
will become key directions for overcoming the limitations of the current 
approaches, as will be discussed in the next section.

4. Generative AI and automated experimental techniques

In recent years, generative modeling strategies have emerged as a 
promising approach in materials design, significantly accelerating the 
optimization of various energy-related materials [75]. The core concept 
of these strategies lies in inverse design, where new candidate structures 
are generated based on existing knowledge and prior performance 
feedback, aiming to predict catalyst or electrode architectures with 
desired properties. Commonly used generative models include varia
tional autoencoders (VAE), diffusion models, autoregressive models, 
multimodal transformers, and generative adversarial networks (GANs). 
Lyngby et al. developed a crystal diffusion variational autoencoder 
(CDVAE) capable of generating two-dimensional materials with high 
chemical and structural diversity [78]. Many of the generated structures 
exhibit potential for experimental synthesis, offering new possibilities 
for autonomous materials discovery. To lower the entry barrier for 
deploying such models, Manica et al. introduced the generative toolkit 
for scientific discovery (GT4SD) [79], which simplifies the training, 
implementation, and customization of generative models, thereby 
accelerating molecular discovery. In addition, multimodal transformer 
[80] encoders have shown the ability to capture both local and global 
features of metal-organic frameworks (MOFs), facilitating their struc
tures design. At the system level, El-Sayad et al. combined the synthetic 
minority oversampling technique (SMOTE) with GANs to address chal
lenges of data imbalance and nonlinear dependencies in hydrogen pro
duction modeling [81]. This integration has improved the reliability and 
decision-making performance of predictive models in sustainable energy 
applications. GANs have also been used to generate new alloy structures 
with specific lattice parameters, contributing to the exploration of novel 
functional materials [82]. Despite these advances, generative AI tools 
still face several challenges, including substantial computational re
quirements, limited availability of high-throughput datasets, and the 

experimental validation of generated structures and synthesis strategies.
To address these issues, automated experimental platforms, enabled 

by robotic systems, high-throughput instrumentation, and intelligent 
control systems, are emerging as powerful tools for validating generative 
outputs and accelerating the material discovery [69,83,84]. These 
platforms generate large-scale, high-quality experimental datasets that 
can significantly enhance model training and validation [85]. In the 
field of image recognition and processing, in situ electron microscopy 
enables automated and high-resolution analysis. By integrating deep 
learning techniques from the field of computer vision, these platforms 
support real-time interpretation of in-situ experiments, thereby 
expanding the feasibility of high-throughput screening in materials 
science. Zeng et al. reported an automated system for kinetic analysis 
[86], which includes a robotic platform capable of performing electro
chemical experiments under varying electrode conditions. This system 
facilitates the investigation of complex mechanistic behaviors in elec
trocatalytic processes. Nevertheless, current automated experimental 
technologies still face limitations, such as high operational costs, com
plex workflows, and limited generalizability. Further optimization is 
needed to enhance their scalability and adaptability.

In summary, generative modeling and automated experimentation 
are often integrated into a closed-loop workflow for iterative catalyst 
optimization. Based on prior data and design objectives, generative 
models propose candidate materials, which are then synthesized or 
characterized via automated high-throughput platforms. The resulting 
data are fed back into the model to refine subsequent predictions. 
Through repeated iterations, this closed-loop system enables rapid 
convergence toward optimal materials that meet targeted performance 
criteria.

5. Opportunities and prospects

AI presents significant opportunities to accelerate materials discov
ery and improve the accuracy of performance prediction in the design of 
electrocatalysts for water electrolysis [87]. This review systematically 
outlines the role of AI in supporting catalyst development and proposes a 
multiscale design framework for electrocatalyst design. The core of this 
framework emphasizes the application of AI algorithms with specialized 
strengths based on the inherent characteristics of data at different scales, 
such as atomic-level graph structure interactions, mesoscopic spatial 
image features, and macroscopic global operational parameters. And it 
aims to enhance the synergy between datasets, models, and 
experiments.

Within above paradigm, representative research demonstrates the 
following typical application paths. At the microscopic level, GNNs 
facilitate the identification of atomic-scale active sites and key de
scriptors, such as adsorption energy and d-band center [88–90], 
enabling faster understanding of catalytic mechanisms and more effi
cient screening of candidate materials. At the mesoscopic level, CNNs 
effectively process spatial features including electrode morphology, 
pore structure, and interface characteristics [91], contributing to 
improved structural design and characterization. At the macroscopic 
level, DNN, SVM, and BO methods jointly support the multi-objective 
optimization and intelligent control of complex parameters (such as 
composition, structure, and operating conditions). This integrated 
framework, covering microscopic, mesoscopic, and macroscopic do
mains, supports a paradigm shift from traditional trial-and-error ap
proaches toward AI-driven electrocatalyst development. In the future, 
by further integrating the reverse design capabilities of generative AI 
with high-throughput verification closed loop of the automated exper
imental platform, the paradigm for electrocatalyst design will be 
upgraded from assisted optimization to autonomous creation.

Despite recent progress, AI-assisted electrocatalyst design still faces 
major challenges that need to be addressed. First, data quality and 
sharing remain key issues. Although high-throughput datasets are 
essential for machine learning in catalysis, current benchmark databases 
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such as the Open Catalyst Project (OCP) [92] and the Materials Project 
[93], while valuable, are not yet comprehensive. These datasets support 
model training and testing, but differences in data collection methods, 
resolution, and format often lead to inconsistencies. Combining infor
mation from experiments and simulations across different scales is 
limited by poor compatibility. To solve this issue, shared standards and 
open databases are needed to ensure that results can be compared and 
repeated across different models and research teams. Building a 
well-organized and consistent data infrastructure will help AI models 
learn complex patterns more effectively and improve the speed and 
accuracy of material discovery.

Second, combining data from different scales is essential to improve 
the reliability of electrocatalyst design. Using data from only one scale, 
such as atomic or system level, can miss important relationships and 
lead to uncertain results. The link between small-scale features and 
large-scale performance is still not well understood. Connecting exper
imental data, simulations, and material properties from different levels 
can help to build a more complete framework. However, most current 
methods rely on manually selected features and lack automated tools to 
connect data across scales. Future research should explore the use of 
graph-based and generative models to build better connections between 
different types of data, leading to more accurate predictions.

Third, the interpretability of AI models is still limited. While deep 
learning shows strong performance in prediction tasks, it often lacks 
transparency. This reduces trust and makes it hard to understand why a 
model gives a certain result. Improving the clarity of AI models, for 
example by using simpler structures or adding tools that explain model 
outputs, will help build confidence in their use for materials science.

Finally, catalyst performance must be evaluated under realistic 
conditions at the device level. Many AI-generated material structures are 
promising in theory but their synthetic feasibility has not been fully 
verified. There is still a gap between computer-based screening and real- 
world experiments. Electrochemical tests alone cannot capture all 
important features, and repeated experiments often waste time and re
sources. Generative AI models should be further developed to support 
practical testing and work closely with automated, high-throughput 
experimental systems. These approaches can help optimize electro
catalyst performance in real devices and make large-scale application 
more achievable.
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