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a b s t r a c t

The hydrogen evolution reaction (HER) is a pivotal process for clean energy conversion, yet the develop-

ment of efficient and cost-effective electrocatalysts remains a major challenge. Alloy catalysts, with their

tunable electronic properties and promising catalytic performance, have shown great potential for HER.

However, the design of component types and ratios, along with structural optimization, has largely re-

lied on traditional trial-and-error approaches, which are very complex and time-consuming. The rise of

machine learning (ML) provides an efficient strategy for discovering and optimizing alloy catalysts by en-

abling rapid analysis of extensive experimental and simulation datasets. This review highlights the recent

advances in applying ML techniques for the design and optimization of alloy electrocatalysts for HER,

covering binary and multinary (ternary, quaternary and high-entropy alloys). In particular, by employ-

ing supervised learning and deep learning techniques, ML has achieved remarkable success in the rapid

screening of alloy catalysts and in improving prediction accuracy. It also demonstrates the merit and ca-

pability of ML in accelerating this process. In the end, we discuss current challenges and future prospects

for integrating ML into advanced HER catalysis, highlighting its potential to revolutionize catalyst devel-

opment and promote sustainable hydrogen energy solutions.

© 2025 Published by Elsevier B.V. on behalf of Chinese Chemical Society and Institute of Materia

Medica, Chinese Academy of Medical Sciences.

1. Introduction

The growing global energy demand and the pressing need to

mitigate climate change have intensified the exploration of sus-

tainable and energy-efficient solutions [1,2]. Hydrogen, with its

high energy density and zero-carbon emissions during use, plays

a crucial role as an energy carrier in the transition toward a

carbon-neutral future [3–5]. Among the various hydrogen produc-

tion methods, electrochemical water splitting presents a highly

promising approach by converting renewable energy into storable

chemical energy [6,7]. However, its practical implementation is

hindered by the slow reaction kinetics, therefore requiring highly

efficient and cost-effective electrocatalysts to achieve the scalable

production [8]. Noble metal catalysts such as Pt have long been
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the benchmark for the electrochemical hydrogen evolution reac-

tion (HER) due to their exceptional catalytic activity. However, their

high cost and scarcity limit large-scale applications [9]. Compared

with monometallic catalysts, alloy catalysts offer a more cost-

effective alternative due to their lower material cost and tunable

electronic structures [10]. These features allow for the optimization

of hydrogen adsorption, enhancement through synergistic effects,

and increased density of active sites, ultimately improving catalytic

performance [11]. Despite these advantages, discovering and opti-

mizing efficient alloy catalysts for HER remains time-intensive with

the traditional trial-and-error approaches.

Density functional theory (DFT) simulations have partially al-

leviated this challenge by providing insights into the electronic

properties of complex alloy materials [12]. Nevertheless, the in-

herent complexity of alloy catalysts and the vast number of po-

tential compositions make high-throughput computational screen-

ing a formidable challenge. The emergence of machine learning

(ML) techniques in alloy research has begun to reverse this trend

[13–15]. Notably, in 1998, Yoshitake et al. [16] developed a Bayesian

https://doi.org/10.1016/j.cclet.2025.112021

1001-8417/© 2025 Published by Elsevier B.V. on behalf of Chinese Chemical Society and Institute of Materia Medica, Chinese Academy of Medical Sciences.



N. Qin, W. Guo, F. Li et al. Chinese Chemical Letters 37 (2026) 112021

Fig. 1. Comparison diagram of traditional method and machine learning method.

framework-based neural network (NN) model to predict the lat-

tice constants of γ and γ ’ phases in Ni-based superalloys. The

predicted results showed strong agreement with the experimental

data, demonstrating the potential of ML in alloy materials. Further-

more, the Materials Genome Initiative at United States further ad-

vanced ML in materials discovery, promoting the development of

extensive materials databases that provide critical training data for

ML models.

Leveraging vast amounts of experimental and simulation data,

ML models have become indispensable tools for predicting cat-

alytic properties in alloy systems with both high speed and

accuracy [17,18]. Fig. 1 visually compares the traditional ’trial-

and-error’ approach to catalyst development with the ML-driven

high-throughput screening method, highlighting the advantages of

ML in accelerating catalyst discovery. It enables researchers to

identify complex structure-property relationships, perform high-

throughput screening, and rapidly narrow down the search space

for promising alloy candidates [19–22]. Initial efforts focused pri-

marily on binary systems. For instance, the universal ML frame-

work developed by Chen et al. [23] quickly screened 43 high-

performance bimetallic alloys with a computational speed ap-

proximately 100 times faster than conventional DFT calculations.

With the progressive validation of ML-guided predictions, its ap-

plication has been increasingly extended to more complex al-

loy systems. Li et al. [24] applied the labeled site crystal graph

(DimeNet-LSCG) model to predict adsorption-related descriptors

and successfully identified FeCu2Pt as a promising HER cata-

lyst, exhibiting performance characteristics comparable to those

of pure Pt (111). Further integrating ML with experimental val-

idation, Kim et al. [25] successfully developed a ternary alloy,

Pt0.65Ru0.30Ni0.05, which exhibited an even lower overpotential

than pure Pt. Recently, Huang et al. [26] integrated DFT calcula-

tions with three different ML algorithms to optimize the compo-

sition of a high-entropy alloy IrPdPtRhRu. Notably, their incorpo-

ration of synthetic minority over-sampling technique for regres-

sion with Gaussian noise (SMOGN) oversampling with Bayesian op-

timization yielded a 400% efficiency improvement over conven-

tional non-Bayesian approaches, demonstrating the growing effi-

cacy of ML in designing complex alloy systems. However, despite

these promising advancements, a detailed understanding of how

ML is influencing the rational design of HER alloy catalysts remains

fragmented.

In this review, we explore the transformative role of ML in ad-

vancing HER alloys electrocatalysis. We begin by outlining the fun-

damental principles of ML and its integration into materials sci-

ence, highlighting its advantages over traditional methods.

Specific attention is given to recent breakthroughs in applying

ML to various alloy catalyst classes, including binary and other

multi-alloy catalysts. Finally, we discuss the challenges and future

prospects of ML in HER research, emphasizing its potential to rev-

olutionize catalyst discovery and accelerate the transition to sus-

tainable hydrogen energy.

2. Process of machine learning

ML technology is a sub-field of artificial intelligence, relying on

statistics, algorithms, and data science to analyze large datasets,

identify patterns, and establish predictive models [27]. Unlike tra-

ditional programming, which requires explicit instructions, ML en-

ables systems to “learn” from data and improve their performance

over time [28]. ML methods can be categorized into four main

types: supervised learning, unsupervised learning, semi-supervised

learning, and reinforcement learning (RL). Among them, supervised

learning is one of the most widely used ML techniques. In this ap-

proach, the model is trained on labeled data, which includes input-

output pairs. By learning the mapping relationship between inputs

and outputs, the model can predict outcomes of new and unla-

beled data.

Fig. 2 outlines the essential stages of applying ML techniques

in catalyst development. The process begins with data collection,

where relevant data sources are identified and gathered, followed

by data representation and feature engineering, which ensure that

the data is appropriately processed and refined for modeling. Al-

gorithm selection then focuses on choosing suitable ML algorithms

based on specific problem requirements and dataset characteristics,

setting the foundation for effective learning. The model training

and optimization phase involves iterative training, validation, and

tuning to maximize predictive accuracy and generalization. Each of

these stages plays a critical role in building an effective ML work-

flow for catalyst development, as described below.

2.1. Data collection

Data collection forms the foundation of the ML process, where

the data quality directly impacts model accuracy. For a defined ob-

jective, data is sourced from experiments, computational models,

simulations, and established databases such as Materials Project

(MP), Crystallography Open Database (COD), and Inorganic Crystal

Structure Database (ICSD) (Table 1) [29–51]. Published literature is

another valuable data source, however, manual extraction is time-

consuming. The integration of natural language processing (NLP)

technology, powered by ML, has significantly accelerated this pro-

cess, enabling efficient analysis of large volumes of text and extrac-

tion of relevant chemical information [52–59].

While integrating data from diverse sources, challenges such as

inconsistent formats and incompatible data types may arise [60].

Post-collection data quality assessment is critical to address these

issues, ensuring accuracy, integrity, and consistency [19,61]. For ex-

ample, when developing HER electrocatalysts, maintaining uniform

experimental conditions (e.g., pH) is essential for reliable analysis.

2.2. Data representation and feature engineering

Effective data representation and feature engineering ensure

that the model can interpret and process inputs accurately. Pro-

cessing steps include removing duplicate entries, handling missing

data (e.g., using mean or median imputation), and correcting out-

liers. Afterward, data is standardized, normalized, and converted

into numerical formats through methods like one-hot encoding

and label encoding [62].

Next, feature selection or descriptor selection plays a crucial

role in enhancing model interpretability and accuracy [63]. Statisti-
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Fig. 2. Schematics of machine learning workflow.

Table 1

Summary of common materials science databases.

Database name Data type Quantity

Materials Project [29] Inorganic compounds, metal alloys, battery materials, etc. >130,000 species

Crystallography Open Database (COD) [36] Inorganic, organic and organometallic frameworks (MOF),

crystal structure of compounds

>400,000

Inorganic Crystal Structure Database (ICSD) [37] All known inorganic crystal structure >200,000

ChemSpider [38] Organic, inorganic, organometallic and biological

macromolecules, composite materials and nanomaterials, etc.

>67 million species

AFLOWLIB [39] All kinds of inorganic materials, metals, oxides, alloys, etc. About 100,000 species

Open Quantum Materials Database (OQMD) [40] Inorganic compounds and elements >1 million species

Pauling File [41] Various inorganic compounds >1 million

Cambridge Structural Databases (CSD) [42] The most comprehensive organic and organometallic molecular

structures

>1 million species

Atomwork Advance [43] Metal alloys, ceramics, organic materials and composite

materials, etc.

About 1.8 million

High Throughput Experimental Materials (HTEM) [44] Including photovoltaic materials, battery materials and other

materials related to energy technology

>140,000

Nanomaterial Registry [35,45] Nanophase materials Thousands

Computational 2D Materials Database (C2DB) [34,46,47] Two-dimensional materials, including single-layer graphene and

transition metal sulfides

About 4000 species

2D Material Encyclopedia [48] Two-dimensional materials, such as graphene and transition

metal sulfides

>6000 species

Catalysis-hub.org [31] Specifically for the field of catalytic science >10 thousand

Open Catalyst 2020 (OC20) [49] Focused on important molecules in renewable energy

applications (metal oxides, sulfides, carbon materials, etc.), it is

the largest electrocatalyst structure dataset to date.

Over 1.3 million

Open Catalyst 2022 (OC22) [50] It is an extension and supplement to the OC20 dataset,

specifically designed to support the research of oxide

electrocatalysts, particularly for OER.

62,331 DFT relaxations

(∼9854,504 single point

calculations) across a range

of oxide materials

Atomly [51] Inorganic compounds >340,000

cal tests (e.g., chi-square test and F-test) and model-based methods

(e.g., L1 regularization) identify and remove irrelevant or redun-

dant features, simplifying the dataset and improving model per-

formance. For HER, features such as adsorption energy of hydro-

gen (EH,ads), surface structure, and electronegativity are crucial in

capturing complex relationships between material properties and

catalytic activity [64].

2.3. Algorithm selection

Algorithm selection depends on the specific tasks and dataset

characteristics. Choosing a suitable algorithm can significantly im-

prove the performance and accuracy of the model. Common tasks

include classification, regression, and clustering. For classification

tasks, algorithms such as support vector machine (SVM), decision

trees (DT), random forest (RF), and NN are used to classify data

into predefined categories. For regression tasks, algorithms such

as linear regression, ridge regression, least absolute shrinkage and

selection operator (LASSO) regression, support vector regression

(SVR) and regression neural networks are applied to predict con-

tinuous numerical values. For clustering tasks, algorithms such as

K-means and hierarchical clustering are commonly used to group

data into clusters.

Algorithm selection should consider dataset size, dimensional-

ity, type, and distribution. For instance, K-means is effective for

large datasets, while DT excels with smaller, nonlinear datasets.
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Tools like Scikit-learn, TensorFlow, and PyTorch facilitate algorithm

implementation and tuning. In the context of developing HER elec-

trocatalyst, regression models such as linear regression or SVR are

trained on data sets containing experimental measured and cal-

culated EH,ads. By studying the relationship between alloy compo-

sition, structure, and EH,ads, these models can accurately predict

the Gibbs free energy of hydrogen adsorption (�GH∗ ) for novel,

untested alloys. Choosing the appropriate ML algorithm not only

affects the accuracy of the model, but also determines the training

speed and scalability.

2.4. Model training and optimization

The purpose of model training and optimization is to achieve

the best model performance. The dataset is divided into training,

validation, and test sets, with the training set typically constituting

at least 70%. After the initial training phase, the validation set is

used to monitor the model performance and guide hyperparame-

ter tuning. Hyperparameters, such as learning rate, regularization

strength, and the number of layers or neurons in a NN, can signif-

icantly affect the model convergence and predictive accuracy [65].

Effective hyperparameter optimization ensures a balance between

underfitting and overfitting, enabling the model to generalize well

to unseen data.

Evaluating model performance requires the use of appropri-

ate metrics tailored to the specific task. For regression problems,

metrics such as mean-absolute-error (MAE), mean squared error

(MSE), root mean squared error (RMSE), and R2 score are com-

monly employed. In classification tasks, metrics like accuracy, pre-

cision, recall, and the F1-score are more appropriate. These metrics

provide a quantitative basis for assessing how well the model cap-

tures the relationships in the data and how effectively it makes

predictions.

Optimization is an iterative process aimed at enhancing model

performance by fine-tuning its configuration. Some key techniques

include: (1) Cross-validation: Dividing the data into multiple folds

to ensure the model performs consistently across different subsets

of the data; (2) Early stopping: A method to prevent overfitting

by halting training once the validation error stops improving for a

predefined number of iterations.

After training and optimization, the independent test set is

used for final performance evaluation. By following these steps:

dataset preparation, training, hyperparameter tuning, and perfor-

mance evaluation, a robust and reliable ML model can be devel-

oped.

Such a model not only achieves high accuracy but also main-

tains the ability to adapt to diverse and complex data scenarios

encountered in catalyst design and beyond [27].

3. Machine learning-assisted design of alloy catalysts

Alloying is an effective strategy for the effective hydrogen pro-

duction because of their highly tunable composition and structure.

By combining different metal elements, the electronic structure of

the active site of the catalyst can be significantly changed, thus

optimizing the EH,ads and improving the catalytic performance of

HER [66]. However, traditional trial-and-error optimization meth-

ods typically rely on extensive experimentation and testing, which

is very time-consuming and labor-intensive [67]. In recent years,

the rapid development of ML has provided a revolutionary ap-

proach to the study of HER alloy catalysts. It combines the ad-

vantages of DFT, molecular dynamics (MD), and Monte Carlo (MC)

simulations to describe complex chemical systems efficiently and

accurately at a lower computational cost [68]. Specifically, ML can

use a small amount of DFT data to predict the properties of a

larger system, significantly reduce the calculation time. ML can

also identify the key configurations and pathways in MD and MC

simulations, reduce the required simulation steps, and capture the

complex interactions in alloy systems that are often ignored by tra-

ditional methods. On a larger time and space scale, ML can gener-

ate high-precision simulation data, effectively guiding the design

and optimization of catalysts. By employing ML models, it is pos-

sible to learn underlying patterns from existing experimental and

computational data, quickly predict the activity of catalysts, and

significantly enhance research efficiency [69]. In the following sec-

tions, we explore the application of ML in HER alloy catalysts, with

a focus on analyzing the research progress of binary, multi-nary,

HEA catalysts.

3.1. Binary alloy catalysts

Binary alloys, composed of two different metallic elements, are

a fundamental category of alloy materials. These catalysts enhance

catalytic efficiency by modifying electronic structures and surface

properties. This section delves into how ML aids in the design and

optimization of binary alloy catalysts for HER, providing a system-

atic approach to understanding their performance.

3.1.1. Bimetallic alloys

Bimetallic alloys usually refer to alloys composed of two differ-

ent metal atoms mixed in a random or ordered manner at the mi-

croscopic scale, with microstructures that may be uniformly mixed

or have configurations such as core-shell structures. The applica-

tion of these catalysts in HER relies on their ability to provide a

large number of active sites and optimized electronic properties.

ML plays a crucial role here, employing large-scale data analysis

and pattern recognition to identify the most effective alloy compo-

sitions and structural configurations. This accelerates the catalyst

design and performance evaluation process, enhancing the devel-

opment of efficient catalysts for HER [70].

The performance of alloys largely depends on their microstruc-

tures. With the rapid development of nanotechnology, nanoclus-

ters, as a special form of bimetallic alloys, have garnered extensive

attention from researchers [71,72]. For instance, Jäger et al. [73]

utilized the Kernel Ridge Regression (KRR) ML model to predict the

EH,ads values on AuCu nanoclusters. As shown in Fig. 3, by com-

paring various structural descriptors such as atom-centered sym-

metry functions (ACSF), many-body tensor representation (MBTR),

and smooth overlap of atomic positions (SOAP), they examined

how different representations influence model performance. Figs.

3a and b showed that as the size of the training set increases, the

RMSE of all models decreases significantly, with the SOAP descrip-

tor performing the best on larger datasets. Figs. 3c–e further illus-

trate that the SOAP descriptor is particularly sensitive to the lo-

cal environment, provided the most accurate predictions for larger

datasets. Furthermore, increasing the size of the training set con-

tinuously improved the prediction accuracy, highlighting the ben-

efits of larger datasets in enhancing ML model performance. This

work not only improved the accuracy of predicting catalytic active

site EH,ads, but also reduced the costs of modeling. Subsequently,

they expanded their research to include bimetallic alloys of vari-

ous shapes and sizes. Fig. 4a showed an automated workflow that

systematically progresses from the generation of nanoclusters to

the submission of production jobs, and finally to the prediction

of EH,ads, achieving efficient structure screening and performance

evaluation [74]. Fig. 4b demonstrated the excellent prediction ac-

curacy, showing good agreement between the predicted values and

DFT calculation results. Fig. 4c illustrated the distribution charac-

teristics of EH,ads for different binary combinations: some combi-

nations exhibit convex behavior, indicating that the mixed clus-

ter is less favorable than the pure components, while others show
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Fig. 3. Study of hydrogen adsorption on nanoclusters through machine learning using structural descriptors. (a–d) Learning curves for different datasets showing the MAE

for different training set sizes. Descriptors CM, SOAP, MBTR, and ACSF were used as features in KRR to predict �EH. The following datasets were used: (a) MoS2 (single),

(b) Au40Cu40 (single), (c) MoS2 (multiple), (d) AuCu (multiple). (e) Mean of data point pairs on the axes of �(�EH) and (dis) similarity defined by d= ||Descriptor||2 within

bins of size 0.1. The colored area highlights the standard deviation in those bins. The data set MoS2(multi) was used to compare the descriptors CM (cyan, offset 1.0 eV),

SOAP (red, offset 0.7 eV), MBTR (blue, offset 0.3 eV) and ACSF (green). (f–h) Parity plots of predicted versus calculated �EH for different training and testing sets, along with

histograms of the predicted (red) and calculated (black) energy distributions. (f) The data set of multiple clusters MoS2 (multi) was used as a training set and the data set

MoS2 (single) cluster was used as the displayed test set. (g) The data set of multiple clusters MoS2(multi) was used as a training set and a data set of local minima on frozen

clusters was used as the displayed test set. (h) The data set of multiple clusters AuCu(multi) was used as a training set and the data set Au40Cu40(single) cluster was used

as the displayed test set. Reproduced with permission [73]. Copyright 2018, Springer Nature.

concave behavior, suggesting synergistic effects at certain composi-

tions. Fig. 4d further analyzed the impact of surface reconstruction

and adsorption site drift on the prediction results, revealing that

these factors have minimal effect on model accuracy. The results

also show that the maximum value of the d-band Hilbert trans-

form εu is closely related to the EH,ads at the nanocluster level,

which can be used as a screening feature available at the nan-

ocluster level. In 2021, Mao et al. [75] investigated clusters with

core-shell structured clusters. They optimized and evaluated 7924

Cu55-nMn (M=Co, Ni, Ru, Rh, n≤22) alloy clusters and found that

the CuNi alloy clusters exhibited superior HER activity, with the

active sites mainly located at the bridging and triple sites of the

shell Cu atoms. Moreover, they defined a surface charge-based de-

scriptor, �QCu−Cu, which effectively assesses the HER activity of al-

loy clusters by calculating the average charge difference between

surface atoms of the clusters. As shown in Figs. 5a and b, the

�QCu−Cu values on Cu55-nMn alloy clusters vary with increasing

dopant concentration. Each type of Cu55-nMn alloy cluster exhibits

a maximum �QCu−Cu value, and there is an approximately linear

relationship between �QCu−Cu and the number of active sites on

the Cu55-nMn clusters. A ML NN trained on a large DFT database

using this descriptor can rapidly and accurately predict �GH∗ val-

ues on nanocluster surfaces. As shown in Figs. 5c and d, the model

achieves MAE of 0.07 eV and RMSE of 0.11 eV on the test set. This

study promotes the application of high-throughput computational

method in the field of electrocatalyst design. In the latest research,

Kang et al. [76] employed an machine learning potential (MLP)

model to conduct annealing MD simulations, revealing the struc-

ture of ligand-free AuPt nanoclusters. Through these simulations,

they found that Au atoms tend to segregate to the surface, form-

ing a Pt(core)/AuPt(shell) structure. By investigating the interac-

tions between Au and Pt, they found that when the Au content

is low, Au atoms enhance the hydrogen adsorption on the adjacent

Pt atoms. This enhancement is attributed to the altered electronic

structure of Pt caused by the presence of Au, leading to stronger

hydrogen binding.

By uncovering the complex structure-property relationships in

nanoclusters, ML models enable efficient high-throughput screen-

ing over a wider compound space. Using this method, researchers

can quickly determine the most promising candidate materials,

providing a solid foundation for further application development

and performance optimization.

For example, Chen et al. [23] developed a universal ML frame-

work (Fig. 6), which utilizes crystal graph convolutional neural

networks (CGCNN) and SchNet models to predict the �GH∗ for a

range of bimetallic alloys (such as Pd-Cu, Cu-Zn, Pt-Cu, and Pt-Mn),

achieving computational speeds approximately 100 times faster

than traditional DFT methods. This study rapidly screened 2974

candidate alloys and identified 43 high-performance compositions.

The efficacy and practicality of this ML framework were further

confirmed through experimental validation of the selected AgPd

alloy. Zhang et al. [77] developed a light gradient boosting (LGB)

ML model by incorporating the electronic and structural charac-

teristics of alloys, such as electronegativity and electron efficiency.

They successfully screened 84 potential alloys with |�GH∗ | values
<0.1 eV from 2290 candidate alloys, including ScAu, TbSb, TbCd

and TiAu. This study provides new insights for the application of

ML in electrocatalyst optimization.

Using ML and high-throughput screening techniques, re-

searchers can swiftly identify candidates with high-performance

potential from vast databases of bimetallic alloys. These prelim-

inary screening results provide a reference for further exploring

the performance of alloys in practical applications. For instance,

Tran and Ulissi [78] utilized active learning (AL) to guide DFT cal-

culations in predicting adsorption energies on bimetallic alloys,

identifying 258 surfaces suitable for HER from 102 alloys. Simi-
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Fig. 4. Machine learning-assisted study of EH,ads on bimetallic nanoclusters. (a) Workflow outline showing the process from forming clusters to predicting EH,ads distribution.

(b) Learning curve for KRR, with an inset image showing the parity between calculated and predicted EH,ads from 1767 DFT calculations. (c) Predicted EH,ads distribution.

(d) Evaluation of machine learning accuracy in the presence of adsorption site drift and surface reconstruction. Reproduced with permission [74]. Copyright 2020, American

Chemical Society.

Fig. 5. Study on screening alloy nanoclusters for electrocatalytic hydrogen evolu-

tion. Descriptors used for evaluating HER performance: (a) The average charge dif-

ference �QCu-Cu between two adjacent Cu atoms on the edge site and vertical site

for Cu55-nMn (M=Co, Ni, Ru, and Rh) alloy clusters; (b) linear relationship between

the number of active sites (|�GH∗ | < 0.15 eV) and the average charge difference

�QCu-Cu. Machine learning predictions: (c) Learning curve of the neural network,

(d) parity plot between predicted values and DFT calculated �GH∗ values. Repro-

duced with permission [75]. Copyright 2021, Springer Nature.

larly, Li et al. [79] employed a three-layer Artificial Neural Net-

work (ANN) with backpropagation algorithm (BPNN) to explore the

catalytic activity on (100) surfaces of bimetallic alloys for HER.

They discovered promising theoretical HER activity in acidic media

for PdxAg1-x and PdxAu1-x (100) surfaces. This ML-based analysis

deepens the understanding of alloy properties and their catalytic

mechanism. Wang et al. [80] used RFR combined with the sure in-

dependence screening and sparsifying operator (SISSO) model to

rapidly predict adsorption energies on metallic and bimetallic al-

loy surfaces. Compared to linear scaling relations (LSR), this ap-

proach enables to make more accurate predictions lowering predic-

tive RMSE by a factor of two and more general to predict adsorp-

tion energies of various adsorbates on thousands of binary alloys

surfaces, thus paving the way for the discovery of novel bimetallic

catalysts. Similarly, Martínez-Alonso et al. [81] used an RFR model

to predict the surface activity of HER bimetallic catalysts, identi-

fying 27 promising candidates. Additionally, Paz-Castany et al. [82]

used an AL approach to optimize the performance of Ni-W alloy

thin films for the HER in acidic media. Their findings indicated

that the more electroactive Ni-W thin films should be deposited

at slightly higher negative current densities (−j=7–9mA/cm2) and

a temperature of 62 °C. The predictions were validated experimen-

tally, demonstrating accuracy while also saving material resources

and laboratory time.

3.1.2. Single-atom alloys

Single-atom catalysts represent an emerging field in catalysis

research, characterized by maximized atomic utilization and iso-

lated active sites [83]. In 2011, the concept of single-atom cataly-

sis was formally proposed by Professor Zhang and co-workers [84].

The structural characteristics of single-atom catalysts determine

that the interaction between the dispersed metal atoms and the

coordinating atoms (C, N, O, S, P) on the support is very important

for the stability of the metal atoms. Beyond the typical bonding

between metals and non-metal coordinating atoms, a special class

of single-atom catalysts, known as single-atom alloys (SAAs), can

also be prepared on metallic supports through metal-metal inter-

actions [85,86]. In SAAs, the typical non-metal supports of single-

atom catalysts are replaced by metallic supports, with the active

metal atoms interacting with the metal supports via metal-metal

bonds [87,88]. Throughout the development of single-atom cata-

lysts, the study of metal-support interactions (MSI) has been inte-

gral to exploring their synthesis, structure, and catalytic reaction

mechanisms. An early example of SAAs used in catalysis includes

the activation of H2 on Pd/Cu (111) and Pd/Au (111) surfaces [89].

6



N. Qin, W. Guo, F. Li et al. Chinese Chemical Letters 37 (2026) 112021

Fig. 6. ML framework used for high-throughput screening of electrocatalysts. Reproduced with permission [23]. Copyright 2022, Wiley-VCH GmbH.

In this context, ML provides a powerful tool for predicting and op-

timizing the performance of SAAs [90].

For example, Rao et al. [91] used a variety of ML models, in-

cluding DT, SVM, NN, and KRR, to accurately predict the properties

of 250 of the most stable and 358 near-stable SAA configurations.

This approach helped form an intuitive understanding of the fac-

tors influencing the stability of SAAs. By using these diverse ML

models, they could systematically analyze and deduce the under-

lying patterns that dictate stability, thus providing critical insights

that can guide the synthesis and application of SAAs in various cat-

alytic processes. Han et al. [92] employed the SISSO algorithm to

identify key descriptors for SAAs. This powerful computing tech-

nology enabled them to accurately identify >200 previously unre-

ported SAAs candidates with superior catalytic performance. Their

work illustrates the critical role of data analysis in discovering op-

timal SAAs formulations. Subsequently, Zhou et al. [93] developed

an automated catalyst design workflow called CATIDPy, using a ge-

netic algorithm focused on screening and designing efficient SAAs

for HER. This method successfully identified 70 candidate binary

SAAs, demonstrating its application potential in theoretical predic-

tions and experimental validations. This study not only accelerated

the screening process for binary SAAs, but also promoted the effi-

cient automation of catalyst development by reducing reliance on

expert domain knowledge, which provides important guidance for

the design of future catalytic materials for HER. Recently, Kayode

et al. [94] utilized Bayesian Optimization technology to efficiently

screen and optimize bimetallic catalysts for HER. Through Bayesian

Optimization, the research team was able to rapidly identify the

best-performing catalysts with minimal iterations, demonstrating

high catalytic activity both theoretically and experimentally.

3.1.3. Dual-atom catalysts

Dual-atom catalysts (DACs) refer to catalysts featuring isolated

active sites composed of two adjacent metal atoms or metal ions,

which exhibit synergistic catalytic effects. Unlike single-atom cata-

lysts containing two distinct single metal atom sites separated spa-

tially, DACs involve direct metal–metal bonding at the active site

[95]. Although this review focuses on metal alloy catalysts, DACs

supported on nonmetallic substrates (such as graphitic carbon ni-

tride, g-CN) are also discussed here because of the presence of

metal–metal interactions, which align them conceptually with bi-

nary alloy systems. The catalytic properties of DACs can be finely

tuned by varying the metal composition at these dual-atom sites

[96].

DACs often exhibit complex atomic-level features, such as elec-

tronic structures and interatomic interactions, which require high-

precision ML models to deal with these details. In this regard, the

integration of DFT calculations with ML frameworks has yielded

remarkable advantages, offering an innovative pathway for design-

ing new materials [97]. Zhang et al. [98] conducted systematic cal-

culations on DACs supported on g-CN substrates and employed

RFR ML model to screen 26 homonuclear DACs (M2/g-CN) and 253

heteronuclear DACs (MIMII/g-CN). They discovered that PdNi@g-CN

and AgPt@g-CN exhibited exceptionally low overpotentials for HER.

Subsequently, they extended this method to the domain of metal-

nonmetal hybrid systems [99], demonstrating that the RFR model

is capable not only of predicting known chemical systems but also

of forecasting unknown chemical systems. This proves to be an ef-

fective tool for the rapid discovery and design of new electrocata-

lysts.

As computational capabilities improve, high-throughput com-

puting combined with ML has increasingly become central to

the research of DACs. Boonpalit et al. [100] innovatively applied

the CGCNN model, to screen 435 dual-atom combinations on

a nitrogen-doped graphene (N6Gr) substrate, finally identifying

AuCo@N6Gr and NiNi@N6Gr as highly efficient catalysts for HER.

As shown in the workflow of Fig. 7a, the synergistic strategy com-

bining ML and DFT significantly enhances the efficiency of discov-

ering candidate materials. The screened AuCo and NiNi catalysts

exhibited nearly ideal �GH∗ values (about 0 eV) along with excep-

tional stability and robust electronic performance. Subsequent DFT

and electronic structure analyses highlighted that the metal syner-

gistic interaction between Au and Co helps mitigate overly strong

hydrogen binding, while the NiNi combination enhances hydrogen

binding strength through dual-atom synergy. COHP analysis and

charge density difference maps both confirm the significant syner-

gistic effect between these bimetallic sites (Figs. 7b–g). These find-

ings show the potential of ML to rapidly identify promising DAC

configurations and advance the development of efficient and stable

catalysts for HER. Subsequently, Wei et al. [101] comprehensively

considered from multiple dimensions, using an ensemble learn-

ing method to construct the ML framework based on graph neu-

ral network (GNN) to identify the active sites of DACs. They em-

ployed RF model to predict free energies, used SVR deeply under-
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Fig. 7. Research on graphene-based HER DACs based on CGCNN and DFT. (a) Schematic representing the combined ML and DFT screening workflow. Reaction-free energy

profile of HER, including explicit waters on (b) AuCo (c) NiNi, and the corresponding intermediate and transition state structures. (d, e) Projected crystal orbital Hamilton

populations (pCOHP) and the corresponding integrated COHP (ICOHP) of AuCo and NiNi between metal atoms and hydrogen atoms during hydrogen binding in explicit solvent

environment (right) bonding contribution and (left) antibonding contribution. (f, g) Charge density difference plot of AuCo and NiNi during hydrogen binding, (yellow) charge

accumulation, and (blue) charge depletion. Reproduced with permission [100]. Copyright 2023, American Chemical Society.

stands how atoms and structures affect hydrogen bonding behav-

ior, and employed ANN to predict binding energies. This method

ensured high accuracy while reducing computational costs. Their

research demonstrates the immense potential of an integrated ML-

driven strategy combined with DFT computations in material de-

sign and optimizing DAC configurations. In the case of few input

features, Wang et al. [102] employed an ANN model, based on DL

algorithms, to screen from 406 transition metal (TM) DACs. They

identified FeZn and VFe as two DACs with excellent acidic HER per-

formance. This study also verified that the ANN model could accu-

rately predict the HER activity of DACs using simple input features.

The further advancement in DACs research is reflected in the

exploration of complex substrates and multi-metal combinations.

For instance, Chowdhury et al. [103] employed DFT in conjunction

with a Gradient Boosting (GB) ML model to design novel TMDACs

based on α-2 graphyne (GPY). They discovered that TM-TM DACs,

such as Sc-Sc, Y-Y, and Hf-Hf DACs, exhibit good thermal stabil-

ity at room temperature. The GB model only predicts the stabil-

ity based on the physical characteristics of components in DACs,

which reduces the need for DFT calculations. Similarly, Liang et al.

[104] employed gradient boosting regression (GBR) model to ex-

plore the synergistic effects of TM1TM2@BeN4 on a BeN4 substrate.

Through shapley additive explanations (SHAP) analysis, they identi-

fied changes in the average interatomic distance and Fermi level as

critical factors affecting catalytic activity. This research not only re-

vealed the synergistic mechanisms of DACs, but also demonstrated

how ML can be used to understand and predict the performance of

catalysts. This provides new tools and theoretical foundations for

the design and optimization of future catalysts, illustrating the sig-

nificant role of machine learning in advancing catalysis research.

In the latest research, Zhang et al. [105] developed an efficient

DFT-ML framework for rapidly screening DACs on nitrogen-doped

graphene (NG) for HER. Employing GBR model, which exhibited

the highest R2 values and the lowest MSE values, they successfully

screened four promising HER catalysts from 1120 NG DACs. These

include AgRe@N6Gr, CrSn@N6Gr, TiCo@N6Gr, and RuAg@N6Gr.

These applications demonstrate the ability of ML to understand

and predict complex chemical reaction mechanisms. By integrat-

ing simulation technologies like DFT, ML can efficiently describe

these complex chemical systems at a reduced computational cost,

generating high-precision simulation data to guide the design and

optimization of catalysts. The progression of research from single

algorithms to multi-algorithm integrations, and then to material-

specific NN models, demonstrates that the application of ML in the

study of binary alloy catalysts is becoming increasingly refined and

efficient. These studies not only accelerate the discovery and de-

sign of new binary alloy catalysts, but also provide us with new

perspectives and tools to deeply understand the working mecha-
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nism of binary alloy catalysts. Overall, ML exhibits great potential

and promising applications in the research of HER bimetallic cata-

lysts, effectively speeding up the discovery and performance eval-

uation of new catalysts.

3.2. Multi-alloy catalysts

Compared with binary alloys, multi-alloy catalysts offer more

advantages in HER. These alloys cover three or more metallic el-

ements, providing wider electronic and structural diversity, which

may show higher activity, selectivity and durability in catalytic re-

actions. The complexity of multi-metallic alloys not only brings

more opportunities for catalytic activity, but also introduces po-

tential synergistic effects, which are rare in simple binary alloys. In

this section, more complex multi-alloy catalysts will be discussed

in depth, and how to explore and optimize the HER performance

of multi-alloy catalysts by using ML model will be shown in de-

tail, which will open up a new way for future energy conversion

technology.

3.2.1. Ternary/quaternary alloy catalysts

In the exploration of multi-alloy catalysts, it is crucial to un-

derstand the complex kinetic pathways and reaction mechanisms

under actual working conditions. ML exhibits tremendous poten-

tial in decoding complex chemical reactions by simulating and

predicting dynamic changes on the alloy surfaces during catalytic

processes. Schmidt et al. [106] selected common structures, tI10-

CeAl2Ga2 and tP10-FeMo2B2, and used the Extremely Randomized

Trees (ERT) model to identify potential stable and unstable phases.

The results were highly consistent with experimental outcomes

and conventional DFT calculations, yet the overall computational

cost was reduced by approximately 75%. This reduction signifi-

cantly decreases both the cost and time required for researching

and developing new materials, demonstrating the efficiency of ML

in materials science research. Yoon et al. [107] developed a sys-

tem called CatGym based on deep reinforcement learning (DRL) to

predict the dynamic pathways of surface reconstruction under HER

conditions for a ternary Ni3Pd3Au2 (111) alloy catalyst. Through

learning and iteration, DRL generated pathways that achieve lo-

cally minimal energy states, involving changes in surface composi-

tion and adjustments of surface atomic positions. The results show

that DRL can not only explore more diverse surface components

than the traditional minimum jump method, but also generate dy-

namic surface reconstruction paths, showing good consistency with

the classical minimum energy path method, such as nudged elastic

band (NEB) [108]. This study provides a novel approach for under-

standing and designing catalysts with specific surface kinetic prop-

erties, offering a new perspective for predicting and understand-

ing complex catalyst surface reconstructions. The amorphous alloy

Pd40Ni10Cu30P20 acts as a HER catalyst with exceptional electro-

catalytic activity and high durability in practical experiments. Gao

et al. [109] built the SOAP descriptor to construct a Gaussian Pro-

cess Regression (GPR) ML model, accurately predicting the rela-

tionship between the local atomic environment of the active sites

on the amorphous alloy surface and its catalytic performance. The

model also revealed the physical source of the long-term durabil-

ity of Ni dealloying, which highly aligns with experimental results.

These studies demonstrate the substantial potential of ML technol-

ogy in understanding complex dynamics and investigating mecha-

nisms in catalysis research.

ML models and computational simulations can use this mech-

anistic information to predict the performance of a large num-

ber of potential materials, thereby reducing the number of can-

didate materials that require experimental validation. By integrat-

ing methods such as NN and AL, researchers can efficiently de-

sign and screen promising low-cost multi-alloy catalysts, accelerat-

ing their development and deployment in practical applications. Li

et al. [24] combined GNN and crystal graph (CG) algorithms with

AL to iteratively design and discover low-cost binary and ternary

Pt alloy catalysts for HER. At last, they identified 12 new low-cost

binary/ternary Pt alloys with catalytic activities similar to that of

the Pt (111) surface. In particular, Cu3Pt and FeCuPt2 show catalytic

performances close to that of Pt (111), with Cu3Pt (100) exhibiting

a maximum deviation of only 0.04 eV and FeCuPt2 (100) having a

maximum deviation of 0.16 eV in H, CO, and O adsorption energies.

This research greatly reduced the cost of catalysts by incorporat-

ing more affordable metals like Fe and Cu, while maintaining high

catalytic activity, potentially transforming the way catalysts are de-

signed and discovered in the future. In addition, the analysis of the

correlation between adsorption energies and the typical d-band

theory descriptors indicates that d-band theory is still applicable

to ternary alloys. Similarly, Kim et al. [25] optimized the compo-

sition and proportions of multi-metal alloy catalysts by combining

AL iterative cycles with experimental methods. They successfully

found a ternary alloy catalyst, Pt0.65Ru0.30Ni0.05, which exhibited

excellent catalytic performance with an overpotential of 54.2mV

in HER, lower than that of pure Pt catalysts. This demonstrates

the potential of data-driven strategies to accelerate material dis-

covery and optimization. Subsequently, using the Pareto AL frame-

work combined with a GPR ML model, they discovered an opti-

mal quaternary alloy catalyst, Pt0.15Pd0.30Ru0.30Cu0.25, which exhib-

ited water splitting behavior at a voltage of 1.56V under a cur-

rent density of 10mA/cm2, with the cell voltage remaining below

1.6V [110]. This method significantly enhanced the efficiency of the

search process and the accuracy of catalyst performance predic-

tions. Moreover, it can be expanded to different catalytic reaction

domains and even other multifunctional applications, demonstrat-

ing a scalable and versatile approach to materials science research.

For other ternary alloys, Pandit et al. [111] simulated vari-

ous compositions of NiCoCu alloys and used an eXtreme Gradi-

ent Boosting Regression (XGBR) ML model to predict and identify

the best HER catalysts as alternatives to Pt electrodes. Figs. 8a–d

show the ML model’s predictions of adsorption energies for differ-

ent adsorption sites (hcp, fcc, hcp-fcc, and on-top), which are in

high agreement with DFT-calculated values, demonstrated the reli-

ability of the model. Fig. 8e further indicated that the optimized

and dataset-integrated XGBR model significantly reduces predic-

tion errors. Subsequently, based on this model, they performed

high-throughput screening of 5400 candidate alloy structures, ul-

timately identifying 27 cost-effective alloys as potential substitutes

for Pt (Fig. 8f). This ML-DFT strategy not only provides a novel ap-

proach for developing low-cost HER catalysts, but also highlights

the potential of ML in discovering new and efficient catalysts. In

the recent research, Liu et al. [112] used gradient boosting trees

(GBT) ML model combined with SHAP method to analyze and pre-

dict the impact of different nanoparticle sizes on the catalytic HER

performance of nanoalloys. By examining the interactions between

metal and support and the exposure ratio of active sites, they de-

termined that the optimal catalyst particle size ranges from 1.5nm

to 3.0 nm. Specifically, the 2.0 nm PtCoNi catalyst achieved excel-

lent catalytic performance with a lower noble metal content than

commercial Pt/C catalysts. This study successfully guided the de-

sign and optimization of the PtCoNi alloy catalysts through a data-

driven approach, validated the significant impact of particle size on

catalytic performance, and corroborated the data analysis results

with experimental methods.

For amorphous alloys, Zhang et al. [113] employed an SVR

ML model to accurately predict the �GH∗ of 46,000 adsorption

sites on the surface of the amorphous Pt@PdNiCuP alloy. They de-

veloped a distance contribution descriptor (DCD), used for fea-

ture engineering in the ML model, which accelerated the predic-

tion of catalytic performance. The contribution analysis of DCD
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Fig. 8. Optimizing NiCoCu-based catalysts using DFT and supervised ML techniques. Plots of DFT calculated adsorption energies (�Ecalc) versus predicted adsorption energies

(�Epred) with their respective indicated Test and Train RMSE values for (a) one H∗ atom adsorption at hollow hcp site with optimized XGBR model, (b) one H∗ atom

adsorption at hollow fcc site with optimized XGBR model, (c) two H∗ atoms adsorptions at both, hollow hcp-fcc site with optimized SVR model, and (d) one H2
∗ molecule

adsorption at on-top site with optimized XGBR model. ML1 represents method 1 by considering individual data sets. (e) Plot of DFT calculated adsorption energies (�Ecalc)

versus predicted adsorption energies (�Epred) with its indicated test and train RMSE values for merged four data sets with optimized XGBR model. ML2 represents method 2

by considering merged data sets. (f) Flowchart of the performed screening and selection procedure. Dhcp, Dfcc, and Don-top data sets of 5400 were predicted by ML1 methods,

and the Dhcp-fcc data set was predicted by the ML2 method. Reproduced with permission [111]. Copyright 2022, American Chemical Society.

indicated that the synergistic interaction among Pt, Pd, and Ni

atoms was crucial for determining the catalytic behavior of the

amorphous alloy, aligning with experimental results. By calculat-

ing the percentage of atoms at different energy intervals, the op-

timal atomic ratio for best catalytic performance was identified as

Pt:Pd:Ni:Cu:P=0.33:0.17:0.155:0.16:0.185. It shows the potential of

ML in predicting the performance of amorphous alloy catalysts.

Overall, integrating ML into the research of multi-metallic cat-

alysts not only accelerates the discovery process but also provides

deeper insights into interaction mechanisms, facilitating the devel-

opment of catalysts for next-generation sustainable energy solu-

tions.

3.2.2. High-entropy alloy catalysts

In 2004, Cantor [114] and Yeh [115] introduced the concept of

HEA, which typically consist of 5 or more principal elements, and

the mole percentage of each element is equal or nearly equal, gen-

erally with each component’s atomic fraction greater than 5% (usu-

ally ranging from 5% to 35%). This design concept differs from

traditional alloys, which often have 1 or 2 primary elements with

additional elements added to improve performance. The key char-

acteristic of HEA is their extremely high configurational entropy,

which refers to the degree of random distribution of atoms within

the material [116]. The high configurational entropy of HEA con-

tributes to enhanced phase stability, meaning they maintain good

stability at high temperatures. The application of HEA as catalysts

for HER is a novel research area that has gained increasing atten-

tion in recent years. Compared to other alloy catalysts, HEAs, due

to their unique properties such as high chemical stability, excellent

mechanical performance, and distinctive electronic structure, show

potential advantages in this field [117]. Studies have shown that

some HEA-based catalysts have demonstrated HER activity compa-

rable to or even superior to traditional noble metal catalysts [118].

For instance, some HEA containing Pt group elements exhibit very

low overpotentials and high stability in HER [119]. Research is also

being conducted on non-noble metal HEA, which typically include

elements such as Fe, Co, Ni, Cu. The appropriate combination of

these elements can lead to cost-effective and efficient catalysts for

HER [120].

Although it shows many advantages, it also faces a series of

challenges [121,122]. Firstly, the design of HEA is very compli-

cated, as it requires precise control over the proportions and mi-

crostructures of multiple elements, presenting both experimental

and theoretical challenges [123]. Secondly, the complex interac-

tions among elements within HEA make predicting and optimiz-

ing catalytic activity difficult. The efficiency of HER catalysts de-

pends on effectively reducing the overpotential for HER, which is

often related to the material’s electronic structure. In HEA, the

electronic properties of different metal elements may influence

each other, resulting in unpredictable catalytic performance [124].

Maintaining the uniformity of surface-active sites is also chal-

lenging. An ideal catalyst should have uniformly distributed ac-

tive sites to provide stable and reproducible catalytic performance.

However, the multi-element composition of HEA may lead to spa-

tial heterogeneity of active sites, affecting catalytic efficiency. It is

also crucial to maintain the phase stability of HEA under various

operating conditions, such as different pH values, temperatures,

or potentials. HEA may undergo phase separation or form unex-

pected intermetallic compounds under certain conditions, which

can lead to a decrease in catalytic activity [123]. These challenges

render traditional materials research and development methods

inefficient and costly. In particular, the multi-elemental charac-

teristics of HEAs leads to the problem of the ’curse of dimen-

sionality’. As the number and proportion of constituent elements
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increase, the combinatorial space expands exponentially, making

high-throughput screening and optimization extremely challeng-

ing. To address this issue, ML techniques provide effective solu-

tions by learning complex, non-linear relationships between com-

position, structure, and catalytic properties in high-dimensional

datasets. By constructing surrogate models based on these learned

relationships, ML can rapidly predict alloy performance and signif-

icantly narrow down the vast compositional search space. In ad-

dition, dimensionality reduction methods, such as principal com-

ponent analysis, further simplify high-dimensional features while

preserving essential physicochemical information, thereby reducing

computational complexity. Moreover, structure-aware models like

GNN can effectively capture atomic structures and inter-element

interactions within alloys, thus accelerating the optimization pro-

cess. Strategies such as AL and Bayesian optimization further en-

hance the efficiency of ML models by iteratively selecting informa-

tive data samples to improve the alloy screening process. Through

efficient data processing and model construction, ML techniques

not only significantly enhance the efficiency of the research and

development process but also help researchers more effectively ad-

dress the complex environment of HEAs, optimize catalyst design,

and accelerate the discovery of new materials [125]. Firstly, ML

accelerates material design through predictive modeling, allowing

potential combinations to be screened more quickly in a wide alloy

composition space [126]. For example, regression analysis can be

used to predict properties like hardness and corrosion resistance

under different alloy compositions, thereby reducing the number

of experiments and associated costs. Secondly, ML models, such as

classification algorithms, can predict the phase stability of alloys

under specific heat treatment conditions. This helps optimize pro-

cessing techniques and prevent the formation of undesired phases

[127]. In performance evaluation, ML can automate the handling of

large volumes of experimental data. By conducting in-depth anal-

ysis, it can identify key factors that influence performance, provid-

ing a scientific basis for alloy design.

The HEA containing noble metals show superior performance

in HER catalysis due to their high intrinsic activity and stability.

Kitagawa and co-workers [119,128] synthesized IrPdPtRhRu HEA

nanoparticles (NPs) using a simple one-pot polyol method and

conducted the first observation of the electronic structure of HEA

NPs. It is confirmed that the proportion of 5 constituent elements

of HEA is still stable under the extreme imbalance of 6:1:1:1:1, and

it is indicated that HEA does not follow the traditional d-band the-

ory. This finding spurred extensive subsequent research in the field.

Huang et al. [26] combined DFT calculations with three different

ML models: NN, GPR, and GNN, to optimize the composition of Ir-

PdPtRhRu alloy. Among these, the NN served as a baseline compar-

ison model for conventional EH,ads predictions, achieving the MAE

of 0.079 eV, but exhibiting limited predictive capabilities in rare

data regions (�GH∗ between −0.050 eV and 0.200 eV). By apply-

ing the SMOGN, the GPR model improved its predictive accuracy

in low representation �GH∗ areas, obtaining a MAE of 0.084 eV. To

achieve the highest modeling accuracy, the GNN model was used

to capture a broader range of spatial and angular information, re-

sulting in a MAE of 0.025 eV, which demonstrated higher precision

compared to the NN model. The results showed that the Bayesian

models and GNN show higher efficiency and deeper understanding

in identifying ideal catalyst surfaces compared to traditional meth-

ods. The optimized IrPdPtRhRu alloy catalyst demonstrated about

40% lower overpotential in HER than standard Pt catalysts, while

the synthesis cost was about 15% lower than that of an equiatomic

alloy. This study was the first to investigate the benefits of combin-

ing SMOGN over-sampling with Bayesian learning for catalyst com-

position optimization. Compared with the traditional non-Bayesian

method, the efficiency of Bayesian learning method in alloy com-

position exploration is improved by 400%. This research not only

shows the potential applications of HEA in HER, but also highlights

the practicality of Bayesian learning in materials science, especially

in optimizing complex alloy systems. It provides new perspectives

and tools for future materials research and development.

In an effort to further reduce costs, Saidi et al. [129] trained 4

different ML models using 137 features to design a cost-effective,

non-noble metal catalyst. The models included a convolutional

neural network (CNN) and three tree-based models: DT, RF, and

gradient boosting decision tree (GBDT). These models were em-

ployed to develop a multi-metallic alloy catalyst composed of Co,

Mo, Fe, Ni, and Cu, named CoMoFeNiCu HEA. This catalyst as an

alternative to noble metal-based catalysts, potentially lowering the

costs of industrial hydrogen production. Shan et al. [120] used the

ensemble machine learning (EML) model to predict the catalytic

activity of various combinations of HEA based on high-throughput

experimental data (Figs. 9a and b). The results demonstrated that

among 56 screened equiatomic HEA combinations, the FeCoNiPtPd

combination was the most promising. Subsequent preparations and

screenings of the Fe-Co-Ni-Pt-Pd system led to the discovery of 2

promising HEA combinations, namely Fe0.15Co0.40Ni0.05Pt0.32Pd0.08

and Fe0.15Co0.40Ni0.05Pt0.28Pd0.12, whose catalytic performance was

fully confirmed in subsequent performance tests. As shown in

Figs. 9c–f, these combinations not only exhibited near-ideal �GH∗
but also achieve a good balance between cost and activity. This

study provides a promising solution to the challenges posed

by the diversity of HEA combinations and compositions. It ac-

celerates the discovery process of HEA electrocatalysts, offering

strong support for the rapid development and application of ef-

ficient catalysts. In the latest research, Yang et al. [130] proposed

a “Differentiated Feature” method to predict FeaCobNicCudMoe
HEAs (0.18< a, b, c, d, e<0.23, a+b+ c+d+ e=1). They suc-

cessfully identifiedFe0.222Co0.185Ni0.185Cu0.203Mo0.203 HEAs with the

best HER performance, exhibiting an average �GH∗ is 0.436 eV,

which is close to the theoretical optimal value. Subsequently, the

excellent properties of this HEA was validated by practical exper-

iments and electronic structure analysis, indicating the synergistic

effect between Fe and Ni plays a key role in enhancing HER prop-

erties. This study provides new ideas and methods for the design

of efficient HEAs in the future.

From simple binary alloys to complex HEA, the integration of

ML has changed the traditional trial-and-error approach, making

the development of alloy catalysts more data-driven. By combin-

ing with high-throughput computational techniques, ML provides

powerful support for the design and optimization of alloy catalysts.

This integration enhances the efficiency of transitioning from the-

oretical models to experimental validation.

Overall, using ML and computational methods to develop alloy

catalysts can not only accelerate the research, but also allows for

more precise control over material properties, leading to the cre-

ation of more effective and economically viable catalytic solutions.

This normal form shift towards a more analytical and less empiri-

cally dependent approach is setting a new standard in the field of

catalysis and materials science.

4. Challenges and perspectives

In summary, this review has provided an overview of how ML

is revolutionizing the design and optimization of HER alloy cata-

lysts. We have critically evaluated recent advancements, demon-

strating how ML-driven approaches accelerate catalyst discovery by

efficiently processing large datasets and bridging the gap between

theoretical predictions and experimental validation. By overcoming

the limitations of traditional methods, ML not only reduces devel-

opment time and cost but also paves the way for more innovative

and high-performance catalyst solutions. Nevertheless, several key

challenges remain.

11



N. Qin, W. Guo, F. Li et al. Chinese Chemical Letters 37 (2026) 112021

Fig. 9. Accelerating the discovery of efficient high-entropy alloy electrocatalysts through high-throughput experimentation and data-driven strategies. (a) Workflow of com-

bining high-throughput experimentation with data-driven strategies. (b) Workflow for expanding the HER activity database of the Fe-Co-Ni-Pt-Pd system using EML model

prediction. (c) HER polarization curves normalized by geometric area for catalysts I, II, and III and commercial Pt/C. (d) Tafel slope curves of samples I, II, and III and com-

mercial Pt/C. (e) Overpotential at 10mA/cm2 geometric current density (left) and mass activity at −0.05V vs. RHE for samples I, II, III, and commercial Pt/C. (f) Comparison

of overpotentials and Tafel slopes at 10mA/cm2 for advanced noble-metal-based HER electrocatalysts in 0.5mol/L H2SO4 electrolyte. Reproduced with permission [120].

Copyright 2024, American Chemical Society.

(1) High-quality training data. Accurate ML predictions for HER cat-

alyst performance depend on abundant, high-quality training

data. Although published experimental data provide a valuable

resource, HER activity is influenced by more than the com-

monly reported parameters (e.g., applied potential, electrolyte

concentration, pH). Critical factors such as reactor type and size,

flow rate, and other operational conditions are often under-

reported, making data from different studies difficult to com-

pare. Automated experimental platforms, which generate com-

prehensive datasets under standardized conditions, could cap-

ture both primary and secondary parameters. In addition, incor-

porating uncertainty quantification into ML models would help

assess prediction reliability and prioritize candidates for further

validation. Automated experimental platforms offer a promis-

ing solution by providing diverse, high-quality datasets under

controlled and standardized conditions that more accurately

mimic real-world HER environments. These platforms can gen-

erate comprehensive data sets that not only encompass the pri-

mary experimental parameters but also account for secondary

factors that influence catalytic behavior. In addition, integrat-

ing uncertainty quantification methods into ML models to as-

sess the reliability of predictions can guide further experimen-

tal validation and help prioritize catalyst candidates with higher

accuracy.

(2) Reliable descriptors for alloy catalysts. Developing reliable de-

scriptors for alloy catalysts in HER remains a significant chal-

lenge. Current descriptors, such as the d-band center and lo-

cal geometric parameters (e.g., coordination numbers), offer

valuable low-cost models to correlate complex catalytic met-

rics (e.g., adsorption energies of key intermediates). However,
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these descriptors often fall short in capturing the full complex-

ity of alloy systems, where complex interactions among con-

stituent elements and their coupling with adsorbates play a

critical role. Moreover, conventional approaches typically over-

look long-range electronic and geometric effects, as well as

their gradients, which are essential for accurately reflecting the

heterogeneous nature of HER catalysis. Such inaccuracy in de-

scriptor formulation further limits the predictive accuracy of

ML models when applied to complex, high-dimensional high-

entropy alloy systems. A data-driven feature selection method,

combining experimental data with high-throughput computa-

tional simulations, is needed to identify the most influential de-

scriptors for catalytic performance and to enhance model relia-

bility.

(3) Limitations of current ML algorithms. The current ML algo-

rithms still face many challenges when dealing with complex

alloy systems. At present, the algorithms widely used by ML in

the design of HER alloy catalysts include SVR, RF and NN. These

algorithms have achieved remarkable results in dealing with bi-

nary alloys and some multicomponent alloy systems. However,

their generalization and prediction accuracy diminish when ap-

plied to highly complex multi-element systems like HEAs. De-

veloping new algorithms capable of handling high-dimensional

and nonlinear relationships is therefore crucial. DL approaches,

which excel at processing complex structural data (e.g., nan-

oclusters and polymetallic catalysts), can better capture atomic

interactions and electronic structure effects. At the same time,

the application of RL in the design of HER alloy catalysts is

still in the exploratory stage. It optimizes the characteristics of

decision-making process through interaction with the environ-

ment, which makes it have unique advantages in dynamic opti-

mization and adaptive design. By introducing the reward mech-

anism, the RL model can quickly screen out the alloy combina-

tions with the best properties and reduce unnecessary experi-

mental verification. In the future, the combination of RL and ex-

isting high-throughput computational technology is expected to

further accelerate the design and optimization of complex alloy

catalysts. In addition, with the continuous development of ML

technology, the automation and intelligence of algorithms will

become an important trend in the future. Combined with AL

technology, the model can automatically select the most valu-

able data for labeling and training, thus further improving data

utilization efficiency and model performance.

(4) Lack of stability and durability prediction. Accurately predicting

the stability and durability of alloy catalysts using ML remains a

significant challenge. Experimental assessments of stability and

durability often require long-term testing, making data gener-

ation both time-consuming and costly. As a result, available

datasets are typically limited, fragmented, and lack consistency.

A further obstacle is the absence of standardized benchmarks

for evaluating catalyst stability. Unlike activity metrics such

as overpotential or �GH∗ , there is no widely accepted proto-

col specifying, for example, which potential to apply or how

long to run a durability test. This inconsistency makes it dif-

ficult to compare results across different studies or to com-

pile reliable databases for model training. In addition, models

must be capable of generalizing across a wide range of reac-

tion environments, placing high demands on their robustness

and flexibility. Recent advances in computational methods of-

fer promising solutions to these limitations. Generative models,

such as diffusion models, can expand limited datasets by pro-

ducing high-fidelity simulated data that reflects realistic cata-

lyst behavior. These models also capture atomic-level dynamics

on catalyst surfaces, providing insights into degradation mech-

anisms that are otherwise difficult to observe. By integrating

such approaches, researchers can improve both data quality and

model performance, laying the groundwork for more accurate

and generalizable predictions of catalyst stability and durabil-

ity.

(5) The gap between predicted results and experimental validation.

There is still a significant gap between ML prediction results

and experimental validation, which presents an important chal-

lenge. ML models often rely on idealized structures or com-

putational data for training, but in reality, the synthesis of al-

loy catalysts is influenced by various complex factors, such as

inter-element interactions, compositional inhomogeneity, and

the impact of different synthesis processes. These factors can

lead to discrepancies between experimental results and model

predictions. Especially for HEAs, whose complex composition

and inter-element interactions can result in challenges such as

difficult synthesis and poor phase stability during experimental

validation. Additionally, catalytic performance itself is the re-

sult of multiple factors working together, including the forma-

tion of active sites, interfacial reconstruction, changes in elec-

tronic structure, and the influence of reaction conditions (e.g.,

pH, potential, temperature), and these dynamic factors are dif-

ficult to fully represent in experimental validation. Current ex-

perimental methods also have certain limitations in accurately

characterizing the transient reaction processes of catalysts, fur-

ther limiting the direct validation of ML predictions. Therefore,

future efforts should focus on enhancing the deep collabora-

tion between ML and experiments, developing multiscale simu-

lations, data-driven experimental design, and incorporating un-

certainty quantification strategies, to improve the interpretabil-

ity and adaptability of models, and thus increase the experi-

mental feasibility of prediction results.

By solving these challenges and exploring new research direc-

tions, ML technology is expected to continue to promote the devel-

opment of hydrogen energy technology in the future and provide

strong scientific and technological support for the transformation

of clean energy.
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