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ABSTRACT In recent years, machine learning (ML) has demonstrated significant potential in corrosion inhibitor molecule research
and has emerged as a powerful tool for scientists to explore new and efficient corrosion inhibitors. Corrosion inhibitors are chemical
substances used to prevent the corrosion of metallic materials, and their effectiveness is crucial for extending equipment lifespan and
reducing maintenance costs. However, traditional methods for screening corrosion inhibitor molecules, such as weight loss
measurements and electrochemical testing, typically require extensive experiments and considerable time, making them costly.
Consequently, the application of ML technology in this field has garnered widespread attention. This review provides an overview of the
application of ML technology in screening corrosion inhibitor molecules. Artificial intelligence technologies, particularly deep learning
and machine learning, can analyze vast amounts of data on known corrosion inhibitor molecules, to learn and predict the corrosion

inhibition performance of new molecules. These technologies not only enhance screening efficiency but also uncover molecular
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structures and properties that traditional methods may overlook. Specifically, ML models can extract key information and construct
predictive models through feature extraction and pattern recognition using existing data. These models can rapidly identify potential
high-efficiency corrosion inhibitor molecules, thereby significantly accelerating research. However, despite the numerous advantages of
ML technology in screening corrosion inhibitor molecules, its limitations cannot be ignored. First, the current compound search space for
corrosion inhibitor molecule screening models remains limited. Second, these models face challenges related to computational resources
and time costs in practical applications. After discussing the applications and limitations of ML technology, this study further explores
the concept of molecular generation technology and its application in generating corrosion inhibitor molecules. Molecular generation
technology employs deep learning techniques for automatically generating new molecular structures, often based on generative models
such as generative adversarial networks (GANs) and variational autoencoders (VAEs). These technologies can learn the rules of
molecular generation from existing corrosion inhibitor molecule data and generate new molecules with specific properties. Molecular
generation technology can help researchers discover new and efficient corrosion-inhibitor molecules and accelerate the development of
new materials. Finally, this paper highlights the challenges faced by generative machine learning models in the discovery of efficient
corrosion inhibitor molecules. Although generative models have shown great potential for molecule generation and screening, their
application in the discovery of corrosion inhibitors still faces many challenges. For example, generative models require large amounts of
high-quality data for training, and the generated results require experimental validation. Moreover, when generating new molecules,
generative models must consider various factors, such as molecular stability, synthesizability, and environmental impact, making the
design and optimization of these models more complex. Overall, ML technology holds broad application prospects in the research on
corrosion inhibitor molecules; however, it also faces significant challenges. Continuously optimizing ML algorithms and combining
them with experimental validation should contribute to the efficient and high-precision discovery of corrosion inhibitor molecules in the
future, leading to breakthroughs in materials science and industrial applications.
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Fig.1 Machine learning ideas for assisting research on corrosion inhibitor molecules
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Fig.2 Quantitative structure activity/property relationship (QSAR/QSPR) modeling process for inhibition efficiency (IE) prediction
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Fig.3 Prediction accuracies compared for corrosion inhibition efficiency of inhibitors in 1 mol-L™" hydrochloric acid solution, using different models:

(a) random forest; (b) gradient boosting; (c) artificial neural network; (d) multiple linear regression
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Molecular representations
Chemical formula: C,(H;BrNO

String-based:
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Graph-based: G=(V, E)
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Fig.4 Schematic of molecular representations
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15 B¢ (1) TR B 2 B A 28 X 4% (Convolutional neu-
ral network, CNN) 135 5 # £ %] 4% (Recurrent neural
networks, RNN) H g 4b#SCA | H 450 R . A
SRR S8R . 5 BR A SCAR [F], B E 7
FEA L5 (E B 22 W 4% (Graph neural network,
GNN) 2 E $22 D\ H 15 5 R 20 0l ) B 8 s 2= >d
MYHESR, Forr =y g R 30 Al DAAR 4 W T 320K 4 F
SEA T A i RN SRR PR, GNIN AT T Ak R RR
JUR A HE, anfb2s 0 T 450 8 [ I, I &S
Fa T 43 B M o Y, AR - ) 2R RRAE, R
MR A B T B E B, s K P
KAPBIKE A AR, 2FBEK B R E(LogP) Y FlI
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