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Application of Quantum Machine Learning in the Research of
Catalytic Chemistry

QTAN Bo
(State Key Laboratory for Oxo Synthesis and Selective Oxidation, Lanzhou Institute of Chemical Physics,
Chinese Academy of Sciences, Lanzhou 730000, China)

Abstract: Quantum machine learning, which combines the advantages of quantum chemistry and machine learning,
possesses faster calculation speed, and higher accuracy than traditional density functional theory. Quantum machine
learning provides more intelligent and effective research approaches for complex, multi-dimensional and multi-scale
catalytic chemistry. Furthermore, the optimal catalyst design parameters, the optimal synthesis method and reaction
conditions of catalyst materials, and the relationship between catalyst structure and performance could be quickly and
accurately predicted by training reliable data and establishing reasonable models and algorithms. In this protocol, the
application of quantum machine learning to catalytic materials design, catalytic reaction performance and catalytic
reaction mechanism are summarized.

Key words: quantum machine learning; catalytic materials design; catalytic reaction performance; catalytic reaction

mechanism



