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Prediction of optical band gap of doped graphitic Carbon nanosheets
based on chemically adaptive learning environment
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Abstract: The process from the discovery of new drugs to their final application has always been considered
very time-consuming and resource intensive. In the field of chemistry, the classical traditional method density
functional theory (DFT) is widely used, which calculates the density functional of molecules and derives various
properties. However, traditional quantum simulation techniques are both expensive and difficult to explore
potential large-scale doped molecular structures. In order to reduce costs and improve efficiency, this article
proposes a graph neural network model based on chemical environment, hoping to promote development in the
research and development of new materials and drugs. The field explored in this article focuses on graphite nitride
carbon (g-C3N4) and its doped variants. Given the importance of the molecular properties and bandgap of
graphite nitride carbon (g-C3N4) in reality, accurately predicting the optical bandgap of the material has become
the research objective of this paper. This article effectively captures the complex structure of molecules using
a graph neural network based on chemical environment. Even when exploring doped g-C3N4 structures with

multiple variants simultaneously, it can accurately predict their band gaps, which is greatly improved compared
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to traditional graph neural networks, providing a convenient, fast, and accurate tool.

Keywords: graph neural network; adaptive aggregation; band gap; graphitic Carbon nitride
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