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Figure 1 The history of man’s tools to transform nature (color online).
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Figure 2 The classification of artificial intelligence and machine learning (color online).
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Figure 3 Artificial intelligence expedites chemical research (color online).
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How to embrace the age of intelligence——taking chemistry as an

example

Jinglong Lin, Qianyi Liu, Fanyang Mo’

School of Materials Science and Engineering, Peking University, Beijing 100871, China
*Corresponding author (email: fmo@pku.edu.cn)

Abstract: This perspective provides some helpful reflections on how cutting-edge achievements in artificial
intelligence can be applied to academic research. We first discuss the importance of embracing the age of intelligence
from a social development perspective, and describe how Al technology, as the core foundation of the fourth industrial
revolution, would impact society. Taking chemical research as an example, using representative research work, we then
elaborate on how machine intelligence has changed the research paradigm and accelerated scientific discoveries at
various levels—basics, tools, and applications. Finally, we put forward some suggestions to the researchers who are
willing to conduct interdisciplinary studies by engaging artificial intelligence in their fields of expertise.
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