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Abstract: Pre—trained models can automatically learn from massive unmarked and unstructured data. Nevertheless, the lack of guidance
from external knowledge has dramatically hindered the learning efficiency, model effect, and reasoning capacity. There are still challenges
in incorporating external supervision such as linguistics and world knowledge to improve pre—trained models’ ability of knowledge memori-
zation and reasoning. This paper provides a comprehensive review of knowledge—enhanced pre—trained models from various perspectives,
such as multi-source knowledge incorporation, knowledge fusion, and knowledge forgetting alleviation. Here we take Baidu ERNIE as an ex-

ample to describe the principles and applications of knowledge—enhanced pre—trained models.
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