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Abstract: As a typical data—driven method, pre—trained language models (PLMs) still face challenges such as poor interpretablility and robust-
ness. Hence, it is important to introduce human knowledge into these models for better performance. The latest progress and trend of

knowledge—guided PLMs are introduced and the paradigm of knowledge—guided PLMs is summarized,including knowledge augmentation,
knowledge support, knowledge regularization, and knowledge transfer.
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