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Abstract In recent years,pretrained language models have developed rapidly, pushing natural language processing into a whole
new stage of development. To help researchers understand where and how the powerful pretrained language models can be applied
in natural language processing, this paper surveys the state-of-the-art of its application. Specifically, we first briefly review typical
pretrained language models,including monolingual , multilingual and Chinese pretrained models. Then,we discuss these pretrained
language models’ contributions to five different natural language processing tasks:information extraction, sentiment analysis,
question answering,text summarization,and machine translation. Finally,we discuss some challenges faced by the applications of
pretrained language models.
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