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Abstract: The pre—trained language model based on neural network and deep learning has brought breakthrough development for natural lan-
guage processing technology. The Transformer model based on self-attention mechanism is the basis of the pre—trained language model.
Large—scale pre—trained language models such as GPT, BERT, XLNet, etc. are based on the Transformer model or its optimization. How-
ever, the current large—scale pre—training language models that rely on powerful computing resources and massive data have practical prob-

lems. It is pointed out that lightweight pre—trained language models are an important development direction in the future.
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