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Abstract;: The pretrained language model outperforms the preceding deep learning fameworks such as CNN, RNN,
LSTM, etc. Current pre-training language models, such as BERT, Electra, GPT, etc., are all built based on the
ATTENTION mechanism. Studies have shown that the QV-attention mechanism with Query-value calculation is
more effective. This paper establishes the QV-Electra by introducing QV-Attention into the pre-training model Elec-
tra. It can improve the performance by adding only 0.1% parameter while retaining the parameters of the pre-train-
ing model Electra. The experimental results show that the QV-Electra model achieves better classification perform-
ance than the CNN, RNN, LSTM and the pre-training models (BERT, Electra) of same parameter scale.
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