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Abstract

In this paper, the transformer model is applied to the field of Chinese text automatic correction,
and the outputs of different neural modules in the transformer model are dynamically combined.
At the same time, the curriculum learning strategy is introduced in the model training to speed up
the convergence speed of the model. The experimental results show that the proposed enhance-
ment model and the curriculum learning strategy introduced in the training can greatly improve
the accuracy, recall rate and error correction Fy 5 value of the correction results.
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Figure 1. Transformer model structure
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Figure 2. Simplified neural module
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y=BN(A(x)+x), out=BN(F(y)+y) (1)
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Figure 3. Dynamic residual structure
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Figure 4. Curriculum learning framework
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Table 1. Curriculum learning strategy algorithm
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Table 2. Effects of different improvements on model performance
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