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Abstract; Parallel RNN structure or grouping RNN structure can significantly reduce the total number of parameters in the model,
thus effectively reducing the training cost and improving the training efficiency. This paper proposes an efficient parallel RNN
grouping strategy that does not require splitting and reassembling input data, and can reduce the negative impact of gradient back
propagation instability on model training. The experimental results of language modeling and named entity recognition show that

compared with the traditional method, the total amount of parameter calculation is significantly reduced and the performances in both

tasks are significantly improved by using the proposed grouping strategy.
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Table 1 Reduction ratio of parameter calculation
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Table 3 Results of language modeling experiment
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Table 4 Results of named entity recognition experiment
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Table 5 Results of named entity recognition experiment of two—layer model
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Table 7 Experimental results of different group number in each
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