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Abstract: Sentence segmentation of ancient Chinese texts is a very difficult task even for experts in this area, since it not
only relies on the sentence meaning and the contextual information, but also needs to integrate historical and cultural
knowledge as a basis. This paper proposes to build knowledge representation of ancient Chinese with BERT, a deep language
model, and then construct the sentence segmentation model with Conditional Random Field and Convolutional Neural Net-
works. Our model achieves significant improvements in all of the three ancient text styles. The F1 score for poetry, Ci and
prose texts are higher than 99%, 95% and 92% respectively. It has increased by more than 12% compared with the traditional
bi-RNNs method in Ci and prose that are more difficult to segment than poetry. Data analysis shows that the model can effi-
ciently capture the rhythm and metre of poetic expressions, as well as encode the word order, grammar, semantics and con-
textual information. In further case studies, the method achieves good results in the difficult cases in published ancient books.
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P(%) | R(%) | F1(%) | P(%) | R(%) | F1(%) | P(%) | R(%) | F1(%)
bi-GRU,s | 95.17 | 94.67 | 94.92 | 82.85 | 74.26 | 78.32 | 81.60 | 76.34 | 78.89
bi-GRU,0ss | 96.73 | 96.55 | 96.64 | 86.80 | 83.38 | 85.06 | 83.95 | 79.19 | 81.50
BERT+FCL | 98.98 | 99.33 | 99.16 | 95.33 | 94.90 | 95.11 | 91.65 | 92.31 | 91.98
BERT+CRF | 99.10 | 99.29 | 99.19 | 95.50 | 94.77 | 95.13 | 91.66 | 92.41 | 92.03
BERT+CNN | 99.04 | 99.35 | 99.19 | 95.77 | 95.45 | 95.61 | 91.77 | 92.26 | 92.01
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