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Abstract

Ancient Chinese scriptures usually have no punctuation marks, which makes
it difficult for modern people to read and understand. Adding modern punctuation
to ancient scriptures is the basis for the collation and research of ancient scriptures,
however, it is a very tedious process. Therefore, it is of practical significance to realize
automatic punctuation of ancient scriptures by means of artificial intelligence (AI). We
apply the latest tool of deep learning (DL) in the field of natural language processing
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approximately 10 million punctuations. Then, on the test set of Buddhist texts from six
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1. Introduction

Automatic punctuation refers to the research for marking modern Chinese
punctuation on ancient scriptures without manual intervention. This research
was initiated about ten years ago. Both the human-designed rules (Huang,
2009) and the conditional random field method (Zhang, Xia, & Yu, 2009) have
been used for automatic punctuation. There are cases of using recurrent neural
network to realize automatic segmentation of sentences on ancient texts. For
example, one is the bi-directional recurrent neural networks based on Gated
Recurrent Unit (Wang, Shi, & Su, 2017), the other is bi-directional long short-
term memory neural networks under conditional random fields (Bi-LSTM-CRF)
(Han, Wang, Zhang, Fu, & Liu, 2018). However, they did not realize automatic
punctuation. There are many papers on automatic punctuation for English texts
(Kolar & Lamel, 2012), however, the research on Chinese punctuation is a
totally different story.

Deep Learning technique has been widely used in natural language
processing (NLP), such as machine translation, text categorization, machine
question and answer, and automatic summarization. Automatic punctuation
belongs to the application of NLP. The main model architectures used in this
field are long short-term memory (LSTM) model based on recurrent neural
network (RNN) (Hochreiter, & Schmidhuber, 1997; Khandelwal, He, Qi, &
Jurafsky, 2018; Sutskever, Vinyals, & Le, 2014) and sequence to sequence
(Seq2Seq) model based on convolutional neural network (CNN) (Gehring, Auli,
Grangier, Yarats, & Dauphin, 2017; Luong, Pham, & Manning, 2015; Vaswani,
etal., 2017).

In this paper, the principle of automatic punctuation, train set, model
testing and evaluation are introduced. Finally, the improvement and further
application of punctuation are put forward.

2. Principle

The LSTM model used in this paper is a six-layer Bi-LSTM with residual
connection (He, Zhang, Ren, & Sun, 2016). The number of hidden units of the
LSTM is 512. The calculation process is shown in figure 1.

First, each Chinese character is mapped into a word vector of length 512 by
an encoding module. Subsequently, the word vectors are fed into the two LSTM
networks (i.e., Bi-LSTM), and the two outputs obtained on each word are summed
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Figure 1. The Bi-LSTM model structure

Source: This study.

and used as inputs to the next layer of Bi-LSTM network. Here, the input of
each layer of the Bi-LSTM network (Zaremba, Sutskever, & Vinyals, 2014) is
processed, using a random dropout of probability 0.1, followed by a scale operation
to adjust the value of the hidden state. The residual network is implemented by
directly adding the input of the each layer of Bi-LSTM to the output of this layer
of Bi-LSTM. After scaling the output of the last layer of the Bi-LSTM network,
it is sent to a linear classifier that maps into each punctuation. After a softmax
operation, the probability of occurrence of each punctuation can be obtained. The
above model is implemented on fairseq, which is based on the Pytorch framework.
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The CNN model used in this paper is the English-Germany translation
example (fconv_wmt en de) that comes with fairseq.

2.1 Train Set

The train set used for punctuation model training comes from Chinese
Buddhist Electronic Text Association (CBETA) and Quantangwen (i.e., 4
Complete Collection of the Prose Works from Tang and Five Dynasties)
obtained through the network, as well as the text content of the Foguangzang
obtained through software. The training dataset has a total of about 54 million
characters and 11.9 million punctuations.

2.2 Model Evaluation

The test set is consisted of Buddhist texts selected from different periods
in the Southern and Northern Dynasties, Sui Dynasty, Tang Dynasty, Song
Dynasty, Liao Dynasty and Ming Dynasty. Each text has about 600—1000
Chinese characters. The test datasets were manually intervened to allow for a
variety of reasonable results. LSTM and CNN models were used for training
and testing. Table 1 is the comparison of the correct rate of punctuation between
the two models.

The test results show that the accuracy rate of the LSTM model is between
65.7% and 94.3%, and the accuracy rate of CNN is between 43.3% and 69.1%.
The LSTM model is superior to the CNN model overall, but the trends are
basically the same. The highest accuracy rate was in the Tang Dynasty, followed
by the Sui Dynasty, and the Ming Dynasty had the lowest accuracy rate. The
difference in the correct rate of punctuation in different dynasty literatures

Table 1. Comparison of the correct rate of punctuation between the two models

effective number correct rate for correct rate for
Dynasty number of words of punctuation LSTM (%) CNN (%)
North and South 1,019 190.5 74.0 57.2
Sui Dynasty 689 103.0 90.3 53.4
Tang Dynasty 1,020 194.0 94.3 69.1
Song Dynasty 1,020 180.5 75.3 51.8
Liao Dynasty 694 127.0 75.2 43.3
Ming Dynasty 1,014 169.0 65.7 46.7

Source: This study.
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should come from the imbalance of the distribution of data in the train set
and the inconsistency of quality. The adaptability of models with different
architectures for punctuation training and optimization strategies for model
parameters are for further study.

3. Conclusions

Given the characteristics of modern punctuation, automatic punctuation
research can be transformed into two typical problems of N vs. N and N vs. M
in natural language processing. The dataset built through standardized processes
laid the foundation for model training and testing. The test results show that
the automatic punctuation model achieved a maximum of 94.3% punctuation
accuracy. In order to adapt to various historical periods and various ancient
scriptures, the structural adjustment and quality improvement of the training set
is necessary to improve the performance of the punctuation model. Extending
the data size of the test set helps improve the accuracy and stability of automatic
punctuation.
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