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Abstract

It is challenging to understand Literary Sinitic text from the Joseon dynasty,
since there is a lack of explicit word separators, which creates signifi-
cant semantic ambiguity. To address this, both sentence segmentation and
named entity recognition (NER) are essential. We propose a Transformer-
based analyzer that performs these two tasks simultaneously. Trained on a
labeled corpus from the Seungjeongwon Ilgi, our model effectively segments
sentences and identifies named entities, thereby significantly improving the
understanding of sentence structure and overall context.
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1 Introduction

Literary Sinitic called Hanmun % in Korean is a common written language
used in Korea, China, Japan, Vietnam, and other countries that are part of
the Han-character cultural sphere during the medieval period. Literary Sinitic
is used as the standard written language in these countries at the time, and
it was used to record all documents. In Korea, it was used from around the
3rd or 4th century AD until the early 20th century, not only for historical
records, but also in literature, philosophy, and all kind of documents. It is
often referred to as Old Chinese, and it has various linguistic character-
istics different from modern Chinese. In order to analyze Literary Sinitic
sentence, which has a different linguistic structure and grammatical charac-
teristics from modern Chinese, different types of language analysis tools are
required.

Currently, main morphological analyzers developed in China include Wu
Yu Dian developed by the Digital Humanities Research Institute of Peking
University, Gu Lian Shuzi’s Automatic Punctuation by Zhonghua Shuguo,
Gushiwen Duanju by Beijing Normal University, and Zhino Biaodian by
Rushi Guji. These analyzers are known to use modern language analy-
sis algorithms such as BERT, Bi-LSTM, and CRF [3, 6]. However, even
though the same Literary Sinitic sentences are used across different countries,
differences in linguistic habits create certain limitations for applying mor-
phological analyzers developed in China to the analysis of specific Korean
classical texts. Particularly, the Korean documents include numerous proper
nouns, like personal names, place names, and official titles. To analyze such
texts, a suitable analyzer is required. Furthermore, the writing and printing
methods for Literary Sinitic sentences differ greatly from Western styles,
as the basic writing method of Literary Sinitic sentences involves a string
of characters without punctuation, delimiters or other marks. Therefore, to
understand Literary Sinitic sentences effectively, the reader must possess
the ability to segment text and have knowledge of its specific grammar.
To properly interpret a Chinese sentence, sentence segmentation and named
entity recognition (NER) are essential for reducing ambiguity in meaning.

NER plays an important role in the knoweldge extraction and utilization
of Literary Sinitic [11]. Compared with NER in modern Chinese, NER in
Literary Sinitic texts from the Joseon dynasty is more challenging due to
semantic ambiguity. The hurdles of Literary Sinitic NER originate from
linguistic characteristics like the lack of word separators in Chinese, since
Literary Sinitic has its own unique characteristics. It may require significantly
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diverse language processing due to differences in grammar and vocabulary
compared to modern Chinese. To address this issue, sentence segmentation
is necessary, as most Literary Sinitic texts were originally written without
punctuation.

In this paper, we build a Transformer based analyzer which performs
sentence segmentation and NER in Literary Sinitic texts from the Joseon
Dynasty. Our model consists of a transformer encoder, delimeter classi-
fier for sentence segmentation, and NER classifier. That is, the model for
sentence segmentation includes the transformer encoder and the delimeter
classifier, and the model for NER includes the transformer encoder and the
NER classifier, where the transformer encoder is shared by the two tasks.
We train the model with Seungjeongwon Ilgi CRBEEH L) as labeled input.
In the experiment, our model effectively segments sentences and identifies
named entities, thereby significantly improving the understanding of sentence
structure and overall context.

2 Background
2.1 Seungjeongwon llgi

The Daily Records of the Royal Secretariat 7 B¢ H 5L (Seungjeongwon I1gi)
is a diary that recorded royal commands, administrative affairs, ceremonial
matters, and other activities handled by the Royal Secretariat (X Ef¢) during
the Joseon dynasty. Records have been preserved from 1623, the first year of
King Injo, to July 1894, the 31st year of King Gojong.

The data digitalizaiton began in 2001 and was out in 2015. It included the
application of modern punctuation, markup Entity such as names, places, and
titles, and the addition of article titles for volumes 1-34. For volumes 35-141,
only modern punctuation and markup for keywords terms were added. The
Seungjeongwon llgi is one of the most influential texts in the Joseon dynasty.

2.2 Morphological analysis in Literary Sinitic text

Nanjing Normal University morphological analyzer provides MA for each
word in a given sentence, which is based on Bidirectional LSTM-CRF [6].
This network can efficiently use past input features via the LSTM layer and
sentence level tag information via the CRF layer. It is used for sequence tag-
ging including part-of-speech (POS) tagging, chunking, and NER. However,
Literary Sinitic employs complex and distinctive grammatical structures,
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including syntax, word order, and rhetoric, among other aspects, which
differ significantly from modern Chinese. Machine-based punctuation and
NER analyzers developed in China exhibit performance variations due to the
inclusion of Korean-specific reign titles, place names, personal names, and
official titles.

We construct a corpus which is used to annotate a text as an input
of a model building. To build the corpus, we use Seungjeongwon Ilgi as
the sample Chinese texts. Consider the constraints of Processing Literary
Sinitic: the writing and printing method for Literary Sinitic sentences differs
greatly from Western styles. The basic writing method of Literary Sinitic
sentences involves a string of characters without punctuation, delimiters
or other marks. Thus, given a sentence, sentence segmentation and NER
recognition processes are necessary.

3 Proposed Methods

In order to analyze Literary Sinitic sentences, which have different linguistic
structures and grammatical characteristics from modern Chinese, different
types of language analysis tools are required. In this section, we describe
the sentence segmentation and NER tasks in Literary Sinitic sentences, then
propose Transformer-based models for the two tasks.

3.1 Sentence Segmentation

Sentence segmentation (SS) is a natural language processing task that predicts
the positions of delimiters to separate a long string into individual sentences.
The SS task predicts the positions of delimiters, ‘,; or ‘5, given the Hanmun
string without delimiters. Previous SS algorithms include rule-based and
learning-based methods, and learning based methods include deep learning
approaches like LSTM and BERT (or Transformer) [4, 14].

In this work, we conduct the SS task on the Seungjengwon Ilgi dataset.
Specifically, we trained a Transformer-based text encoder and classifier that
predicts the position of delimiters. By doing this, we expect this work can
contribute to the automated SS process which has been done by human
experts. Beyond this, we expect the automatically segmented string of sen-
tences can enhance subsequent natural language processing tasks, such as
named entity recognition.
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3.2 Named Entity Recognition

Named entity recognition (NER) is an NLP component that identifies defined
categories of objects in a body of text. These features can include part-of-
speech tagging (POS tagging), word embeddings and contextual information,
among others [2,5,12]. Through NER, we can accurately identify and extract
specific categories of information, such as personal names, location names,
and organization names, which plays a crucial role in the extraction and
utilization of knowledge of Literary Sinitic books. Chinese NER is a very
challenging task due to the lack of word separators in Chinese. Compared
with NER in modern Chinese, NER in Literary Sinitic is more difficult. One
of the reasons is the concise nature of Literary Sinitic texts, often charac-
terized by single character and short sentences, which frequently results in
semantic ambiguity.

Many researches on NER in Literary Sinitic have progressively shifted
towards leveraging deep neural network models. SikuBERT is a pre-trained
language model proposed to enhance the representation of Literary Sinitic
texts using ancient text corpora [10], to integrate both named entity recogni-
tion and sentence segmentation tasks [4].

3.3 Transformer-based Seungjengwon ligi Analyzer

In this section, we describe the details of our proposed Transformer-based
analyzer model that aims to conduct the SS and NER tasks on the Seung-
jengwon Ilgi data, which contains delimiters and named entities annotated by
human experts. We consider this annotated outcome as ground-truth predic-
tion result. To obtain a training dataset for SS and NER tasks, we performed
the preprocessing procedure in the reverse direction of the (human-based)
annotation process. Specifically, we eliminated named entities (e.g., ‘per-
son_name’) and delimiters (e.g., *, and ‘;’) from the annotated result to obtain
the original text. Then, we labeled the positions where delimiters were located
and characters that were annotated as named entity before the elimination.
Finally, we provided the original text as input to the model, and the labeled
positions and characters as targets, as presented in Figure 1.

Our proposed model consists of one main encoder and two subsequent
classifiers for SS and NER tasks, respectively. The main encoder follows the
architecture of Transformer [9], which is the fundamental building block of
modern large language models, including BERT [3] and GPT [1] (with causal
masking). The subsequent classifiers are designed as a multi-layer perceptron
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Figure 1 The proposed Transformer-based analyzer: The input letters and targets are pre-
processed results of the example in Section 2.2. White target tokens mean ‘None’ class, while
other colorful target tokens mean specific classes other than ‘None’. For example, ‘p’ target
token on top of named entity classifier means ‘person_name’ class.

(MLP) with the same hidden dimension of the main encoder and the num-
ber of classes for the output. Our main encoder is basically similar to the
backbone network of SikuBERT, so it looks natural to fine-tune SikuBERT
for our main tasks. However, a vocabulary mismatch issue poses challenges
for directly fine-tuning SikuBERT. We found that SikuBERT was pre-trained
using subword tokenization techniques [7,8], whereas our proposed approach
needs character-level tokenization for the model’s fine-grained SS and NER
predictability at the character-level.

Unlike to the conventional work, such as SikuBERT, we share the encoder
model for both SS and NER tasks and train whole model with a multi-
task learning fashion. Therefore, our model is efficient in the number of
parameters and can be regularized by both tasks’ objectives. In addition,
as we conjectured, the result of SS could be helpful for the NER task (or
vice versa). Therefore, we additionally propose to input SS result to the NER
classifier. We provide ground-truth and predicted sequence of delimiters for
training and testing, respectively. Note that this additional proposal could
be applied in the opposite direction, that is, inputting named entities to the
delimiter classifier. There is a class imbalance problem as shown in Table 1,
and to mitigate the problem during training, we differently set weights for
each class in loss computation. Specifically, we set 0.2 for ‘None’ class and
1.0 for other classes following the ratio.
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Table 1 Resulting statistics of preprocessed Seungjengwon Ilgi dataset. ‘Ratio of Delim-
iters’ are percentages of 3 classes [None /’,’ /’5’]. ‘Ratio of Named Entities’ are percentages
of 6 classes [None/person_name/location_name/additional explanation/signature/working_sta
tus]

# of Tokens/Strings [ # of Vocab. ‘ Ratios of Delimiters (%) ‘ Ratios of Named Entities (%)

272M [ 3M [ 13,789 ‘ 79.2/15.0/5.8 ‘ 78.9/19.2/1.3/0.3/0.2/0.1

4 Results
4.1 Datasets

In this section, we describe details of preprocessing for the Seungjengwon Ilgi
dataset. Mainly, we processed to eliminate the delimiters and named entities
from the completely annotated string. During this elimination process, we
labeled the position and characters to indicate the ground-truth prediction
results as we explained in Section 3.3. After this process, we tokenized
the strings in character-level. In result, the total number of preprocessed
tokens/strings, the number of unique vocabularies, types of classes, and ratios
of classes are entirely summarized in Table 1. We split the preprocessed
strings into training/validation/testing sets with ratios of 98%/1%/1%, which
are 2.98M/10K/10K strings, respectively.

4.2 Model Training

As we explained in Section 3.3, we used Transformer-based encoder, espe-
cially with PreLLN architecture [13]. The total number of parameters is around
27M. We had our models trained on the preprocessed Seungjengwon Ilgi
training dataset. At every 1K iteration, we evaluated model on the validation
dataset and saved the checkpoint if it achieves its best performance. We early-
stopped training if the model did not renew its previous best performance 30
times. We used GTX1080Ti GPU for whole experiments, and they took 134
hours on average.

4.3 Evaluations

Table 2 demonstrates the experiment results of our proposed models. We ran
three experiments with the original Seungjengwon Ilgi analyzer model, as
described in Section 3.3. We also tried two variants: feeding delimiters to the
named entity classifier, ‘S2N’, and feeding entities to the delimiter classifier,
‘N2S’. We evaluated all our models on the testset with respect to precision
(Prec.), recall (Rec.), F1 score, and accuracy (Acc.).
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Table 2 Results of Seungjengwon Ilgi analyzer models. ‘Original’ model means our pro-
posed model introduced in Section 3.3. ‘+S2N’ is the model inputting delimiters (output of
SS) to named entity classifier, and ‘“+N2S’ with the opposite direction

Model Sentence Segmentation Named Entity Recognition
Prec. | Rec. | FI [ Acc. Prec. | Rec. | FI [ Acc.
Original 0.9287 | 0.9372 | 0.9322 | 0.9729 | 0.9670 | 0.9717 | 0.9689 | 0.9947

Original+S2N | 0.9309 | 0.9400 | 0.9347 | 0.9749 | 0.9735 | 0.9767 | 0.9747 | 0.9958
Original+N2S | 0.9304 | 0.9421 | 0.9355 | 0.9751 | 0.9702 | 0.9743 | 0.9719 | 0.9953

Table 3 Two prediction examples of our proposed model

Example 1 - SS (F1: 1.0, Acc.: 1.0) / NER (F1: 1.0, Acc.: 1.0)

Tnput m%E%Eﬁ&%ﬁﬁ@%Eéﬁﬁ&@%ﬁﬁ%#@ﬂ%ﬁﬁ%é
[ EIE S 25 8 SR — BRI B o 8 4 8 i 4 i

SS Pred. ALK E%KE%%&(OE%E%E%‘é?ﬁiéoEEWEE&%—?EEWE«EQ$$O
FRIE S 2R B EE — AR B =M F MR B R Ak

SS GT K Eﬁﬁﬁﬁotﬁﬁ%otﬁﬁéﬁﬁoi@l% Eﬁ%&—?tauﬁx‘asﬁ$ o
[l S 2 o i E B R — AR R B S R 8 R A ko
HR T <p>BlEE L </p>o /e IR T <p>HE </p>o 17K T <p>Z{ T35 </p>o /L Hil

NER Pred. 7¥< ‘é<p>ﬁfiﬁi—</p>o7§EIJ7¥<E<p>ﬁ$§</p>olﬂ5ll7§<'§§p>$%@</p>o
EHE<p>FERE</p>—BREBEE<p>HI</p>. FHtEEH
<p>&HBREIR</p>o
KT <p> BB </p>o /K T <p>HE </p>o FK T <p>F 1T </p>o A Hll

NER GT %E<p>ﬁﬁ£ﬂl—</p>otéﬂ7¥<‘§<p>$ﬁ$ n‘</p>olfleﬁall7%<‘§§p>$%@</p>o
FEE<p>FHEE</p>—BREBEE<p>HI</p>. fitdfrE
<p>LERLIR</p>o

Example 2 - SS (F1: 0.8151, Acc.: 0.8095) / NER (F1: 1.0, Acc.: 1.0)

Input G TR S U B — TN — I H R e

SS Pred. PG, S2 BB 5%, — L, INF—Z, H I, &

SS GT A G TR S B BL SR, — I —Fllo H IR o

NER Pred. | <I>BATCE, (2B <N>H15%, — %, INF)—ZI, A L, &5,

NER GT <I>BAICIES B <> 855, — RN — o H HIRRR o

We found that our original model achieves quite high performances on
both SS and NER tasks, such as 0.9322/0.9729 Fl1/accuracy performances
on SS and 0.9689/0.9947 on NER, respectively. Interestingly, when we
additionally input one classifier’s outcome to the other classifier, we found
that it helped to improve performance further. For example, ‘S2N’ model
achieved the best NER performances and ‘N2S’ model achieved the best SS
performances. We believe that natural language analysis methods for Literary
Sinitic text can enhance by each other as we expected.

Table 3 presents two examples of model predictions. We demonstrated the
predictions of ‘Original+S2N’ model. The second example’s SS prediction
contains multiple incorrect delimiters. We found that our model tends to
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insert more delimiters than the ground-truth. Furthermore, due to the class
imbalance problem, we found that our model has tendency that outputs ¢,
more than ‘,’. However, even though our model contains errors somehow,
it successfully conducts the SS and NER tasks as demonstrated in the first
example.

To evaluate the performance of sentence segmentation in the perspective
of morphological analysis, we measured the morphological analysis pro-
cessing failure rate with and without sentence segmentation. With sentence
segmentation, the morphological analysis processing failure rate is 4.61%
of the whole dataset, while the failure rate is 94.95% without sentence
segmentation.

5 Conclusions

Our work primarily focuses on analyzing the Literary Sinitic texts. It is a
minority field due to the lack of annotated data and relatively few application
scenarios. In this paper, we proposed a transformer model for sentence
segmentation and named entity recognition in the Literary Sinitic dataset,
Seungjengwon Ilgi. In the performance evaluation, the proposed model
achieved high accuracy in the sentence segmentation task, which reduced the
ambiguity of Literary Sinitic sentence. Also, we showed that the proposed
model achieved high accuracy in the NER task, which can be used to identify
categories of information that can improve the understanding of Literary
Sinitic text.
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