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Abstract

Ancient people translated classical Chinese into
Japanese using a system of annotations placed
around characters. We abstract this process as
sequence tagging tasks and fit them into mod-
ern language technologies. The research on this
annotation and translation system faces a low-
resource problem. We alleviate this problem by
introducing an LLM-based annotation pipeline
and constructing a new dataset from digitized
open-source translation data. We show that in
the low-resource setting, introducing auxiliary
Chinese NLP tasks enhances the training of se-
quence tagging tasks. We also evaluate the per-
formance of Large Language Models (LLMs)
on this task. While they achieve high scores on
direct machine translation, our method could
serve as a supplement to LLMs to improve the
quality of character’s annotation. '

1 Introduction

Classical Chinese (5 century B.C.E. to 19" cen-
tury A.D.) has a long history in Japan. Although
the exact timing of classical Chinese’s introduction
to Japan remains unclear, the presence of classi-
cal Chinese in Japan dates back to at least the 8
century A.D. The two oldest classical Japanese
books, Kojiki and Nihon Shoki, are written entirely
in classical Chinese. In Japan, classical Chinese
is referred to as Kanbun. During the adoption of
Kanbun, Japanese people developed an annotation
and reading system, called Kundoku, by which they
translated classical Chinese into Japanese. Today,
this annotation system continues to play a role in
education and humanities research. Understand-
ing this annotation system helps us to build educa-
tional software to assist Japanese education. It can
also benefit the digital humanities research of East
Asian history and literature.

'Our code and data are available at https://github.
com/shiryusann/KanbunKundoku.
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Figure 1: Classical Chinese sentence with marks and its
Japanese translation. Green punctuations are Kutoten
to segment sentences. Blue symbols are Kaeriten indi-
cating the reading order. Red characters are Okurigana
for grammatical and inflectional roles.

In the Kundoku translation system, annotations
are placed around each Chinese character using
three types of marks: Kutoten, Kaeriten, and
Okurigana, as illustrated in Figure 1. These marks
respectively indicate sentence punctuation, read-
ing order, and grammatical/inflectional informa-
tion, guiding readers to convert Classical Chinese
text into coherent Japanese sentences.

After annotation, people reconstruct Chinese
characters with their marks. Chinese characters
are first reordered according to the Kaeriten marks.
Then, Okurigana marks are appended to the spe-
cific Chinese characters. Through this procedure, a
Japanese translation of the given classical Chinese
sentence is derived.

In the era of machine learning and Large Lan-
guage Models (LLMs), researchers are increasingly
applying modern language technologies to auto-
mate the annotation (Yasuoka, 2020) and transla-
tion (Wang et al., 2023b) of Kanbun. However,
there are two main challenges in developing au-
tomatic annotation and translation models for the
Kundoku system: (1) the lack of parallel corpus
annotated with Kundoku marks, and (2) the un-
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derexplored impact of classical Chinese linguistic
knowledge on language modeling.

In this paper, we present a brief and systematic
study of the Kundoku annotation and translation
system, focusing on addressing these two chal-
lenges. We focus exclusively on Kaeriten and
Okurigana, since Kutoten (punctuations) are typ-
ically already provided in most classical Chinese
books. Our contributions are as follows:

* We theoretically analyze the expressiveness
of Kaeriten marks and design an automaton
with transducer that decodes characters with
marks into Japanese sentences. This validates
our hypothesis that reducing classical Chi-
nese—Japanese translation to Kundoku marks
tagging tasks is both theoretically sound and
practically feasible.

¢ To alleviate the challenge of the low-resource,
we construct a new dataset from online digi-
tized classical Chinese texts and their corre-
sponding Japanese translations. We propose
a LLM-based mark generation method, utiliz-
ing the automaton for validation to generate
Kundoku marks.

* To incorporate necessary classical Chinese
knowledge, we fine-tune classical Chinese
Language models on our new dataset using
multi-task supervision with a set of auxiliary
Chinese NLP tasks. Ablation studies on these
auxiliary tasks provide an understanding of
the role of classical Chinese knowledge in this
task. Our optimal model outperforms previous
baseline across many evaluation metrics, and
even performs as comparable to some LLMs.

* We also conduct a comprehensive evaluation
of several large language models (LLMs) on
this task using both zero-shot and few-shot
prompting, shedding light on future opportu-
nities and challenges in applying LLM to this
Kundoku annotation and translation system.

2 Related Works

The task of translating classical Chinese into
Japanese via language technologies was first pro-
posed by Yasuoka (2018). They designed a rule-
based method leveraging Universal Dependencies
(UD) parsing for classical Chinese, which gener-
ates Kaeriten marks based on part of speech (POS)
tags and the direction and label of dependency arcs.

Additionally, they defined specific rules to adjust
the position of generated Kaeriten marks accord-
ing to their context. Yasuoka (2020) subsequently
introduced a dictionary used to add Okurigana
marks to Chinese characters. These two compo-
nents together constitute a complete annotation sys-
tem as described in the previous section.

Wang et al. (2023b) built a pipeline to directly
translate classical Chinese poems into Japanese us-
ing pretrained Language Models (PLMs). They de-
composed the translation task into two stages: char-
acter ordering followed by text generation. In their
pipeline, Chinese characters are first processed by
BERT/RoBERTa models to determine their order
within the target Japanese sentence. Then, the re-
ordered characters are fed into mTS/mGPT models
to generate the final translation. In addition to
this pipeline, they released their dataset, compris-
ing approximately 3,400 sentence pairs consisting
of classical Chinese poems and the corresponding
Japanese translations. However, it lacks annota-
tions for Kaeriten and Okurigana marks.

Beyond research involving pretrained language
models, other studies have explored the Kundoku
annotation system from the perspective of combina-
torics and algorithms. Shimano (2009) investigated
the expressiveness of Kaeriten marks. They pro-
posed a tree-structure model and a matrix model
to depict the reading process of Chinese characters.
They further proposed a recursive formula that com-
putes the number of character permutations that can
be described by Kaeriten. In subsequent work, Shi-
mano (2012) solved this recursive formula and de-
rived the corresponding generating function. They
summarized their models and demonstrated that
the Kundoku process is equivalent to a context-free
language (CFL) with the Chomsky hierarchy (Shi-
mano, 2018).

In the domain of low-resource Japanese trans-
lation research, Mao et al. (2020) incorporated
Japanese syntactic knowledge into language mod-
els by introducing a word reordering training ob-
jective. Mao et al. (2022) extended this strategy to
more language pairs and achieved improvements
in machine translation.

The translation of classical Chinese has also re-
ceived attention in recent years. Existing research
discusses different aspects of this field, including
dataset construction (Wong et al., 2024; Liu et al.,
2025), evaluation (Zhou et al., 2023; Bennett et al.,
2025; Chen et al., 2025), knowledge retrieval (Wei
et al., 2025), time-aware translation (Chang et al.,
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Figure 2: Examples of Kaeriten. Sentences on the left
are characters with marks. Sentences on the right are
characters in the correct order. Black arrows represent
characters being read after the target character. Stack
operations are listed under each example.

2021), and shared task (Wang et al., 2023a).

3 The Expressiveness of the Kundoku
Mark System

As introduced in the previous section, Kaeriten
marks dictate the reading order of Chinese charac-
ters in Japanese translation. Since classical Chinese
and Japanese have the syntactic divergence, it is
crucial to investigate how many permutations of
Chinese characters can be expressed by Kaeriten
marks. Shimano (2012) approached this question
from the perspective of combinatorics. In this sec-
tion, we abstract the reading process into stack
operations and address the same problem from a
computational perspective. Based on this abstrac-
tion, we implement a pushdown automaton (PDA)
that decodes Chinese characters with annotations.

3.1 Reading via a Stack Data Structure

Consider a sequence of Chinese characters anno-
tated with Kaeriten. For those characters with-
out annotations, their relative position remains un-
changed in the final reordered sequence. Therefore,
they require no stack operations. For characters
with Kaeriten marks, their positions are altered.
Based on the functions, Kaeriten marks can be
categorized into three types, as shown below:

L mark. This mark indicates that the character
should appear immediately after its successor in the
reordered sequence. As shown in the top example
of Figure 2, character B bears a L mark and is fol-

lowed by character C. Thus, in the target sequence,
B appears immediately after C. In terms of stack
operations, we push a character onto the stack, if it
holds a L mark. This character should be popped
from the stack, when its following character ap-
pears at the end of currently decoded sequence.

— " like mark. This category encompasses ordi-
nal marks such as ——., EF, and 1 .. This type
of marks explicitly dictate the reading order. In the
middle example of Figure 2, character A appears
immediately after character E, while character B
tightly succeeds character D. In stack operations,
we push a character annotated with —., '~ or Z
onto the stack, when we encounter it. The character
is popped from the stack, when its corresponding
character with —, = or H has been read and ap-
pended to the end of currently decoded sequence.
It is worth noting that this type of mark enforces
a hierarchy structure. Characters with _F. '~ must
be nested within characters with ——., as shown in
Figure 2. This hierarchy ensures the Last-in First-
out (LIFO) principle of stack is preserved during
the annotation process.

— mark. This mark functions as a hyphen in
English. It serves to connect characters into a single
unit. Consequently, other Kaeriten marks operate
on this unit as a whole instead of an individual
character. As shown in the bottom example of
Figure 2, characters A and B are moved, pushed,
and popped as a single unit.

Except for — mark, the other Kaeriten marks
operate at the individual character level and are di-
rectly related to stack operations. Thus, the number
of character sequences that can be expressed by the
Kaeriten mark system is theoretically equivalent
to the number of sequences that can be sorted by a
stack. Knuth (1997) discussed the enumeration of
such stack sortable permutations. For a sequence of
n characters (yielding n! permutations), by Knuth’s
theorem, the number of sequences that can be ex-
pressed by L mark and — . like mark is

_ (2n 2ny _ 1 (2n
On = (n) - (n—l) - n+1(n)

When we incorporate — mark, the analysis be-
comes more complicated, since each element in the
stack can represent a sequence of characters. Atkin-
son and Stitt (2002) referred to this data structure

as a stack of queues. They derived the generating
function of this data structure, which is

1-3z+22—v1—6x+722—223 424
2z
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Kruchinin and Kruchinin (2013) provided the
methodology for deriving the closed-form formula
from this generating function. By their theory, the
number of sequences among n! permutations of n
characters that can be expressed by Kaeriten is

= Stk S ) (S () O)

This formula represents the theoretical upper bound
of the expressiveness of the Kaeriten mark sys-
tem.’

#Chars #Perms #Perms by Kaeriten Pct

1 1 1 100
2 2 2 100
3 6 6 100
4 24 20 83.33
5 120 70 58.33
6 720 254 35.28
7 5040 948 18.81
8 40320 3618 9.97

Table 1: Considering n Chinese characters, the number
and percentage of permutations of characters that can
be expressed by Kaeriten marks.

Table 1 describes the number of permutations
of n Chinese characters that can be expressed by
Kaeriten marks. As the sequence length grows,
the total number of permutations increases, while
the proportion of acceptable permutations dimin-
ishes. This phenomenon suggests that natural lan-
guage syntax imposes strong structural constraints,
in spite of large-scale potential character permuta-
tions. When people do translation, the constraint by
Kaeriten marks reduces the reasoning space. The
impact of the constraint becomes more pronounced
as sentence length increases.

3.2 Automaton and Transducer

Since the reading of v mark and — . like mark
can be described as stack operations, we define
a Pushdown Automaton (PDA) and transduction
operations to read a list of Chinese characters and
output them in the target Japanese order. — mark
can be easily incorporated into this PDA by re-
garding characters connected by it as single units
in the input alphabet. This PDA reads character-
mark pairs and only accepts sentences with valid
annotation.

For more information about the generating function and
the formula, see https://oeis.org/A078482.

PDA for Kaeriten reading
L = {valid (em)" |n>1,ce C,m € M}
where C' = {Chinese characters}
and M = {E, L",0; ;,—}3

* States: Q = {qo,q1,92, 43,94}
* Input Alphabet: > =C U M

* Stack Alphabet: I' = > U {Z,}
« Initial State: ¢

* Accepting States: ' = {q4}

* Initial Stack Symbol: 7,

Transition Function (§) and Transduction:

) 6(q0,¢,0) ={(qo,co)}, o #O0i1 — ¢

2)  6(qo,¢,0i1) = {(g3,0i1)} — €

3)  d(qo, Vs o) = {(qo, '/U)} — €

4)  (qo, E,co) ={(q1,0)} — ¢

5)  0(qo,0ij,0) = — €
{(20,0 )} j>1

6) (g0, 0in1,0) = — €
{(qo0, 110) (42, 0i,10)}

7y (g€ Veo) ={(q1,0)} —

8)  d(q1,€ Zo) = {(qo0, Z0)} — €

9) o, €6, V0ix) ={(g2,0ip)} — €

10) (g1, € 0i5) = {(q0, i 5) } — €

11) d(q2,€ 0;,;¢0; j41) = - ¢
{(g2,0 ,J+1)}

12)  6(q2,€, O;,jcOmpn) = = c
{(90, Omn)}, i #m

13)  0(q2, € O; 5cZy) = {(q0, Z0)} - c

14)  d(q2,€, O jcl) = {(q1, L)} — ¢

15)  d(qo, €, Zo) = {(qa, Zo)} — €

note: ¢ represents any element in I'

The PDA defined above serves as a mechanism
to check the validity of Kaeriten annotations. The
derived transducer facilitates the reordering of Chi-
nese characters. By appending Okurigana marks
to each reordered character, we obtain the final
Japanese translation of the given classical Chinese
sentence.

3F represents the case that there is no Kaeriten mark
following the character. O;, ; represents — —. like mark with
hierarchy number % and ordinal number j. For instance, — is

in the first layer of the hierarchy, and it is the first in its group.
It is represented as O1,1. Similarly, —. is represented as O1 2.
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For a better understanding of Kaeriten marks
and the execution of the PDA, we provide an illus-
trative example in Appendix C.

4 Dataset Construction

The research on Kundoku translation system faces
a low-resource challenge. There is only one open
source dataset created by Wang et al. (2023b). This
dataset contains approximately 3,400 sentences,
restricted to the genre of classical Chinese poems
from the 7" century A.D. to the 10" century A.D.
Their dataset also lacks annotations. This dataset
is insufficient for research on the Kundoku system.
This section introduces how we constructed a
new dataset from the largest online accessible web-
site* about classical Chinese and Japanese transla-
tions. The data within this website is organized as
pairs consisting of a punctuated classical Chinese
sentence and its corresponding Japanese transla-
tion. However, this dataset still lacks Okurigana
and Kaeriten annotations. Therefore, we propose
methods to automatically generate these marks.

4.1 Mark Generation

In the Kundoku system, Okurigana are Japanese
kanas appearing in conjunction with Chinese char-
acters. For most characters, we simply assign the
immediately following kanas as their Okurigana.
However, some Chinese characters are rendered as
kanas in Japanese translations. We need to restore
these to their original Chinese characters before
further processing. Since these characters typi-
cally function as interjections or conjunctions in
sentences, we identified their positions via part of
speech (POS) tagging and constructed a dictionary
to map the kanas back to Chinese characters. Since
currently available Japanese POS taggers are based
on Modern Japanese, to obtain reliable POS tags for
the classical Japanese sentences, we first utilized
the GiNZA POS tagger (Hiroshi and Masayuki,
2019) to generate raw POS tags. Then, we refined
the result using GPT-4o.

In our constructed dataset, we provided a more
fine-grained annotation scheme. We distinguished
kanas playing grammatical roles from Okurigana
and classified them as particle. Different from
Okurigana, particle is less related with specific
Chinese characters and serves to indicate case,
tense and so on. This distinction was also achieved
through POS tagging analysis. For kanas appear-

*https://kanbun.info/

ing within the boundary of Japanese words with tag
VERB, ADV, NOUN, ADJ, PRON and DET, we regarded
them as Okurigana.

To generate Kaeriten marks, we first aligned
each Chinese character in the original classical Chi-
nese sentence with its counterpart in the Japanese
translation to determine the reading order. There
exists two methods to generate Kaeriten marks:
building the inverse of the PDA described above,
or employing a rule-based approach based on char-
acters’ relative positions. As illustrated in Figure 2,
we assign L mark to consecutive characters if they
are reversed in the Japanese sentence. We assign —
. like mark to non-consecutive characters if they
appear together in the Japanese sentence with in-
verted order. We use — mark to connect characters
when they are reordered as a single unit. For the
sake of simplicity, we selected the latter method.

4.2 Dataset Statistics and Validation

We collected 9,292 sentences (95,066 characters)
of classical Chinese to form the dataset. The dataset
covers genres including history, philosophy, mili-
tary strategy and poetry, across different time peri-
ods. Regarding sentence length distribution, 6,099
sentences contain fewer than 10 characters; 2,667
range between 10 and 20; 388 range between 20
and 30; and 138 exceed 30 characters. Our dataset
exhibits a better genre coverage and a balanced
length distribution, making it highly valuable for
the research on the Kundoku system.

During the generation of Kaeriten marks, we
deployed the PDA to check the quality of annota-
tion. Almost all marks generated are accepted by
the PDA, except for a few sentences, which con-
tain errors in the original Japanese translations. We
manually corrected these sentences and reannotated
them. The high acceptance rate demonstrates the
validity of our Kaeriten marks generation method.
This result also underscores the nature of the histor-
ical annotation system and the syntactic alignment
between classical Chinese and Japanese.

For generated Okurigana and particle marks,
we also manually checked their quality and cor-
rected mistakes. In our dataset, there are 42,473
characters with Okurigana or particle marks.
Among them, we corrected 11,834 characters. The
acceptance rate of LLM’s annotation is 72.14%.
For Okurigana and particle generation, LLM-
based approach is feasible, but still needs human
intervention.
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(Okurligana) ( panlicle ) ( Kaelriten )

_ [ Auxiliary L
Task 2

Auxiliary
Task 1

( BERT/RoBERTa model )

Chinese character

Figure 3: An example of our multitask learning model’s
structure. Solid lines represent the flow of embeddings
and logits. Dashed lines represent the flow of loss.

S Modeling and Ablation Study

Since Kundoku marks are assigned to each indi-
vidual Chinese character, we formulate the anno-
tation process as sequence tagging tasks and in-
tegrate them with modern NLP paradigms. Af-
ter acquiring all marks, we employ the transducer
and construct Japanese translations. There exist
BERT/RoBERTa based language models pretrained
on classical Chinese, such as sikubert (Li et al.,
2022), bert-ancient-chinese (Wang and Ren, 2022)
and roberta-classical-chinese-base-char (Yasuoka
et al., 2022). These models with deep encoder
architecture and character level tokenization are
naturally suitable for the sequence labeling tasks.

Linguistic knowledge of Classical Chinese is
dispensable for human annotators. Consequently,
exploring the impact of injecting extra Chinese
knowledge is an interesting research topic.

In this section, we fine-tune several pretrained
language models on the dataset constructed above.
We adopt a multi-task learning strategy when an-
notating distinct types of Kundoku marks. Further-
more, we conduct an ablation study to quantify
the effect of introducing extra linguistic knowledge
via auxiliary learning tasks. We evaluate perfor-
mance of models with machine translation metrics,
sequence matching metrics and the PDA pass rate.

5.1 Model Architecture

We adopted a joint learning strategy to predict
all mark types simultaneously, and ensured that
different classifiers share the same low-level rep-
resentations so that they may benefit from each
other. For auxiliary Chinese NLP tasks, we con-

structed a multi-step learning architecture (Zhang
et al., 2023), analogous to the multi-task learning
framework by Hashimoto et al. (2017).

Figure 3 depicts the architecture of an example
model with two auxiliary tasks. The output em-
beddings from the BERT/RoBERTa model are first
passed to the classifier of Auxiliary Task 1 to com-
pute the logits. Then, we concatenate the original
output embeddings with these logits to form the
input for Auxiliary Task 2. Finally, we concatenate
the output embeddings with the logits from both
Auxiliary Task 1 and Auxiliary Task 2 to form the
final input for the three main classifiers. The total
model loss is calculated as the weighted sum of
the losses derived from all auxiliary tasks and main
tasks, as shown below.

Lmodel = wa(Laux task 1 + Laux task 2)+

Wm (LOkurigana + Lparticle + LKaeriten)

5.2 Main Tasks and Auxiliary Tasks

The primary labeling tasks consist of Okurigana,
particle and Kaeriten prediction. We adopted
marks appearing in our dataset as the label space of
these classifiers. In our experiments, Okurigana,
particle and Kaeriten have 434, 476 and 20 labels
respectively.

In addition to the three main tasks, we adopted
four classical Chinese sequence labeling tasks as
auxiliary tasks. They are listed below:

Word Segmentation Identifies word boundaries.
We use the simplest B-I tag system in experiments.

Part Of Speech Tagging Identifies grammatical
roles. We use the Universal Dependencies POS tag
system. In experiments, there are 14 labels.

Dependency Arc Labeling Indicates the relative
position of a word in the sentence’s dependency
tree. We utilize the tag system proposed by Gémez-
Rodriguez et al. (2023). There are 115 labels in our
dataset.

Dependency Type Labeling Mark the type of
dependency arc for each word. 44 labels are used
in experiments.

All auxiliary labels were generated based on the
parse results obtained via HanLP3(He and Choi,
2021), which offers classical Chinese dependency
parsing. We introduced a special continue label
across POS, dependency arc, and dependency type

Shttps://github.com/hankcs/HanLP
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tasks to designate characters that are not the ini-
tial of a word. When computing loss, we took
continue into consideration. Since in classical
Chinese, most characters work as a word indepen-
dently, including continue does not hinder train-
ing, and even forces models to learn to distinguish
word boundaries.

All auxiliary tasks are organized according to
the following hierarchy: word segmentation < POS
tagging < dependency arc labeling < dependency
type labeling. Regardless of the number of auxil-
iary tasks employed, this relative priority is always
maintained.

5.3 Evaluation Metrics

We employ the same metrics used by Wang et al.
(2023b) to ensure comparability of experimen-
tal results. These metrics are classified into ma-
chine translation metrics including BLEU (Pap-
ineni et al., 2002), RIBES (Isozaki et al., 2010),
ROUGE-L (Lin, 2004), BERTScore (Zhang et al.,
2020), and character reordering/matching metrics
including Kendall’s Tau (7) and Perfect Match
Ratio (PMR). All metrics are computed at the char-
acter level.

In addition to these metrics, we incorporate chrF
(character-level F-score) (Popovi¢, 2015), TER
(Translation Edit Rate) (Snover et al., 2006), and
the pass rate of PDA into the evaluation. The
former two metrics assess the quality of Japanese
translation, while the latter one evaluates language
models’ understanding of Kaeriten marks.

5.4 Experimental Setting and Result

The generated dataset was randomly shuffled and
split into training, validation, and test sets with
a ratio of 8:1:1. Experiments were conducted
on sikubert, bert-ancient-chinese, roberta-classical-
chinese-base-char and bert-base-japanese-char®.
For each pretrained language model, we trained
a classifier to predict Kundoku marks with 0, 1, 2,
3, 4 auxiliary classical Chinese NLP tasks incorpo-
rated. This resulted in a total of 16 different model
configurations for each base language model. To
ensure the main tasks remain the primary training
objective, we adjusted the loss weights. We as-
signed main/auxiliary task weights of 8:2, 7:3, and
6:4 for configurations with one, two, and three or
more auxiliary tasks, respectively. We adopted the

6https://huggingface.co/tohoku—nlp/
bert-base-japanese-char

early stopping strategy during training. For more
details about the training setting, see Appendix A.

Table 2 presents the evaluation result for roberta-
classical-chinese-base-char. Evaluation results for
other models are available in Appendix E. Over-
all, we observe that models based on pretrained
classical Chinese models significantly outperform
those models pretrained on Japanese. It empha-
sizes the significance of domain specific language
knowledge acquired from pretraining. By com-
paring performance of models with auxiliary tasks
configurations, we observe that Chinese NLP aux-
iliary tasks generally yield positive effects on the
main tasks. Models based on sikubert, roberta-
classical-chinese-base-char and bert-base-japanese-
char achieve their best performance across many
metrics with the inclusion of two auxiliary tasks.
However, integrating additional auxiliary tasks
leads to a decline in performance. We hypothesize
that with more tasks introduced, the learning of
main tasks is diluted. The model optimization be-
comes biased towards auxiliary tasks. Furthermore,
with more auxiliary tasks included, the architec-
ture of models gets deeper as well. This increased
depth may impede optimization and loss propaga-
tion. Finally, the training data of auxiliary tasks
was generated by dependency parsers. The parsers
may have hallucination and introduce noise into
the training data. This may lead to performance
degradation.

6 Model Comparison

In this section, we compare our proposed approach
against the translation pipeline proposed by Wang
et al. (2023b). Their models were evaluated on
their classical Chinese poem dataset. To ensure
the comparability, we applied identical data pro-
cessing procedures to their dataset and trained a
new model. Based on the ablation study results in
the previous section, we used word segmentation
and dependency type labeling as auxiliary tasks,
since this combination of tasks reached the best
machine translation performance. We trained this
new model on roberta-classical-chinese-base-char
and maintained the same experimental setting.
Table 3 presents the evaluation result of our
model alongside the best models built by Wang
et al. (2023b). Since they employed distinct mod-
els for characters reordering and machine trans-
lation, we report the best translation scores from
mT5-large and best character ordering scores from
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Tasks BLEU chrF BERTScore ROUGE-L RIBES Kendall’'sm TER PMR Pass Rate
Kundoku marks 64.76  59.76 94.57 85.75 59.01 19.87 97.00 94.39 94.09
+seg 62.70 57.10 94.27 84.89 56.31 20.83 97.19 94.50 94.62
+pos 65.41 58.81 94.56 85.48 56.56 19.93 96.88 94.63 95.38
+arc 64.99 59.69 94.51 85.52 57.96 19.93 97.27 94.84 92.37
+type 62.33 56.05 94.07 84.38 53.83 21.41 97.37 95.03 92.37
+seg+pos 6524 59.71 94.54 85.58 58.01 19.86 96.80 94.51 92.69
+seg+arc 60.44 55.40 93.96 84.05 54.22 21.69 96.84 94.60 94.07
+seg+type 66.07 61.25 94.72 86.26 60.20 18.79 96.95 94.31 93.33
+pos+arc 63.06 58.40 94.22 84.85 57.65 20.57 96.96 94.42 93.23
+pos+type 61.90 58.29 94.22 85.20 59.25 20.62 97.07 94.49 94.84
+arc+type 63.03 59.09 94.31 85.17 58.75 20.32 96.81 94.17 94.41
+seg+arc+type  60.66  56.34 94.07 84.39 56.08 21.41 96.73 94.12 94.19
+seg+pos+type  62.22  57.44 94.26 84.88 56.41 20.71 96.78 94.01 94.19
+seg+pos+arc 61.17 56.17 94.16 84.51 55.06 21.41 96.66 94.02 93.98
+pos+arc+type  62.03  57.00 94.14 84.53 55.65 21.03 96.71 94.34 93.01
+all 62.14 57.09 94.13 84.69 56.9 21.19 96.49 93.93 92.15

Table 2: Experimental result on roberta-classical-chinese-base-char.

roberta-classical-chinese-char.

Overall, our ap-

construction, we used the same base model and

proach achieves results comparable to the best mod-
els constructed by them. Notably, our model per-
forms better in character ordering and has higher
perfect matching ratio (PMR). Consequently, our
model achieves superior scores on the translation
metrics, such as RIBES, which is sensitive to char-
acter order. In contrast to the two-stage pipeline,
our approach has a smaller number of parameters
and also provides character level annotations.

7 How LLMs Perform on These Tasks

Modern large language models (LLMs) have
demonstrated their remarkable capabilities in un-
derstanding natural languages. It is crucial to
assess their performance on our annotation and
translation tasks to investigate their strengths and
weaknesses of understanding classical Chinese and
Japanese. Due to budget constraints, we randomly
selected 100 sentences from our test set. We eval-
uated several most up-to-date models, including
DeepSeek-V3.2, Gemini-3-pro-preview, Gemini-3-
flash-preview, and GPT-5.2 on these sentences. We
employed both zero-shot and few-shot prompting
strategies to investigate the impact of in-context
learning. First, we instructed LLMs to directly
generate Japanese translations of classical Chinese
sentences and evaluated the results with machine
translation metrics. Subsequently, we prompted
these LL.Ms to assign each Chinese character a
Kaeriten mark and input their responses to the
PDA. We evaluated their annotations on charac-
ter ordering metrics. To keep consistent on model

auxiliary tasks as used in the previous section.

Table 4 outlines the comparative evaluation re-
sults between the LLMs and our approach. All
LLMs achieve high scores in machine transla-
tion, with few-shot examples significantly enhanc-
ing their performance. Gemini models achieve
the highest scores on machine translation metrics,
while our approach is comparable to some LLMs,
such as GPT-5.2 and DeepSeek-V3.2. However, re-
garding annotation metrics and character ordering,
our approach outperforms all LLMs.

The high machine translation scores of LLMs
might come from their training data. Since we col-
lected and constructed our dataset from publicly
available online resources, these sentences might
be included in the training data of LLMs. Few-shot
examples likely provide a context that assists LLMs
in locating the correct translations. For Kaeriten
annotation, since there is not enough training data
available for LLMs, they have to rely on their rea-
soning abilities to understand Kaeriten marks and
character ordering rules. Our model’s translation is
derived directly from the annotation results. Due
to the limited label space, our model’s translation
output is not as flexible as LLMs. However, in our
model, the character ordering and Kaeriten anno-
tation benefit from the explicit supervision along
with auxiliary Chinese NLP tasks. Consequently,
our model achieves higher scores on character or-
dering metrics.

At the end of experiments, we applied our
Kaeriten annotation pipeline to Japanese transla-

6038



Models BLEU chrF BERTScore ROUGE-L RIBES TER Kendall’'st PMR Pass Rate
our approach  55.51 52.12 92.58 80.11 63.67 27.13 92.23 90.00 95.41
Wang et al. 51.40 - 93.40 74.70 58.30 - 94.40 78.30 -

Table 3: Evaluation result on the dataset created by Wang et al. (2023b). We trained a new model with POS tagging
and dependency type labeling as auxiliary tasks and roberta-classical-chinese-base-char as the base model on their

dataset.

Models BLEU chrF BERTScore ROUGE-L RIBES TER Kendall’'s PMR Pass Rate

our approach 62.50 57.93 94.38 84.96 5572 21.07 97.35 94.91 92.00
5 DeepSeek-V3.2 61.96 57.60 93.73 82.60 53.52  23.46 82.49 62.28 91.00
"7 Gemini-3-pro-preview 69.09 62.57 95.09 86.45 58.81 20.15 94.96 90.49 97.00
g Gemini-3-flash-preview  68.72  61.88 94.73 85.70 56.58 18.86 94.02 89.72 97.00
N GPT-5.2 59.70 53.38 93.41 80.13 4941 27.89 75.19 49.86 86.00
= DeepSeek-V3.2 64.23 5742 94.34 83.58 53.05 22.33 77.77 58.22 89.00
ﬁ Gemini-3-pro-preview 73.23 67.03 95.75 88.13 61.24 15.94 95.42 91.01 96.00
£ Gemini-3-flash-preview 7279  65.86 95.56 88.16 59.74 16.11 95.13 91.21 98.00
“ GPT-5.2 62.87 55.96 94.17 82.52 49.63 23.34 72.73 48.96 87.00

Table 4: Performance on Randomly selected 50 sentences in our test set. Machine translation metrics scores are
evaluated on generated Japanese sentences. Character ordering scores are evaluated on generated Kaeriten marks
after the processing of PDA. The middle part corresponds to the result of zero-shot experiments, while the lower

part shows the result of few-shot experiments.

tions directly generated by the few-shot Gemini-3-
pro-preview. We obtained new Kaeriten marks and
did the same evaluation process. In this setting, the
Kendall’s 7 score and the PMR score improved
to 96.18 and 93.72 respectively. This result in-
dicates that LLMs possess the implicit character
ordering knowledge from Chinese to Japanese, but
they sometimes do not explicitly express in the an-
notation. Our annotation method can serve as an
effective supplement to LL.Ms for correctly gener-
ating marks.

8 Conclusion

Japanese people translate classical Chinese into
Japanese via annotation. In this work, we formu-
late this annotation process within the modern NLP
paradigm as sequence tagging tasks. Kaeriten
plays a central role in the syntactic reconstruction
of Japanese sentence. We demonstrate that the an-
notation and reading of Kaeriten marks can be
abstracted as sorting a sequence with a stack. We
derive the theoretical upper bound of the expres-
siveness of Kaeriten and construct a pushdown
automaton to validate annotation quality and gen-
erate reordered characters. To alleviate the low-
resource problem, we construct a new dataset with
annotations from online open source data. During
the construction, we validate the effectiveness of
the PDA and highlight the tight syntactic relation
between classical Chinese and Japanese. Further-
more, we develop multi-task learning models and

observe the benefit of introducing auxiliary Chi-
nese NLP tasks. To achieve the best performance,
empirical results suggest that the number of auxil-
iary tasks should not be more than two. Finally, we
evaluate different LLMs on these tasks. Our eval-
uation of LLMs reveals that LLMs generate very
high-quality translations, but there is still room for
improvement in annotating Kaeriten marks.

Limitations

Despite introducing a substantial dataset, the size
of training data remains quite limited. We are still
facing a low-resource challenge. We anticipate that
by digitizing more books annotated by ancient peo-
ple, we could address the low-resource problem.

Our dataset is semi-automatically constructed
using LLMs. Since LLMs are not well trained on
classical languages, they introduce mistakes in the
generated annotation. We still need to make an
effort to correct generated marks. This process
needs well trained annotator and time-consuming.

Additionally, our current classification of Kun-
doku marks is based on linguistic intuition. This
classification is coarse and not optimized for prac-
tice. Having a fine-grained set of marks might
constrain the sampling space more effectively and
yield superior results.
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A Hyperparameters Zero-shot Prompt

The follow table describes hyperparameters we & 78 7= V% HARGE & oy g v [ 55 o B
used when finetuning pretrained language models. KTT, IROPEX % HARGE 0? HET
USUTRIERL T 23 W, BERT 5 &
HIZ, =D —DEF e AHRIZA <K
Hypermeter Value NI m
P o D HEBENT A X, 8D MEM <
optimizer AdamW WEDIZ GG empty string " & T
betal 00 CEEw, B EHORY AT
ePSIIOn 1e_8 o ,fﬁjz-ti“‘ H#utnl/u%n# Vuc:%
weight decey 0ol 57, WO AL R BT
learning rate Se-5 SR,
dropout 0.3 - et S
epoches s MOBX & FHATEEFUXLED &
~ ZHEVTLEZT W
early stopping epoch 1 ° .
Y TOPPRS P <classical Chinese sentence>, Z O 5 X
Table 5: Hyperparameters of finetuning pretrained lan- IZ I¥<the length of classical Chinese sen-
guage models tence>DRF L AJFERBH D 9, £
m%ma){%?t/jﬂ}h/n\ j‘j‘b‘tj&b N
ZIRELTIZI W,

B LLM Prompts

Few-shot Prompt

We use the following prompt to make LLMs revise
the POS tags generated by GiNZA: & 7 7 3 HARGR & i B [ 5 0O Y
RKTT, IRDEX % HAG @igT
iSRRI, H
Eotie —2— Oé?tﬁﬁﬁ A<
HIIFEHAEOEMRTT, KIT O REZFBNTLEZI W, B SEA
B, EESTFTULXRUOEZTFLXD B BEDPLVEGA, /\K‘fempty string
MR G ETT, ZhitEko &, "EMETLEZI VN, £z, HEOKD
HETFTLXDOHEAX 7 ZFTIEL TL RDPBN B 5E, — D DstringlZ F W
ZEW, GINZAfFFRZM > T TLEIW, fIZE, "—reL"z"—
T\, HiE & A DFEE R UGE D i LIZEE XY, BETOMRY R&E A
ZIZERLUTLSZZ W, BiF, #lzx RN TLZE N,
(T . BhEhaE. BRI T TR
LTLEZI W, HFasw, FIRE IR B2, B THIE NI ] oF &
721 DRz) TEHSL ) THEB T# FUXIE T E THIEY % 2 H < A
1. EENSDEDRALITIERL ML) T, TNETNDOETF L AFRIZ
TL7ZX W, EA&HFIZH LT, T4 XI B gk L, e =T
u—J EIL%n—J ﬂ:/JQ%%n—“ @&77&{%0 3_0
TLEE W, EX TFH, E®E, B AZAK
h, | OFETFLXE TT7HL, &
<Classical Chinese Sentence> BELIX, BOAOMRT ZDﬁﬁ 7& Do |
<Japanese Translation> T, TNTNOEF L AFERIZNT S
S i, e
| A
We use the following zero-shot prompt and few- Y [SIAES]. AR R &
shot prompt to.let LLMs generate Japan.ese translz.i— ., | OBXFLLE (5. FleEX
tion aqd Kaeriten marks towards provided classi- X2k, ROEDMIIRELE BT DE
cal Chinese sentences: B L EMTNIERD, | T, %
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NENDOPEF L AFRE RN T 5K D
cj:nn, nl/n’ nl/n’ nu’ nn’ n:n’ nn’ uu’ n‘l;‘u’
vavv, nu’ nEﬁn’ nu’ IIJ:II’ n#n’ uu»t‘\j—o

RDOPEX & fiAh THES FUXEERD K
EENTLEIWN,

<classical Chinese sentence>, Z O 3 X
IZ i¥<the length of classical Chinese sen-
tence>DEF L HFRAH D £3, £
NENDOEF AR LU TR D R
ZRELTLZI W,

C An Example of the Kaeriten Marks
and the Execution of the PDA

We use the following sentence as the example:

A Z2 ® N = # f&
rén jiun  wi yiv san  bdo Jjie
people ruler don’t take three treasures lend

A

rén

other people

The Kaeriten marks of this sentence is: A Z&
T PN
The process of this sentence is listed below:

1. reverse the adjacent characters with L mark:
NEME DL = A

2. put the character with '~ mark to the right of
the character with |- mark: AFfE . =5 DA
N

3. shift the character with —. mark to the right
of the character with — mark: AZ& =5 A
INI- i

Finally, we get the Japanese reading order of these
characters in the classical Chinese sentence. The
gold standard Japanese translation of this sentence

is ABIX=F%2 AT AIZETHE1 . It con-

firms the validity of Kaeriten mark system.

The following table 6 demonstrates the correct exe-
cution path of the PDA. The input of this PDA is a
sequence of characters with their Kaeriten marks.
For those characters without Kaeriten annotated,
we regard their Kaeriten as the special symbol E.
In this case, the input sequenceis ["N", E,"&", E,
B R S B, R R
A AL N O B

D The Process of Saidoku (Read Again)
Characters

Saidoku (read again) characters are a special
type of words in the classical Chinese transla-
tion. They are first read as a regular word with-
out Kaeriten marks, then read as the word with
Kaeriten annotated. For example, the following
sentence annotated with Kaeriten marks il 2 #%
B, KA [HtH, has Japanese translation Ji
DWE, KREZMS W »5E57220, In this
sentence, 72 X % are Saidoku characters. Its
Chinese character is first read as a regular character.
Therefore, the characters & 72 appear following
the punctuation . . The rest part is then read as
a word with Kaeriten mark L'. X % shows af-
ter Chinese character A] in the translation. The
following algorithm 1 describes how we process
Saidoku (read again) characters. In the execution
of our proposed PDA, we could simply enforce
the immediate output of characters when it reads
Saidoku characters.

E Ablation Experiment Results

The following three tables 7, 8 and 9 show the
experimental results of our models with 0, 1, 2, 3,
4 auxiliary tasks. We ran 16 models on the base
model selected from sikubert, bert-ancient-chinese
and bert-base-japanese-char.
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State Input Stack Transduced Transition

o ["ALE, ] [Zo] " (D
g  [E"A"..] ["A", Zol " Y
o ["HNE, . [Zo] A ®)
© ["A"E,..] [Zo] A" D
g (B ["A", Zo] A" Y
a N [Zo] "AA" ®)
g [T [Zo] "AA" D
Qo [ UBA L ["#&", Zo] "AA" (5)
I S "=, Y Zo] "AH" (1)
W [FLEL ["BA", 2 IR Zo)] AR )
o ["="E, .. [T, B R Zo) "AA" (1)
o B "E" .. ["=, R A e R, ] "AA" )
VA = A CUR [T, B Y Zo) "ABZ=" (10)
Qo "R E L [ B, T Z] "ABZ=" (1)
g [k fEL T[RRI Zo) "ABZ= (6)
@ [ME ][RR R B e Y Z0) "ABZ=" (11)
@ [ME" ] [ BAY R Zo) AR (12)
Q@ [fE ["=", ", Zo] "ABZF (1)
@ "Lt [, "= R Zo) "R =E (6)
g [V AL ["—", e R Zo) "ABZEB 3)
do ["A", E] ["b, e e T R Zo) "AH =B (D
do [E] A e R R Zo) "AH =S @
@ i ["b = e T R Zo) A ZELN ©
¢ [l ["—", e Y Zo) "ABZEHN (11)
¢ [l ["=", "I, Zo] PN UN - (13)
9 (] [Zo] "ABZEBMAMER 35)
qu 0 [Zo] "ANE =R DNE -

Table 6: An example of the PDA execution.

Algorithm 1 Reading Saidoku Characters

1: procedure READING CHINESE CHARACTERS(Input Sequence I, Output Sequence O, PDA A)
2 while A does not terminate do
3 if A accepts a new input character then > steps consume a new input character
4: c + A0 > get the input character
5: A« A[l ]
6 if c is a Saidoku character then
7 O.append(c[regular part])
8 Execute A to the next step with c[Saidoku part] and O
9: else
10 Execute A to the next step with ¢ and O
11: end if
12: else > steps do not consume a new input character
13: Execute A to the next step with O
14 end if
15: end while
16: return O

17: end procedure
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Tasks BLEU chrF BERTScore ROUGE-L RIBES TER Kendall’'s PMR Pass Rate
Kundoku marks 6299 57.49 94.33 84.91 56.98 21.01 96.56 93.78 93.76
+seg 64.40 58.33 94.48 85.34 57.13  20.51 96.82 94.53 92.37
+pos 62.54 58.14 94.16 84.71 56.69 20.86 96.58 93.73 93.55
+arc 65.16 60.63 94.70 86.26 60.82 19.38 96.76 94.22 92.58
+type 65.68 60.54 94.68 86.01 59.80 19.62 96.95 94.20 93.87
+seg+pos 63.59 57.77 94.27 85.07 56.49 20.90 96.42 94.20 93.01
+seg+arc 63.49 57.59 94.33 85.02 55.92 20.97 97.01 94.55 91.94
+seg+type 63.47 56.52 94.28 84.94 54.10 21.34 96.76 94.08 93.01
+pos-+arc 64.33  59.67 94.49 85.57 58.98 19.98 96.37 93.84 92.90
+pos+type 65.09 60.96 94.65 86.11 60.52 19.29 96.49 94.44 91.94
+arc+type 62.57 5823 94.29 85.09 59.46  20.97 96.34 93.52 92.47
+seg+arc+type  61.59  56.91 94.11 84.82 56.99 21.34 96.32 93.31 91.29
+seg+pos+type  63.00 57.70 94.41 85.19 56.95 20.93 96.32 93.33 94.62
+seg+pos+arc 62.09 57.82 94.23 85.18 58.48 20.94 96.56 94.07 90.65
+pos+arc+type  61.55 57.13 94.15 84.98 57.59 21.07 96.70 94.22 93.44
+all 61.84 57.54 94.31 85.15 58.54 20.94 96.54 94.31 91.83
Table 7: Experimental results on sikubert.
Tasks BLEU chrF BERTScore ROUGE-L RIBES TER Kendall’'s PMR Pass Rate
Kundoku marks  64.27 57.92 94.33 8491 55.34  20.90 96.72 94.17 95.27
+seg 63.76  59.30 94.35 85.51 58.95 19.13 96.90 94.70 90.65
+pos 65.52  61.13 94.76 86.36 60.78 19.28 97.05 94.89 92.89
+arc 63.80 58.15 94.32 85.08 55.81 20.58 96.38 93.88 93.44
+type 64.38 59.94 94.46 85.56 59.62  20.01 96.92 94.08 93.76
+seg+pos 64.46 5821 94.36 85.46 56.26  20.57 96.78 94.79 91.07
+seg+arc 65.21 60.08 94.65 85.96 59.44  19.67 96.93 94.75 93.01
+seg+type 65.58 60.33 94.62 86.06 59.32 1945 96.87 94.51 93.87
+pos-+arc 64.86 59.60 94.55 85.62 58.63  20.06 96.54 94.00 93.98
+pos+type 63.45 5843 94.35 85.22 58.79 20.67 96.62 94.19 94.09
+arc+type 65.43 6091 94.68 86.19 61.42 19.13 96.90 94.71 91.29
+seg+arc+type  62.58 57.98 94.22 84.87 57.19 20.73 96.29 93.70 93.01
+seg+pos+type  64.97  60.40 94.58 86.13 59.85 19.36 96.97 94.50 92.04
+seg+pos+arc 62.61 58.73 94.32 85.17 58.80 20.49 96.56 93.95 92.37
+pos+arc+type  61.94  57.39 94.17 84.85 56.93 21.12 96.69 93.94 91.61
+all 62.46 57.16 94.14 84.99 5721 2091 96.88 94.65 92.04
Table 8: Experimental results on bert-ancient-chinese.
Tasks BLEU chrF BERTScore ROUGE-L RIBES TER Kendall’'s PMR Pass Rate
Kundoku marks  52.34  47.50 92.52 79.82 4675 27.53 93.71 88.75 87.85
+seg 53.96 50.35 92.72 80.52 50.67 26.55 93.60 88.99 91.08
+pos 54.58 49.93 92.78 80.69 49.69 26.27 93.47 88.92 91.72
+arc 53.48 48.77 92.66 80.36 48.46  27.06 94.15 89.86 89.57
+type 53.58 49.85 92.78 80.86 50.82 26.17 94.51 89.72 85.59
+seg+pos 54.16 49.01 92.77 80.50 4793 27.02 93.64 88.45 91.18
+seg+arc 52.99 49.27 92.71 80.36 49.71 26.74 93.57 89.09 88.17
+seg+type 53.93 49.79 92.75 80.76 49.15 2649 93.90 89.43 90.54
+pos-+arc 53.96 50.62 92.76 80.93 5217 26.20 94.51 90.09 89.25
+pos+type 55.35 50.65 92.97 81.29 50.58 25.74 94.54 90.04 88.92
+arc+type 53.04 48.96 92.68 80.40 4849 26.54 94.29 89.84 90.86
+seg+arc+type  51.74 48.83 92.49 80.29 50.04 26.74 93.87 89.19 86.34
+seg+pos+type  52.33  49.05 92.68 80.60 50.01 26.72 93.48 89.28 89.46
+seg+pos+arc 53.97 49.35 92.7 80.42 48.58 26.90 93.91 89.52 89.36
+pos+arc+type  51.26  47.48 92.37 79.65 48.44  27.35 93.71 89.04 91.40
+all 5229 4748 92.60 79.85 46.40 27.37 93.62 89.18 90.11

Table 9: Experimental results on bert-base-japanese-char.
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