Developing a Japanese-English Literary Parallel Corpus from

Aozora Bunko and Project Gutenberg: AoGu

OGuanyu Ouyang' Xiaotian Wang' Takehito Utsuro' Masaaki Nagata?

1. WEAFARFEE X5 ABRIFAFE:
2. NTTO=a2=5—>3 >RIFEREMF



Category

® Background

® Related Works

® The Proposal

® Statistics and Baseline Experiment
® Translation case analysis

® Conclusion and future works



Category

® Background



Background A

® Compared to general machine translation tasks, literary
translation presents unique challenges.

® [t demands addressing complex discourse-level phenomena.
-Pronoun resolution, inter-sentential consistency, and topic
coherence. [1,2,3,4]

[1] E. Matusov. The challenges of using neural machine translation for literature. In Proc. the Qualities of Literary Machine Translation, pp. 10-19, 2019.

[2] K. Thai, M. Karpinska, K. Krishna, B. Ray, M. Inghil- leri, J. Wieting, and M. lyyer. Exploring document-level literary machine translation with parallel paragraphs
from world literature. In Proc. EMNLP, pp. 9882-9902, 2022.

[3] M. Fonteyne, A. Tezcan, and L. Macken. Literary machine translation under the magnifying glass: Assessing the quality of an NMT-translated detective novel on

document level. In Proc. 12th LREC, 2020.
[4] Y. Liu, Y. Yao, R. Zhan, Y. Lin, and D. Wong. NovelTrans: System for WMT24 discourse-level literary translation. In Proc. 9th WMT, pp. 980-986, 2024.



Background 5

® Some research turned to context-aware and document-level translation
approaches.

-Incorporate broader contextual information into the translation
process.[2,5]

And highlighted that literary translation as an ideal testbed for advancing
context-aware MT.

-Inherent complexity and abundance of discourse-level phenomena in
literary texts. [2,5]

[5] K. Marzena and I. Mohit. Large language models effectively leverage document-level context for literary translation, but critical errors persist. In Proc. 8th WMT,
pp.419-451, 2023.



Background 6

® Lin et al. [6] noted that the poor performance of context-aware MT models
-Often not relate to the capability of model.
-But from the sparsity of discourse-level phenomena in existing
datasets.

This underscores the critical need for datasets that include such complex
linguistic features.

® However, resources for Japanese-English literary translation remain scarce.

® The only related existing dataset, the "English-Japanese Translation
Alignment Data" [7]

[6] J. Lin, J. He, J. May, and X. Ma. Challenges in context- aware neural machine translation. In Proc. EMNLP, p. 15246-15263, 2023.
[7] Utiyama M. and Takahashi M. English-Japanese translation alignment data., 2003.



The purpose of this research 7

® Aims to resolve limitations in sentence-level aligned corpora.
-Which miss crucial discourse-level information for document,
context-aware machine translation.

® Aims to build an open literary domain parallel dataset.
- Promoting the literary translation and context-aware
MT of Japanese-English language pair.



Category

® Related Works



Existing datasets [Lin+,EMNLP2023],[Thai+,EMNLP2022],[Jin+,arxiv2024], [Jiang+,ACL2023] 9

Recent Literary Parallel Corpora

Y

Jin et al. (2023): paragraph-aligned Chinese-English dataset with 10,545 parallel
paragraphs from six public-domain novels.

Thai et al. (20_22?: multilingual dataset from public-domain novels. Japanese-English
portion is relatively small.

Jin et al. (2024): Chinese-English dataset containing 5,373 paragraphs from several open-
source novels.

Jiang et al. (2023): Chinese-English corpus with 15,095 discourse-level annotations
across 80 documents (~150K words).

Most literary parallel corpus are in Chinese-English language pair, the available source for
Japanese-English remain limited.
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3-stage corpus construction pipeline 11
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and flung him up on his
own back.

Ja-En parallel corpus



0. Preprocessing and cleaning

~ Japanese Works
Cleaned information includes header descriptions, symbol explanations, and phonetic annotations.
¢ Examples:

. THENETER (SmaII inline annotations)
- (1) [# (D] HTHERNEE] —> ZE
(x2) [# [(x2)] (FHTHARNEST] — ZE

. _4”‘Eﬁ'9$ (Repetition marks)
ANE <DFm K< (U+3@31)
/N > ([FER) < (U+3032)

- %= —2 (External character marks)
« X[ [CANA+E] . 168-14] - O
X [# [BIOANA+EDDL D] | BAKE2-94-73] (H) -> HE

- IS8 (Phonetic symbols)
B (LD2) D — HEHND
TR (R==) —> +H
(<) E (UD) — HE=E

- English Works
All illustration tags and annotation information.
® other Preprocessing

Standardized punctuation

Unified text format

Removed redundant symbols



1. Document alignment

13

Document
Alignment <
Phase

Aozora Project

Bunko Gutenberg

Preprocess and cleaning

Retrieval-augmented Assistant
User Proxy Agent Agent

(GPT-40 and Claude 3.5)

human_input_mode = “NEVER”
code_execution_config = False

DEFAULT_SYSTEM_MESSAGE = “

You are now a distinguished scholar of
world literature, with a particular
expertise in both Japanese and

English literature.

»




1. Document alignment

C
Aozora
Bunko

Project
Gutenberg

Preprocess and cleaning
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Document % \ [
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: Retrieval-augmented Assistant E Eng
= User Proxy Agent Agent .
E (GPT-40 and Claude 3.5) E

Iterate through all documents:
*Step 1: Send Initial Request

14

You are now a distinguished scholar of world literature, with a particular expertise in both Japanese and
English literature.

Task:

I will provide you with the name of an author in Japanese and the title of their work in Japanese. Your task is to:
1. Identify the English name of the author.

2. Provide the corresponding English title for the work.

3. If the provided title represents a chapter or section of a larger work, also provide the title of the larger work to
which it belongs.

4. If there is no match for one work, please just return "No match".

5. If you are not confident with the result, please list all possible result in each "Author", "Chapter Title" and "Parent
Work Title" section.

6. You are also supported by a RAG-agent, in the case I sent the extra content of works, please using this information
to further identify.

Guidelines:

Carefully analyze each input to determine whether the given title is a standalone work or part of a larger collection.
Provide accurate and internationally recognized English titles wherever possible.

Always follow the format demonstrated in the example below.

Example:

Q:

TeTAY T IS

VxR bI VAR

A:

Author: Irving, Washington

Chapter Title: Westminster Abbey

Parent Work Title: The Sketch Book of Geoffrey Crayon, Gent.

*Step 3: DeamSeardbyd viat Sivttefmptsthe metadata of

Resijuet thatehipeeg witbuchardctetr fdexing

* If a match is found in the response, add it to R.



2. Paragraph Alignment & 3. Sentence Alignment

Paragraph

Alignment <--

Phase

Sentence
Alignment «
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2. Paragraph Alignment & 3. Sentence Alignment

Paragraph

Alignment «

Phase

Sentence

Alignment <

Phase

THE THEVIRPPBEDEI

b g Paragraph Alignment :

Extract paragraphs from the English documents using labeled information.
The final parallel paragraphs consist of :

* original documents of the Japanese works

¢ corresponding chapters from the English documents.

* Sentence Alignment :

* Finetuned sentence segmentator:  sat-12/-sm mode/ [8]

¢ Segmentator finetune dataset: Subset of Utlyama’s data
* Sentence alignment tool: Vecalign [9]
*  Embedding model: LaBSE and LASER?2

Q Settings for sentence segmentation and alignment:
¢ Threshold: 0.01

* Overlapsize: 12

* Max size allowable aligned sentence: 12

[8] M. Frohmann, I. Sterner, I. Vuli¢, B. Minixhofer, and M. Schedl. Segment any text: A universal approach for robust, efficient and adaptable sentence segmentation. In Proc.

EMNLP, pp. 11908-11941, 2024.

[91 B. Thompson and P. Koehn. Vecalign: Improved sentence alignment in linear time and space. In Proc. EMNLP and 9th IJCNLP, pp. 1342-1348, 2019.
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Dataset statistics

Table 1. The statistics of the dataset

#subword #subword #sent #doc

#subword/sent #subword/sent #sent/doc

Embedding Model (Japanese) (English) (Japanese) (English)

LaBSE 9.73M 7.37TM 292,298 513 333 25.2 569.8
LASER2 9.72M 7.16M 311,265 513 31.2 23.0 606.8
Utiyama’s dataset  2.44M 1.72M 109,431 160 22.3 15.8 683.9

* The statistics are counted from 513 documents out of 634

documents.

* To compute the number of subwords, the tokenizer from the

LaBSE was utilized.

18



Baseline Experiment 19

Table 2. Results on AoGu

Dataset Size Metrics

Method ; ;

Train Valid Test | COMET BLEU
Vecalign (LaBSE) +

260,802 13,041 13,041 | 0.683 8.08
LaBSE sampling (>0.4)
Vecalign (LaBSE)+ | )1 083 10,055 10055 | 0688  8.18
LaBSE sampling (>0.6)
Vecalign (LASER2
calign (LASER2) + | ,77812 13,640 13,640 | 0.680  11.83
LaBSE sampling (>0.4)
Vecalign (LASERD) + | 1700 11235 11235 | 0685  11.64
LaBSE sampling (>0.6)

* Model: 6-layer transformer with 8 multi-heads and 512 embedding dimension.

* Hyperparameter: adam-betas (0.9, 0.98)", label smoothing 0.1, dropout rate 0.3, initial learning rate 4e-
4, 3000 warm-up update steps, maximum of 6144 tokens per batch, update frequency 4, total of 50
epochs. For evaluation, beam search size is set with 4.



Baseline Experiment 20

Table 3. Results on out-of-domain ASPECT test set

Dataset Size Metrics

Method

Test COMET BLEU
Vecalign (LaBSE
ccalign (LaBSE) + 1,808 0534 24
LaBSE sampling (>0.4)
Vecalign (LaBSE
ecalignLaBK) 1,808 0518 28
LaBSE sampling (>0.6)
Vecalign (LASER2
ccalign (LASER2) + 1,808 0.539 224
LaBSE sampling (>0.4)
Vecalign (LASER2
ccalign (LASER2) + 1,808 0529 221
LaBSE sampling (>0.6)

* Model: 6-layer transformer with 8 multi-heads and 512 embedding dimension.

* Hyperparameter: adam-betas (0.9, 0.98)", label smoothing 0.1, dropout rate 0.3, initial learning rate 4e-4,
3000 warm-up update steps, maximum of 6144 tokens per batch, update frequency 4, total of 50 epochs.
For evaluation. beam search size is set with 4.
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Translation case analysis

Vecalign (LASER2) + LaBSE sampling with
similarity > 0.4 setting

# Metrics Source Hypothesis Reference
BLEU =41.80 || =1 ~7 {Z |"II For twenty minutes Gryde was talk-| inutes Gryde was fol-
1 e TS 7=, ing wildly." lowed with rap? attention."
COMET = 0.674
C 2 dU0OU C HAls oS oS 2 {Pe0pPIE C : C 0UE c a
. - . ) -
- = HH J an Pe amDpbIguo ade pINE € C e speake atle
COMET = 0.681
BLEU =9.85 |ff ® & X Z®D ¥ D 73 [if]3E Was his thoughts doubtless mistaken,|"Either his whole theory is incorrect,"
4 Wi Dh, FHe b {for he now led to the point of the mys-|I thought to myself, "or else he will be
x4 . 3 D Bl A ¢ Eitery?" I thought. led now to the heart of the mystery."
BITVB DESS B,
J Ak oebhEZ =,
COMET = 0.790
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Vecalign (LASER2) + LaBSE sampling with

Translation case analysis g ity > 0.4 setting 23
# Metrics Source Hypothesis Reference
BLEU =41.80 || =14/ Z 7 4 F 32 Z|"I For twenty minutes Gryde was talk-|"For twenty minutes Gryde was fol-
1 2o TS 72, ing wildly." lowed with rapt attention."
COMET = 0.674
BLEU=7.24 | ZZ ¥TI& - p to this he had written a very quiet the letter had run composedly
2 % N T EW T o J=z|note, but here he scribbled a note , and enoufg , ¢ with a sudden splut-
5. &2 T =Y H Az E[the writer &apos;s feelings relaxed . |ter of the pen, the writer’s emotion had
< NEX Ko T, EHD broken loose
TEE R YIh 2< o
TW7ES
COMET = 0.674

In case 2, the source text uses "F4[k" (letter) as the pronoun, and the reference
preserves "letter" in the same role.

However, the model replaces it with "he," altering the original perspective. This
demonstrates the model’s insufficient understanding of contextual coherence.

COMET = 0.790




. . Vecalign (LASER2) + LaBSE sampling with
Translation case analysis g sty > 0.4 setting 24

For case 3, the model failed to handle pronouns correctly, and compared to the model’s direct
translation "put his foot to my house twice," the reference translation leans more toward a free
translation: "you would never have put another foot." .

Additionally, the reference tends to use the free translation rather than direct translation: "% L»
D HBEER >Z L 72, "->"youmay lay to that ."

BLEU=472 || &L HAR X5 % "If he—had—met—such—afellow, he|
= A 726 . —|wouldn’t have put his foot to my house(like 6 would never have put

O b

ErcoOoxRANE 2 AN twice, he would have been mistaken." (another foot in my ho ou may lay
é'ﬂ'ﬂb‘%f;?lo 7=, to that .

’7?‘4‘0 » MEX 22 2L

COMET = 0.681|
BLEU=985 |Tfi DEX ZD D 12 |Was his thoughts doubtless mistaken, "Either his whole theory is incorrect,"
RO, £ % fBlor he now led to the point of the mys-|I thought to myself, "or else he will be
ﬁ 2% D DA }:75 tery?" I thought. led now to the heart of the mystery.

“ If you had been mixed up with the

()

COMET = 0.790




Vecalign (LASER2) + LaBSE sampling with

Translation case analysis g iarity > 0.4 setting 25
# Metrics Source Hypothesis Reference
BLEU =41.80 || =1+ /iZ 7 4 F 32 Z|"I For twenty minutes Gryde was talk-|"For twenty minutes Gryde was fol-
1 2o TS T2, ing wildly." lowed with rapt attention."
COMET = 0.674
BLEU =724 ||ZZ % T & F# & 3 Z.X|Up to this he had written a very quiet|So far the letter had run composedly
2 3 %AW T W T Ho 7z|note, but here he scribbled a note , and enoufgh, but here with a sudden splut-
M. T T TRy P A #E(the writer &apos;s feelings relaxed . |ter of the pen, the writer’s emotion had
NHEXIZRKRo T, EEOD broken loose
BAE B MR UIh 72< 7o
Tk, I

For case 4, the reference translation’s sentence structures are more diverse,
reflecting the characteristics of literary texts, whereas the model’s translation
tends to adhere closely to the sentence structure of the source text.

BLEU =9.85 Mmm
4/’1:‘ 2D Hh., FHy b {fiflor he now led to the point of the mys-
X4 . 3% o D \ b Eltery?" I thought.

i)

\}U I Nz
COMET = 0.790]

“Ej is whole theory is incorrect,"
I thought to myself;, he will be
led now to the heart of the mystery."
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Conclusion 57

® This research develop a Japanese-English literary parallel dataset.
-Mainly using the bilingual text from Aozora Bunko and Project Gutenberqg.

® The baseline settings trained under sentence-level parallel data show limited
performance in BLEU and COMET.

® Literary text shows its characteristic diversity and impose higher demands on
translation models in terms of

-Context awareness, complex semantic relationship modeling, and
contextual coherence.



Future works

Current some problem:

Figure 1. some typical sentence misalignment types [9]

INSERT : new sentence(s) is added by translators and does not have a corresponding
source segment.

DELETE : a source sentence(s) is deleted by translators in translation.

SPLIT : a source sentence is separated into multiple sentences in the corresponding
translation.

In literary translation, to ensure the readability and fluency of the translated text,
human translation experts often translate the source text according to different
linguistic conventions and regional styles.

As a result, translations may not strictly adhere to sentence alignment. And
some misalignment types are listed in the Figure 1 above.

[9] L. Jin, Li A., and X. Ma. Towards chapter-to-chapter context-aware literary translation via large language models, arXiv2407.08978, 2024.
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Future works

Current some problem: Figure 1. some typical sentence misalignment types [9]

INSERT : new sentence(s) is added by translators and does not have a corresponding
source segment.

DELETE : a source sentence(s) is deleted by translators in translation.

SPLIT : a source sentence is separated into multiple sentences in the corresponding
translation.

® Free translation(Z35R) and faithful translation((B3E805R) frequently alternate in the
AoGu dataset, presenting a challenge for sentence-level alignment:

! Free translation(&35R) : significant differences in expression between the source and target will pose
a challenge to the modeling capability of the embedding model, which is trained on strictly parallel
data.

! INSERT and DELETE types: will pose a challenge to the sentence alignment paradigm.

!' etc,al.

[9] L. Jin, Li A., and X. Ma. Towards chapter-to-chapter context-aware literary translation via large language models, arXiv2407.08978, 2024.
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Future works 30

® Refine the dataset by explore adequate alignment method to add the

“context”.
- which will be useful for handling the complex semantic relationship.

® Explore paragraph and document-level training and infra settings to
enhance the performance of literary translation.

® Explore LLM-based training and infra settings on literary translation
task.



Thanks for your listening!
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