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System instructions
You are a news editor. Keep o my
instructions throughout the text without fail.

User
You are a news editor. Edit the text below
to make it a natural article. Improve the
lead. Keep intact any details and any
quotes in the original text. Don't add any
adjectives or adverbs to dramatize the
story.

User
Title: """
Japan's Defense to Be Limited to 43 trillion
Yen: Prime Minister Kishida

Body: """

On the morning of the 27th, the Budget
Committee of the House of Councillors,
attended by the Prime Minister KISHIDA
Fumio and all Cabinet members, held a
summary question-and-answer session on
the FY 2023 supplementary budget. (4=)
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"~ Kiyomi Tsujimoto of the Constitutional Democratic Party of Japan

On the morning of the 27th, the Budget Committee of the House of
Councillors, attended by the Prime Minister KISHIDA Fumio and all
Cabinet members, held a summary question-and-answer session on
the FY 2023 supplementary budget. Regarding the drastic strengthening
of defense capability, the Erime Winister said, "There is no change in our
plan to strengthen it within 43 000.000.000.000 yen (in total for five years

from this fiscal year),” even as the yen continues to weaken. Answer to

AAMT Journal [H4MEDER] No.83

Al IE AL IB

Lead: Prime Minister Kishida Fumio confirmed that Japan will maintain
its defense spending over five years, despite the
weakening yen, during a Budget Committee session on the FY 2023
supplementary budget

Body: On the morning of the 27th, the Budget Committee of the House of
Councillors, attended by Kishida and all Cabinet members, held a
summary guestion-and-answer session. Regarding the strengthening of
defense capability, Kishida stated, “There is no change in our plan to
strengthen it within 43,000,000,000,000 yen (in total for five years from
this fiscal year).”

The government aims to cover more than 1 trillion yen by raising
corporate, income, and cigarette taxes to secure revenue sources for the
increase in defense spending. Kishida noted, "We are giving maximum
consideration to the content and timing so as not to affect the economy.”

The deceased man, who identified himself as Satoshi Kirishima, 70,
‘wanted for the bombing of a serial company between 1874 and 1975, is
believed to have lived in Fujisawa, Kanagawa, for at least about 40 years
under the alias "Yo Uchida.”

y " The owner of a bar in his 60s in front of JR
Fujisawa Station says so about a man who had been a customer for 20
years

The deceased man, who went by the name Satoshi Kirishima and was
wanted for a series of bombings between 1974 and 1975, is believed to
have resided in Fujisawa, Kanagawa, under the alias “Yo Uchida” for
appmx\malely 40 years

“Lremember him |3ughing and dancing * The owner of a bar in his 60s,
located near JR Fujisawa Station, shared his recollections of a man who
had been a regular customer for two decades.

#i3

WASHINGTON [[credit]] — L jitaliz
Yoshitaka Shindo made a bald statement on Q;g;gg by vi ;;gggj;g

underlined Japan's approach to historical issues despite ongoing
tensions with China

Shinda, known for his strong stance on revitalizing Japan's economy,
paid his respects atthe shrine, sparking a renewed debate over the site’s
historical significance.

“I believe it is important to honor our past and pay tribute to those who
sacrificed for our nation,” Shindo stated after his visit. The decision drew
mixed reactions domestically and internationally as it comes amidst
strained relations in the region.

The Yasukuni Shrine has been a focal point of contention due to its
honoring of war dead, including World War Il criminals. Despite criticism
from countries like China
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“KOTOBAL” and “MELON” x Transparent Display: Social Implementation of Multilingual Communication
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'm (2)not here to (3)say that (4)men are to (5)blame for the (6)crisis and what (7)happened in my (8)country.

Lir L C O H(6)E#CROEIET DI EEIZ DL TDFAIZA) B G)EMRHE EBIES DL U IRRQBY EEA

And (1)I'm (2)not here to (3)say that (4)men are to (5)blame for the (6)crisis and what (7)happened in my (8)country.
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Models Think in?
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1. Introduction

Recent studies have shown that English-centric large
language models (LLMs) display distinct patterns in their
intermediate layers, where the language distribution is
heavily skewed towards English when generating
underrepresented languages [1].

This raises our interest in investigating whether LLMs
utilize the dominant non-English languages from their
training corpora in their intermediate layers during
generation. We examine three typical categories of models
that are used to process Japanese: Llama2 [2], an English-
centric model; along with two Japanese-specialized models
Swallow [3], an English-centric model with continued pre-
training (CPT) in Japanese; and LLM-jp [4], a model pre-
trained on balanced corpora of English and Japanese.
More details of these models are shown in Table 1.

To investigate how the LLMs behave in the intermediate
layers, we employ the logit lens method [5], which
unembeds each layer's latent representation into the
vocabulary space. We verify the latent languages of the three
types of models when processing Japanese: While Llama2
uses English as its latent language [1], in contrast, the
Japanese CPT model Swallow utilizes both English and
Japanese within its intermediate layers, as shown in Figure 1
(a). Meanwhile, Figure 1 (b) shows LLM-jp primarily
utilizes Japanese as the latent language in this case.

To further find out the models' latent language when
generating languages other than the dominant Japanese and
English. We introduce a new setting in which non-Japanese
and non-English languages are used as input and target
languages to explore the behaviors of the intermediate layers.

Our experiments show that in intermediate layers of the

models, the latent language of Japanese-specialized models

BA E3 :

BE

oy
ol

(b) Balanced English and Japanese: LLM-jp

Figure 1: Logit lens results of Japanese-specialized
models, (a) Swallow, (b) LLM-jp. The input prompt is
“Francais: "musique" - HAXE&: ", a French-to-Japanese
translation task with the answer “&Z£” (music). The figure

shows the highest probability token from the intermediate

layers, starting from layer 20.

is a distribution over English and Japanese, with the
probabilities of these distributions depending on their
similarity to both input and target language. In the final

layers, the internal predictions transform into the

corresponding target language.

This work is licensed under a Creative Commons Attribution-ShareAlike 4.0 International Public License.

License details: https://creativecommons.org/licenses/by-sa/4
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Table 1: Categorization of multilingual models based on language proportion and training strategy.

Model Category Model Proportion in pre-training data Token From scrath
En Ja Other

English-centric Llama 2 89.7% 0.1% 10.2% 2,000B Yes

Japanese CPT Swallow 10.0% 90.0% 0.0% 100B Llama-2 based

Balanced English and Japanese LLM-jp 50.0% 50.0% 0.0% 300B Yes

In summary, we confirm that Japanese-specialized models
Swallow and LLM-jp exhibit two latent languages, English
and Japanese. The utilization of these latent languages
epends on their similarity to the input and target languages,
reflecting a dynamic adjustment in internal language

processing.

2. Related Work
2.1. Multilingual Large Language Models

Current frontier large language models, such as GPT-4 [6],
Gemini [7], and Llama-2 [2], are primarily trained with
English-centric corpora, with other languages constituting
only a small portion of the training data. Researchers have
sought to enhance these models' multilingual capabilities
through various methods. One approach involves continued
pre-training with second-language data [8][9][10][11][12],
as demonstrated by models like Swallow [3] based on
Llama-2. While these approaches have proven effective,
ongoing research aims to discover more efficient techniques
to further improve the multilingual capabilities of large
language models.
2.2. Mechanistic Interpretability

Mechanistic interpretability is the study of understanding
how machine learning models work by analyzing their
internal components and processes to elucidate the
mechanisms that give rise to their behavior and predictions.
It encompasses research lines like superposition [13], sparse
autoencoders [14], circuit analysis [15] and so on. Within

these studies, logits lens [5] and tuned lens [16] focus on

decoding the probability distribution over the vocabulary

27

from intermediate vectors of the model, aiding in the
comprehension of how the model generates text in the target
language.

Previous study [1] showed that Llama-2 models have an
abstract “concept space” that lies closer to English than to
other languages. When Llama-2 models perform tasks such
as translation between non-English languages, the
probabilities in the intermediate layers initially focus on the
English version of the answer and gradually shift to the
target language.

In this work, we expand previous work and utilize these
tools to study the distribution of latent languages in different
categories of Japanese-specialized LLMs and examined how

the probability of internal latent languages is associated with

the target language.

3. Method
3.1. Logit Lens

In the last layer, LLMs use an unembedding matrix to
project the hidden vectors onto the vocabulary dimensions.

Then, a softmax function is applied to determine the
output token. This process is called unembedding.

By applying the same unembedding operation to the
hidden vectors passed between the intermediate layers, we
can obtain tokens generated by intermediate layers. Logit
lens is a tool designed to achieve this purpose. Therefore, we
leverage logit lens to calculate the probability for the model's

intermediate layers to generate a specific token sequence.
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Figure 2: Comparison of English-centric and Japanese-specialized models when processing Japanese Cloze. X-axes

denote layer's index of the model, and y-axes denote probability of answer in each language. Translucent area show 95%

Gaussian confidence intervals.

3.2. Task Design

Dataset Construction. We first collect parallel words in
four languages—English, French, Japanese, and Chinese. To
obtain word pairs with different spellings but identical
meanings, we construct this dataset based on part of the
Database of Japanese Kanji Vocabulary in Contrast to
Chinese (JKVC) [17]. Then, we use GPT-4 to do translation
and obtain the corresponding English and French words or
phrases, and then manually review and correct errors. The
total size is 166. Based on the parallel words and following
previous studies, we demonstrate the following prompts for
two tasks, and the corresponding answers for examples will
be the same Japanese word “/& Al (principle). Models are
asked to predict the answer, and we calculate the probability
of the answer in the language we want to monitor. We use 4-
shot for translation task and 2-shot for cloze task.
Translation task:

Frangais: "principe" - HZAZE:"
Cloze task:

"N EARRAL—LREATT, A

4. Results
4.1. Analysis on Processing Dominant
Language — Japanese
To investigate which latent language is used when
processing Japanese, we conduct experiments to compare
the latent language behaviors of three models when
processing cloze task with Japanese set as the target

language.
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The average result of cloze task is shown in Figure 2.
Llama2, which is an English-dominant model, exhibits using
English as latent language in its intermediate layers. In
contrast, Swallow, which underwent CPT in Japanese,
demonstrates a noticeable probability of Japanese in its
intermediate layers. For LLM-jp, English probabilities are
nearly absent in the intermediate layers. This indicates that
these Japanese-specialized models lean to utilize Japanese
more as the latent language when processing Japanese.

4.2. Analysis on non-Dominant Languages

We further investigate which latent language the models
use when generating non-dominant languages, such as
French and Chinese, compared to dominant languages. For
this part, we test the models on translation tasks between
different languages.

The average result is shown in Figure 3, the source
language is always English. When the target language is also
English, it becomes a repetition task. Following a left-to-
right order, we gradually change the target language. It is
observed that for both Swallow and LLM-jp, as the target
language gets closer to Japanese, the probability of Japanese
in the intermediate layers increases while that of English
decreases. Additionally, for Swallow, English and Japanese
are consistently intermixed in the intermediate layers,
whereas for LLM-jp, the usage of English and Japanese in

the intermediate layers is more isolated.
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(a) Translation: Swallow-13b
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Figure 3: Translation task results of two models with a fixed target language and varying source languages. (a) results

for Swallow-13b, (b) results for llm-jp-v2.0. X-axes denote layer's index of the model, and y-axes denote probability of answer

in each language. Translucent area show 95% Gaussian confidence intervals.

We also investigate how the source language affects the
probability distribution of latent languages. In this case, we
set the target language to Japanese. We gradually change the
source language to increase its similarity to Japanese. The
results are similar that the probability of Japanese in the
intermediate layers increases while that of English decreases.
In the selection of latent languages in the intermediate layers,
the source language has a similar influence to the target
language.

The results indicate that the activation of latent languages
in LLMs depends on their similarity to the input and target
languages.

4.3. How Is Culture Conflict QA Solved?

Because the models ‘think’ in latent languages, whether
this affects the model’s reasoning in QA tasks is a question
worth discussing. Because some questions can have different
answers in different cultural contexts across languages. Thus,
we conduct a case study on this topic and use the logit lens
to observe the intermediate layers of the models.

As shown in Figure 4, we ask the models about the start
date of the school year in Japan with Japanese prompt. In
Japan, the new school term begins in April. Llama-2's
English-dominant intermediate layers prefer the answer

“September/nine,” which is the typical start date for
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American schools. The correct answer for Japan only
appears in the latter layers where the probability is
concentrated on the target language. In Swallow, the wrong
answer “/1” (nine) only appear once in layer 36. In contrast,
the bilingual-centric LLM-jp does not exhibit this issue. You
can see in the early layers that other numbers like “/\” and
1 appear. But it is likely due to the chaotic state in the early
layers before the answer is determined. This indicates that,
for such questions, the knowledge in the primary language
context significantly influences the model's predictions. This
provides an internal perspective on why operations like
knowledge editing should focus on the model's primary

language.

5. Conclusion

In this study, we demonstrate that the latent language of
LLMs is majorly determined by the language of its training
corpora. We confirm that Japanese-specialized Swallow and
LLM-jp both utilize Japanese as their latent language when
processing Japanese input.

Given that Swallow and LLM-jp exhibit the use of two
internal latent languages, the degree to which each latent
language is utilized depends on its similarity to the input and

target languages. When the input language is more similar to
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~School ~Septe...

school ~school ~School
—month 20 : school m
s Bz ' “
(a) English-centric: Llama-2-13b (b) Japanese CPT: Swallow-13b (c) Balanced English and Japanese: LLM-

jp-v2.0
Figure 4: Results of culture conflict question. We use one-shot format prompts. The question is: [ B A D F R FFHAA A
¥%A1&:_A. &FZ ] (The month when the new school term starts in Japan is: _month, answer: ). The correct answer
is [PY] (April). The colors in the figures represent entropy: blue indicates the probability is concentrated on the top tokens,

while red means it is dispersed across the vocabulary.
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Abstract

This paper introduces a Japanese-English parallel corpus
composed of literary works, constructed mainly using
bilingual texts from Aozora Bunko and Project Gutenberg.
Existing Japanese-English parallel datasets, such as
JParaCrawl, JaParaPat, and ASPEC [1, 2, 3], offering
coverage of common, patent, and academic domains, they
lack resources specifically designed to address discourse-
level phenomena and context-aware translation challenges
which are existed in literary translation task. To bridge this
gap, we build upon the "English-Japanese Translation
Alignment Data"! developed over a decade ago, updating
and expanding it to better support research in discourse-level
literary translation and document-level context modeling.
Baseline experiments with transformer models on the
constructed dataset demonstrate limited performance,
highlighting the inherent challenges of literary translation
and underscoring the need for more advanced methodologies

and resources to enhance translation quality for literary texts.

1. Introduction

Neural Machine Translation (NMT) has advanced
significantly in recent years, driven by innovations in neural
architectures and the availability of large-scale parallel
corpora. While these developments have greatly improved
general translation tasks, literary translation presents unique
challenges. It demands capturing nuanced semantic meanings
and addressing complex discourse-level phenomena, such as
pronoun resolution, inter-sentential consistency, and topic

coherence [4, 5, 6, 7]. Traditional MT models often struggle

1 https://att-astrec.nict.go jp/member/mutiyama/align/index. html

with these aspects, resulting in translations that lack stylistic
fidelity, contextual awareness, and narrative coherence. To
address these issues, researchers have increasingly turned to
context-aware and document-level translation approaches that
incorporate broader contextual information into the translation
process [8, 5].

Lin et al. [9] noted that the poor performance of context-
aware MT models often stems not from their inability to
handle long-distance dependencies but from the sparsity of
discourse-level phenomena in existing datasets. This
underscores the critical need for datasets that include such
complex linguistic features, alongside advancements in
translation models. Meanwhile, recent studies [8, 5] have
highlighted literary translation as an ideal testbed for
advancing context-aware MT, given the inherent complexity
and abundance of discourse-level phenomena in literary texts.

However, resources for Japanese-English literary
translation remain scarce. The only existing dataset, the
"English-Japanese Translation Alignment Data" [10], was
developed over a decade ago and lacks the scale and depth
required for modern research. To address this gap, this study
builds upon and significantly expands the existing dataset,
providing a more comprehensive resource for Japanese-
English literary translation. The updated dataset aims to
better support research into context-aware and document-

level translation methods for Japanese-English language pair.

FEEXESLOTAY I b - F—=F N oENEE LT-BEXFER I —/X AoGu

REEF, FAX, FRER(C, KHEH

PTERKFRFER X7 LBEBRIEMIEE, NTT 3225 —> a yRIFERHRA
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Ja-En parallel corpus

Figure 6 Pipeline of constructing the corpus

2. Related Works

Jin et al. [9] developed a paragraph-aligned Chinese-
English dataset containing 10,545 parallel paragraphs
extracted from six public-domain novels. This dataset aims
to promote research into paragraph-level context-aware MT.

Thai et al. [5] introduced Par3, a multilingual dataset of
121,385 paragraphs from public-domain novels, . Despite its
broad scope, the Japanese-English portion remains small,
with only 1,857 paragraphs with averaging 4.4 sentences per
paragraph(~8,170 sentences).

Jin et al. [11] constructed a large Chinese-English dataset
with 5,373 paragraphs, consisting of 548.5K English and
700.9K Chinese sentences. They proposed the challenging
chapter-to-chapter (Ch2Ch) translation setting, which
showcases the importance of datasets reflecting complex
discourse phenomena for literary texts.

Jiang et al. [12] extended the existing BWB [13] corpus
with annotations 80

15,095 discourse-level across

documents (~150K words) to better explore the literary MT.

3. Dataset
3.1. Aozora Bunko

Founded in 1997, Aozora Bunko?is a digital library providing
access to a vast array of public domain works, with a current
collection exceeding 17000 items. Moreover, literary works
dominate the collection, accounting for approximately 72.4% of
the total, with 15,696 titles categorized under this genre alone.
3.2. Project Gutenberg

Project Gutenberg?, established in 1971 by Michael S.

Hart, is the first large-scale digital library dedicated to

2 https://www.aozora.gr.jp/

3 https://www.gutenberg.org/
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providing free access to public domain works. It offers over
60,000 texts across genres such as literature, philosophy,
history, and science. A notable feature is its collection of
professionally translated texts, which ensures high-quality
translations for research and linguistic analysis.
3.3. Dataset construction

The main process of dataset construction, as shown in Figure
1, consists of four key steps: document alignment, text
preprocessing, paragraph alignment, and sentence alignment.
3.3.1. Document alignment

A random inspection of works from Aozora Bunko and
Project Gutenberg (English works) revealed notable
differences in their textual characteristics. Most works in
Aozora Bunko are partial chapters of novels, individual
pieces from collections, or excerpts chosen based on the
translator’s preferences, rather than complete works. In
contrast, most works in Project Gutenberg are complete
novels or fully compiled series. This highlights that potential
parallel document pairs often differ significantly in content,
with an single Aozora Bunko work typically aligning to only
a small portion of a single Project Gutenberg work. Based on
this observation, rather than relying on traditional semantic
text similarity methods for mining parallel document pairs,
we leveraged the capabilities of pre-trained large-scale
language models, specifically GPT-40* and Claude-3.5-
Sonnet’, to assist in document alignment.

We adopt a 2-stage approach:
1. : For each work in Aozora Bunko, we extract the first 3—

5 lines of the text, which typically include the title of the
work, the original author’s name, and the translator’s

name. We define a pre-trained model as a retrieve-agent,

4 https://openai.com/index/gpt-4o-system-card/
> https://www.anthropic.com/news/claude-3-5-sonnet



https://www.aozora.gr.jp/
https://www.gutenberg.org/
https://openai.com/index/gpt-4o-system-card/
https://www.anthropic.com/news/claude-3-5-sonnet

Using a predefined prompt, we aim for the retrieve-agent
to provide the English title of the chapter, the potential
associated work title, and the original author’s name in
English. The details of the prompt are shown in Table 5.
Then we implemented an automated script to perform a
global character-level match across all metadata of
English works in Project Gutenberg using the retrieval
information provided by the retrieve-agent. For cases
where the retrieve-agent returns "No match" or there are
no matching results in Project Gutenberg, we defined a
RAG-agent, we first eliminates Japanese works for
which they have matched English works. For the
remaining Japanese works, we also request retrieval
information from the retrieve-agent. If no matches are
found, the RAG-agent extracts the first three and last
three lines of the text body of Japanese work and sends
an updated query to the retrieve-agent. The RAG-agent
works to a maximum of three iterations for each
Japanese work. The implementation involves RAG-
agent module are based on the multi-agent open-source
framework AutoGen [14].

2. : We manually reviewed each parallel document obtained
from Stage 1, labeled specific chapters in the English works
that correspond to the Japanese works, and removed all non-
parallel pairs as well as non-English documents from
Project Gutenberg. As a result, we obtained a total of 632
parallel document pairs.

3.3.2. Text cleaning

For the Japanese works, we removed the header
descriptions and symbol explanations, eliminated phonetic
annotations (such as kana readings and kanji readings),
deleted input annotations and special character marks, and
removed copyright information at the bottom. Additionally,
we replaced the iteration mark ",/ \\" with the vertical kana
repeat mark (U+3031) and replaced " /” \\" with the
vertical kana repeat with voiced sound mark(U+3032).

For the English works, we removed all illustration tags

and all annotation information.

6 https://att-astrec.nict.go.jp/member/mutiyama/align
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3.3.3. Paragraph alignment

Using the labeling information from Stage 2 of document
alignment, we extracted paragraphs from the English
documents. The final parallel paragraphs consist of the
original documents of the Japanese works and the
corresponding chapters from the English documents.

3.3.4. Sentence alignment

In the presence of irregular line breaks within the text,
including intra-sentence line breaks, we merged all lines
within each paragraph for both English and Japanese works.
Subsequently, we applied the sat-121-sm model [15] from
wtpsplit [16] to perform sentence segmentation on the
merged paragraphs, setting a threshold of 0.01 to achieve
finer-grained sentence segmentation. Because we aim to use
Vecalign [17] to achieve a more reasonable granularity of
parallel sentences.

For all segmented sentences, Vecalign was utilized to
perform sentence alignment across all parallel paragraphs.
The parameters were configured with an overlap size of 12
and a maximum allowable number of merged sub-sentences
set to 12. The embedding models employed included the
LaBSE model [18] and the LASER2 model [19].

Table 1 Statistics of AoGu and Utiyama’s dataset. #subword refers
to the total number of subwords, #sentence refers to the total number

of sentence pairs, #doc refers to the total number of document pairs

Embedding Model #subword #subword #sent #doc|#subword/sent #subword/sent #sent/doc
“ (Japanese) (English) (Japanese) (English)

LaBSE 9.73M T.3TM 292,298 513 333 252 569.8

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

3.4. Dataset statistics

We completed sentence alignment for 513 out of the 632
parallel documents. For sentence embedding, we employed
both the LaBSE and LASER2 models. Table 1 presents
detailed statistics of the sentence-level datasets initially
constructed using these two embedding models. To compute
the number of subwords, the tokenizer from the LaBSE
model was utilized.

In 2003, Masao Utiyama et al. developed a Japanese-

English parallel corpus®, aligned at the sentence level,


https://att-astrec.nict.go.jp/member/mutiyama/align

utilizing resources from Aozora Bunko, Project Gutenberg,
and Project Sugita Genpaku, et al. This corpus is primarily
composed of literary works and poetry, encompassing a total
of 160 documents in both Japanese and English. AoGu was
built upon this foundation and further updated and expanded.
To compare the specific differences, The rows of Utiyama’s
dataset in Table 1 presents the statistical information of the

dataset developed by Masao Utiyama et al.

4. Baseline Experiment and Case analysis

We sampled the two datasets obtained using LaBSE and
LASER?2 with the LaBSE model, setting up two sampling
groups with thresholds of 0.4 and 0.6. Four 6-layer trans-
former baseline models were trained on the sentence-level
dataset using Fairseq [20]. The specific parameter settings
are as follows: the Adam optimizer was used, with a label
smoothing value of 0.1, a dropout rate of 0.3, an initial
learning rate of 4e-4, 3000 warm-up update steps, a
maximum of 6144 tokens per batch, an update frequency of
4, and a total of 50 epochs.For evaluation, the BLEU [21]
and COMET [22] metrics were adopted, with a beam search
size of 4. The COMET model used is wmt22-comet-da [23].
The specific results are shown in Table 2. All experiments

are conducted on two A6000 GPUs.

Table 2 The baseline of the sentence-level dataset for 4 different

configurations
Dataset Size Metrics

Method - -

Train Valid Test | COMET BLEU
Vea
ccalign (LaBSE) + 1 )0 g00 13,041 13041 | 0683 808
LaBSE sampling (>0.4)
Veedli
ccalign (LaBSE) + 1 ) 083 10,055 10055 | 0688 818
LaBSE sampling (>0.6)
Veeui
ccalign (LASER2) + | 070812 13,640 13,640 | 0680  11.83
LaBSE sampling (>0.4)
Veeui
ccalign (LASER2) + 1 900 11235 11235 | 0685 1164
LaBSE sampling (>0.6)

From Table 2, it can be observed that the BLEU scores for
the four baseline settings are relatively low, while the
COMET scores are comparatively higher. Table 4 illustrates
four translation cases under one specific setting (Vecalign

(LASER2) + LaBSE sampling with similarity > 0.4), where
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the model’s understanding of complex semantics is
constrained to the sentence level.

For case 1, the source sentence reflects the speaker’s
perspective (Gryde speaking), whereas the reference adopts
the listener’s perspective (people listening). The model
maintained the source’s perspective. Additionally, "2 7 (Z
75 > T" can be ambiguous, describing either the speaker’s
state (chosen by the model) or the listener’s state (chosen by
the reference).

In case 2, the source text uses "F #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.

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: "% WL\ 2 % [E&
A »Z L 72 o "->"youmay lay to that ."

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.

Table 3 The baseline settings tested on out-domain ASPEC test set

Dataset Size Metrics

Method

Test COMET BLEU
Vecalign (LaBSE) +

1,808 0.534 24
LaBSE sampling (>0.4)
Vecalign (LaBSE) + 1.808 0518 28
LaBSE sampling (>0.6)
Vecalign (LASER2) +

) 1,808 0.539 2.24

LaBSE sampling (>0.4)
Vecalign (LASER2) + 1.808 0529 201
LaBSE sampling (>0.6)

These cases reveal that the baseline model trained at the
sentence level exhibits limited capabilities in pronoun
resolution, modeling complex semantic relationships, and
capturing the stylistic and contextual nuances of literary
texts. These limitations highlight the need for more advanced

approaches, such as paragraph-level or context-aware



training, to improve the model's performance in literary
translation tasks.

We also conducted testing on the out-domain ASPEC
dataset, and the results are shown in Table 3. The results
indicate that the model trained on literary sentence-level data
has significantly limited generalization ability, highlighting
the substantial differences in characteristics between literary

and non-literary texts.

AAMT Journal [H4MEDER] No.83

5. Conclusion

This paper introduces a parallel Japanese-English literary
corpus, detailing its development process and statistical
information. The baseline experimental results demonstrate
that literary machine translation tasks impose higher
demands on translation models in terms of context

awareness, complex semantic relationship modeling, and

contextual coherence.

Table 4 Cases for Vecalign (LASER2) + LaBSE sampling with similarity >0.4 settings

# Metrics Source Hypothesis Reference
BLEU=41.80 | = "%}/ & 7 4 F (&85 Z["ll For twenty minutes Gryde was talk-] "For twenty minutes Gryde was fol-
1 T ST, ing wildly." lowed with rapt attention.”
COMET = 0.674|
BLEU=7.24 || C % C & T#& 2 3 =.5Up to this he had written a very quict|/So far the letter had run composedly|
2 A &35\ T E W T H o 7z[note, buthere he scribbled a note , and ennutgh, but here with a sudden splut-
B, DI TRYBEAE the writer &apos;s feelings relaxed . |ter of the pen, the writer's emotion had
DIE = 5o, B D broken loose
E B3 A Bl < TRo
Twih, T
COMET = (.674|
BLEU=472 [TH L HA% £S5 & W L['If he had met such a fellow, he[" If you had been mixed up with the
3 DEXHo T AKE ., “({wouldnt hava]put his foot to my house|like of that , you would never have put
B Y O o%~ R % Ahlwice, he would have been mistaken.”[another foot in my house , you may lay
T AU Bk E, to that
;z—mo » MR -2 KL
o
COMET = (.681
BLEU=9.85 [[fff ® #X @ % @ 7° [83%|Was his thoughts doubtless mistaken,|"Either his whole theory is incorrect,”
4 Wiz @A, Fho¥ % fEor he now led to the point of the mys-|I thought to myself, "or'else he will be
124, 3o Bul ~ b Etery? I thought. led now to the heart of the mystery."
PRTWVEDEDS b,
1 B orhERL,
COMET = (..790|

Table 5 The prompt for retrieve-agent

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
VA I 7 A

TV RR—HBR

S
A:

Author: Irving, Washington
Chapter Title: Westminster Abbey

Parent Work Title: The Sketch Book of Geoffrey Crayon, Gent.
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1. Proxy-tuning (%£) & Collab-MT(%&)DEEE].,

1. IFLHIC

AREEFEET /L (Large Language Model, LLM) %
BWERD T ~ISAT 28 E €S, ARIN/LLM
ZigEE L CEAFET SMERAEB EMRT -4 0D
BINFE L #@AEDET ALMA [1]%, #IfRO 7 —
70 —%R L TEEZIT o7z Tower 2] EL LD
HIRFLE LLM A" EH L TV 3,
BRZ X7 %IZL D, LLM ODXEERZ X7 ~DH
SHEATREN D —F, ETNLDOKRBELICHEN, F8
PHBICHERTEIX FOBMAREL R ->TWD
[3]. TOBBEICHIGT D720, ETILD/IT X —KY
A AN KE% LLM (K& LLM) 0BINFE T4 <,
LW/ LM UNE LLM) OAZEBINFEL, K
BLLM ENBLIMOmAZRAWTRDO b—7 v % F
Iz ecHrmLEzBETFE BHTa—7T 4
7)) PMRESATWS. flz
Nz F LT, ME LLM OFFRRICHENT 5 F
BREREOED%ZARE LLM ICNETZ 2T, BE
JEERA-FERDZR7ICEWT, BEAE LLM &
BMFZHLZETNMICEET 2L R~LEZ. Lol
7 H b, Proxy-tuning IFFPRX X 7 ICIFEAL THEH T,
N LLM DFBBERI’BREREOM EICHST 20
IIREATH 5.

=&

|£, Proxy-tuning [4] & &

AR TIE, EWHER~OICAZBMNE LIz#7-%
WAT3—7 14> FE Collaborative Decoding for
Machine Translation (Collab-MT) % 2% 3 5. Collab-
WNELLLM O FRIFESRAE % KB LLM ICHIE S
5Z¢T, Bz LEIE2FETHD. FEEB
CEMERICHHLANE LM ZBVW5 28T, B
EROMBEROICTEMAL, AANGARE LLM O
MEerzmbsEsZ L2 BT,

EROMER, KE LLM OBMFEET L OMERE
W RIE RN >72H DD, BIFEFIE Proxy-tuning £ V)
[SICBVWTEX 1273 F4 ¥ k FE-

MT (&,

BLEU X377
7-.

2. REFE
2.1. BEfFFi%: Proxy-tuning

RFEDOHNT =T 14 > 7' FiE Proxy-tuning (K 1)
i, N LLMAZBED X R 7 ICEbE TBMEE L
FEEHROFAEROENZFAL T, K& LLM O
FREHES 22 & THIREREZRALSES. i
£V, KB LLM 2 BEEEMOFET 25 Z &, HE
KRR DMRREZRALIEDZENTES,
tuning |E ZNFE CTEMBIROZ X 7 ICITERIN TS
57, EREIROZ X7 A~DOMBIZH S HTIEA L,

Z @D Proxy-
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AFIF—FERWER. 1B, 3B @ Collab-MT & (%, /M LLM #° 1B, K& LLM #* 3B D% E%ET.

=70 Fik A—3 H—[] Jh—3e G4
BLEU /BERTScore | BLEU / BERTScore | BLEU / BERTScore | BLEU / BERTScore
IB Zero-shot 15.80/0.92 339/0.78 31.91/094 23.19/0.84
Fine-tuning 20.5470.93 7.9570.85 31.37/094 23.67/0.85
3B Zero-shot 24.40/0.94 4.67/0.83 39.64/0.95 31.69/0.87
Fine-tuning 30.08/0.95 £.76 1 0.86 39.53/0.96 31171087
[1B,3B  Proxy-tmning | 2026/093 | 535/081 | ¢ 2015/093 | 1734/080
Collab-MT 26.73/0.94 7.41/0.85 38.02/0.95 30.30/0.87
$B Zero-shot 28.87/0.95 7.76/0.84 44.75/0.96 37.90/0.89
Fine-tuning 33.07/0.95 9.15/0.87 43.18/0.96 35.52/0.88
[1B,8B Proxy-tuming | 21.56/093 | ¢ 6.03/08 | ¢ 2645/094 | 21151082
Collab-MT 28.09/0.94 7.96/0.85 39.18/0.95 31.78/0.87

2.2. IREFE: Collab-MT

AR T, EIRBIFRICEHME L7 amhTa—
T 4 ¥ 7 FIK Collab-MT % 12ZET % (K 1). Collab-MT
T, 220N LM ZAEL, ZNENICRSE,
HBHWIE, BRNERBICH U MESIIFEE L, FRS
TICHLTEBMFEREZTY. £L T, Ihon/NhE
LLM OFRHERELZ, BMFEL TLWAEWLKE LLM
DFUEEBEICINET 2. HABREMET 22 &1C
W, BALTXEZERL, BRMEREOR EZH A
%,

KR T, 2 F % Collab-MT DB A RIS
278, BES L OHMEONAAFREL X7 I2HWT,
BEFLLOUMREREZERL .

3. T—%tvt

TRty LT, HE-EHFMRICIEALT,
o EMEIERICIE WMTI9?ZER L7z, ALT 7 — 4
oy g, MEEERIFE IS 1000 32, BINFEHIC 18,083
X, TR MIZ1,0173X, WMT19 7—x+t v &, #k#
EFFIFEIC 2,000 32, EINFFIC 18,000 3, TR MIC
2,998 XEFERAL WINLRFEORRT — 2 %45

L, 2EOHEET —KICL2FBZTo 7=

! https://huggingface.co/datasets/mutiyama/alt

2 https://huggingface.co/datasets/wmt/wmt19

3 https://huggingface.co/meta-llama/Llama-3.2-3B-Instruct
4 https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
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32. EFTNL

Llama 3 [6] ¥V —XDOEFTLAEFEHAL, K& LLM
1213 Llama-3.2-3B% Llama-3.1-8B*® Instruct € 7 /L % f§f
BL7. /NBLLM IZ1E, Llama-3.2-1B5% A L 7-.

33. RFE

AEEBETIE, BMFEE% LA\ Zero-shot ET /L
(Zero-shot) & BINFEE %#1T->7-ET /L (Fine-tuning)
ER—=Z274 ¢ L, BEOBATI—T 14 I FE
Proxy-tuning® & 322 Fi%& Collab-MT & % LEE L 72,

F 7, BIRMBEDFHIICIE, EET — X & LLM O
FREROKRBING—HE % R 5 BLEUT & BEMNAHE
U % B 5 BERTScore [7] Z AWM=,

4. EREBEFR

HESLOMEOWAROEREZR 7 DIEREER 1
IZRT. BEFIR Collab-MT 1E, TRTCOERE R
IZBWTEBIEFIATH S Proxy-tuning % _E[E] 5 1EEE
~L7- IS, 8B ETLEER LAHERRICELT
EREFENBEFEFEICHLTBLEU X3 7% 12.73
AV bELT. £7:, BERTScore ICHEWLTH, 1R
EFRIBFEFEE LRS-

—H T, Zero-shot DAB LLM & DB TIE, H -
EHFRTIIRZEOEREZ R LA, 8B ET L4 EH
L7-34&0ER Tld BLEU X374 6.12 KA > b F[E

3 https://huggingface.co/meta-llama/Llama-3.2-1B
¢ https://github.com/alisawuffles/proxy-tuning
7 https://github.com/mjpost/sacrebleu



DIER LI T, £, BINFF %ML /=TT )L (Fine-
tuning) TR THDRXRIZICEWTIREFE% LE-
726 DD, sk - FIHFFRTIL Zero-shot D BLEU X I
TaTRIZHERE A>T, ZORRIZ, RREFEOD
A TIEKRE LLM DOMEZ T2 ITENEBRWGEDLH
52 CmRLTWVWS. BEFEIINE LLM & XH
LLM O FRIFEREE —ZICMEL TW 21, BIIRNR
ICE>THE T 2EECIET 2D EIDTHET B
BREDFEERTTINLENH S,

5. BbYIC

RFRTIE, EWHBRICETA2BHTI—T1v 7
DHF7-%FiEE LT Collab-MT A#EEL, BIFFiHR L
DEBZBE L CZOEMEZRIE L=, BREFEE,
HADES TR MBI LLM OHAZDE D% ER
T52LT, BRMEORALERER L. ERER,
5L, —EBOBREZ X I TIEBRGFEFEZ LO 5 4RE%
RI—AT, FHELFEICL > TIEAE LLM DM
FTHICEIEHE R WEENH D Z L bR I N,

S&lE, LYHRNGREEIFEECEMNFEE DK
i BLUNELLM ORE - HAEHEEEET 52
ET, MATA—T 4T OMERLICERYED. &
B, FMRFSBLEBFRE 31 BERASORERHR
ICEDWTHERR L 72 [8].

6. BiEE
AR, EMHREFEENERBE RERE
DEFLTER BE225) ICLVBESNZLDTT.
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1. BIE

AR T}, HEBXFESMBASBONZ VRS
Ah%, EBEIKELAVERTHIE®RERE, B
BEEOEREZFOSERBRICHEL. SHERITOX
RELEREOMEERET 2, Jhic LY, SEM
DIEDHAZDEREE L. XOFELES & U ERIC
WECTEDZLAHRLT,

2. FLBIC

WE, XS BEEBAVTXEEIRD AR L
L. ZORY MVELEZ BASENE X X 7 ICGH
TEIFENERER>TWAB[1,23], INELEEEIC
R L7-ZEEBEXFTFSHBLRAICHEINATWLS
[4,5,6]7'., ESER OB IAZDELUEHE IC L]
BIEZINTWD, ZOERIL. ZEBXHFSLEE
XIEDAANXBOERZT O LD LY £, SEBEHEHR
ISBRCFEEINTLED RICH BT, TDIER. F—
DEREFONTH->TH, SBHNERD LUEDHIA
HDTEHE L ERMEMEDO EREAMENRE L 15,
ZOMBICX L, FTITHERTIE, SBEDIAHLD L, B
EBICHBTIRHKOBEREEBI LOREEZ NI
AMOETILTHE - DBET 27 7A—FHAMONTE
72[7.8]e LA L. TOAETIENBEDERE TIROIE
OABDFEDIERDO—EA KON, BASENIEL X
TDBEMETT DLW REANH -7,

Z I THAMIRTIE, EROBHREAMETZ2ET LD
HEINEL, EBERRETOEDAS EERKIRE
DENE L TR FEEZRET %, ZOBEICLY
BRELD Z e, LY FEAERRROESNE
MDD, WHEIRO REHT X X 7 [9] THERET T L
TR BEFRIERF L% LRI ERZEK L 7

3. REFE

ST D DREAM[7]& MEAT[8] Tld. EEICIKE
LBEWEKRKRRLEEBBOBEREZ L ODEERROD
BT,
INnTWiE=o
45, 5=
MLP (Z3#

2 DOD%B/N—t 7 +OY (MLP)THERK
IZH L, AR TIE 1 D0 MLP TR
RSB OBONDIIROAAS e%

. BHRRE ey EiHET 5, UEDHIAL e

CHIH L7 BHRER ey ORERREZEERE 6, &

THIET, BHRESEBRODBZBIET., UTIC
BENEXRR L EERAOESHEEZTRT,
éy = MLP(e) 1)
é,=e— &y @)

REFETIE. BHKRFAMER MLP ZLUTD 4 2D
BRBEBICEODCIAF IR IEBRICL > TAIET 5,
L =Lg+ Ly+ L+ L¢ 3)
NRESRERX Ls
AR TIL, SUEDAL e HREBKEKIR 6, % H
L UBIAAL EBHRERIOENZ /R e, & LTE
1§95, COXERRDBMBRIIE®RERREEFZRRZ
DEES LD L 2RT, REEX. BNEEXHOMm
FHICUATICERZ L5,
Ls = max(0, cos(éy, é,)) . (4)
BHERRER Ly
B Lo ROBREKIRFI L (FBE S, WRTH
WEKRKRERTIIEMUS TRV, REBX s« BNE
X tEERMEMICEMTH D720, REBEXDERE
Ry LEMEENDOERREKR (yzEDOf5Z&T
MLPZAET %, Flco Ny FAD D, TV X LICH
SEOX s G L BHERKRER &y, t'y 2 HHT 2,
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£ 1. WMT20 REHEXR7ICBIF5ATHEE DT v BRI

%25 BERKRIR en-de en-zh ro-en et-en ne-en si-en Avg.

e as

mE5-base | Baseline 0.003 0.074 0.674 0.443 0.486 0.463 0.357
DREAM 0.120 0.213 0.738 0.499 0.527 0.515 0.435
MEAT 0.119 0.209 0.735 0.500 0.533 0.514 0.435
’REFE 0.116 0.190 0.741 0.513 0.543 0.525 0.438

mE5-large | Baseline 0.020 0.100 0.734 0.556 0.538 0.493 0.407
DREAM 0.172 0.257 0.783 0.629 0.584 0.541 0.494
MEAT 0.117 0.186 0.751 0.610 0.541 0.499 0.451
’EFE | 0175 0.249 0.782 0.636 0.591 0.544 0.496

mES5-large- | Baseline 0.143 0.203 0.767 0.590 0.549 0.422 0.446

instruct | DREAM 0.212 0.290 0.765 0.595 0.585 0.499 0.491
MEAT 0.215 0.283 0.757 0.607 0.563 0.476 0.484
’EFE | 0215 0.284 0.762 0.611 0.598 0.515 0.498

7V E LICBIREBEORBKRERRIS BRI ICE M <A
Wesh, ZNENSy, By EEE S 2, UTICRKRERE
KEEET 5,

Ly = 2(1 — cos(3y, ty)) + max(0, cos(8y,5"y))

+ max(0, cos(Ey, t'y)) (5)

ZIT, BUIEIEALELUIELVWELET B
BEDITED 2BICHE > TWDRITERI N,
BRERIEX L,

ZEBNHISIBDI OB ONBEIEEDHIAL M L
ERKRBEOES L L TELEERRIE. A—5ER
+. 2F Y, 5 sMBLULMEELEE S, UTIC
SREARBEETEERT %,

L, = (1—cos(8,,s",)) + (1 —cos(t,,t7,))

REEBTIEX L

AR TIE, XBEDHA AT B E SBICHEEST 5 2
EMBEMELTWS, BTFEMIR THS DREAM [7]&
MEAT[8]ld. DBES E7/-ERE EEN OEDHIAALE
BT 2LV BEREBEEEL TVWED, BEFE
Tld, BEMITETBREIW > THRENEL AL,
ZZ T, WIRA—ROBHEKBRL B LY.
AERBOERRRERLzBE®mLI-YT 52 LT BX
TWB, UTICREETELREZEET %,

(6)

0

Le=(1—cos(8,8y + s'.)) + (1 —cos(t, by + L))

+ (1 —cos@,ty+ §))+ (1 —cos(E, 8y + &) (7
F1EEFE2HIIA-SBRLTOEBXRRZEWVICE
BcEro e, BIFELEIBEINFAXHRLOR

RERRRAILTZBRTES 22k L TWS,

4. FH@EEER

WMT20 (ZF T 2 HEMEIRO REHE (QE : Quality
Estimation) % X 7 CIREF L% FHET %5, QE I3
FROHAXE, REBXZEAANE LT, HAXDH
REBEWTETHRZR I THDH, AFRTIE. HHAX
CREBXOEUELZHTEE LT 5, AAOFEAE
ICREW, ETANHETE L BN R EHEE & AF R
BTy VEBICL > THEEAFMT 2,
4.1. ERETE

F—REYy b WMT20 D QE R X721, 6 DDE
ERNEENTVD, 6 DOEBENOARIE, HEHL
5 R4 VEE (en-de) $& VHEEN SHEE (en-zh) D
ZERSE N, V=< ZTEDIOHHEFE (ro-en) BLY
ITRMZTEDDHEEE (ct-en) ODRERSET. =
IN—)LEBHHTEEE (ne-en) BL UV U NTEN LR
(si-en) DVBREBERNTH D, FEBEFICHLT,



1,000 SR OREBEX S L VHERBIROB XL, A
FiHMIEOHEMREINT WS, THIAOHEWMEIRES
I$ fairseq YV — I/ F v FIO)ZBWLWTIIES N7
Transformer ETI/L[11]1TH %, FEITIZ, FTITHZR[S]
EREDI—NRZFEAL, ZEREENIE 100 AX
Xt RERSEM L 20 A0, PERSERILS AX
SR W=,

EFIN AFERTIE MLP I 1 BOT7 A —R 747 —
F=a—Zixy bT7—0 &RV, 2E5BXFSL
#2213 mES[12]12 Wz, BWASUEDAAIIHIRED
FHT—V RV, BREFETEANAYFHAX
% 512, @b FEE Adam[13]& L, ZBR(LLITHE
Z2[8ICRI Y. 10* & L T HuggingFace Transformers[14]
ERAWTIEL, RIT—XIFIERT —&h o E
E&BIZ 10% T 2HH L. BRIET—XICEITER )0
BEANS TRy 7BELBRWSGEICIIREZKRT L7
BEIFETED0EMLP DA THY ., % RFS1t
gRITEE L AL,

42. EBRER

F1ICQE X RV DEREREZTRT, k1 DEEIL
Ern. TOEDAIKIZE S QE XXV, BEFE
[7,8]. REFEOERAZRLEZDBOTHSE, ETILE
FOMREOFHEICEET 2 & BREFEIREFEFE
LR, ZOFEMEE RTRERE A 572, FFIC, #
BREBEND et-en, RUDERSEXFD ne-en, si-en
ICEWTH—EB L gL L L=

=:i
= AR

5. BbhWIC

AR TIE, ZEBXFTSHEN HBONIED
ABESBIERELAVEREZFHOBEURRR L, S8
EEDBERAFOEBRBICOM T 2FEEZREL T,
i L 7-BHRBZEMERO RBHE X X 7 ICAWL
28T, REFERICKD QE MM L2 MR TE
7o REFIERIL QE Mg M LI/ IF T, B
FF£THD DREAM, MEAT & lbE L CHHMES
WRTE, BREFERIG., SBRBLESTBIC,

TEOSIRED NS EHH L BRKIBOEDIC L > T
/92, COREICLY ., MEROBRIEZHE,

QE RRUDUEEREICHEET 2 L 2R LT,
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1. IFLHIC

KEESEET L (LLMs) OEFEDER(C
meﬁmu]tﬁ%éﬂé%&%ﬁﬁiiﬁﬁﬁé
n, RIENLRSH ISE%E L THRH N % BREHIC
WETHREAIEEIN TS, I 51T, Google D
BEDHAFE [2] T & SIS, T OBRBEMNHRZEIR
ZRUICSHAT 2RABEDONTWS, LAL, #
WEROT R TOUE%L LLMs ITRFT 2 0 F dah
FTLLAL, PIREFRRYRESZR 7L, FAFE
BFHRDEZESR/ITIA—KETAEFRTDHZET, &
USHEANDEAEIR FTCETTE B AR

AR TIE, B1ICRT LI
I 2BYBHE LLM ICL2BRITEEZHKE L -
TEBOBMIGTEFEERET . B1EETE, %
=78 BERT (mBERT) [3] ZAAWVLTE F—7 »VICEIR
BY INLE[NET D, HERFFHIRICEL TIERY
IR ET -2ty FAFEELAWES, SREHF
A—NRAOZ—7y b ATHAEBRY ZEAL, &
T —Rt2y bEBELF. IhICLY mBERT X
IRHEFETES, B2 BB
AL, BEINRY X
TIZEDWTEIRRX ZETIET 5.

AF R, BFRRYI’ARSINTBRLERIFES K
HoNBPFO—PlE LT, FFHRICER LTh%E
THRYX, #YRLEYX FKRIXD 3
BEOT -2ty PTERLIER, TVv3—KET
WMICEBEVEHE LLM ICK3E]EZEAEDE
-F %1%, BLEU[S] & U COMET[6] DMlzHMmIER
IZHWVWT LLM B FE% ERI-7, 72720, ik
FOTEARMBEITERAL L TEEEL LTHES. UEL

IVa—&ETIL

F—2 > L NI TDIR
Tl¥, LLM (GPT-40) [4]

T-o7-. A

ML H 5.

Y, ZERS LLM #R®IEBOhThsd—FH, I/ b
BMIYA—XETILEERNIEAEDED Z LT,
BHERICE T 28 Y RE - STEORBE L HERE S
ICEOH LMD Z ENRBINT,

2. BEMR

Wei ©1%, %575 BERT (mBERT) ZAW/-HEL
NIVEEHTE (QE) OHEH Y FEEIT-7- [7. &
HIICIE, EXEBRNZERLI-ANZRBEET IV
IZ5Z, £b—2 2P BAD LHESNDIHEREHA
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In step S11, the input torque to primary pulley 11 is calculated.
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a.Installing at least one Passive Electromagnetic Sensor as a component of distribution hardware;b.

MT 3¢

a. installing at least one passive electromagnetic sensor as a ccmlponent part of the electrical distribution hardware;b.

controlling the at least one passive electromagnetic sensor to emit e I
passive electromagnetic sensor to emit electromagnetic radiation;d. contro|

ectromaFnetic radiation;c. controlling the at least one
ling the at least one passive electromagnetic

sensor to emit electromagnetic radiation;e. controlling the at least one passive e ectromalgnetic sensor to emit electromag-

netic radiation;f. ... controlling the at least one passive electromagnetic sensor to emit e

ectromagnetic radiation;g

REFIL

a. installing at least one passive electromagnetic sensor as a component part of the electrical distribution hardware; b.
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The immune cell of claim 12, wherein the NK cell is derived from blood or a cell line; preferably, from a cell line; and

more preferably, the NK cell from a cell line is NK92 cell line.

MT 3¢

The immune cell of claim 12, wherein the NK cell is derived from blood or a cell line.

RETH

The immune cell of claim 12, characterized in that the NK cell is derived from blood or a cell line, preferably from a cell
line, and more preferably from the aforementioned cell line, specifically the NK92 cell line.
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Quality Estimation Reranking for Document-Level Translation

Krzysztof Mrozinski, Minji Kang, Ahmed Khota, Vincent Michael Sutanto, Giovanni Gatti De Giacomo

Yaraku, Inc.
ALMA-7B
Abstract z ‘ [
Quality estimation (QE) reranking is a form of quality- % -
aware decoding which aims to improve machine translation é 50 . y ——————
(MT) by scoring and selecting the best candidate from a pool § “
of generated translations. While known to be effective at the “
sentence level, its application to the increasingly prominent " 2 NleB-z 0 0_3."33 * &
domain of document-level translation remains underexplored. "
In this work, we evaluate QE reranking performance on %z e 3
document-level (rather than the typical sentence-level) é . rd
translation, using various learned and large language model é 50 o
(LLM)-based QE metrics. We find that with our best learned C
metric, SLIDE, BLEURT-20 scores improve by +2.00 with o 2 i 8 % e
Yaraku Translate
only two candidates, and by +5.09 with 32, across both o ‘ T
decoder-only LLM models and encoder-decoder neural % : e = >
machine translation (NMT) models. Using the best LLM- § N
based metric, GEMBA-DA, gains of +1.63 and +4.30 are % o
achieved under the same conditions. Although gains shrink = 56
55

with longer inputs, reranking with 32 candidates yields
improvements of +2.34 (SLIDE) and +1.40 (GEMBA-DA)
on our longest documents (512-1024 source tokens). These
findings demonstrate the practical value of document-level
QE, with minimal runtime overhead given suitable

translation models and hardware.

1. Introduction

Machine Translation (MT) evaluation metrics are widely
used to assess system performance, having been shown to
align strongly with human evaluation [1]. In contrast, the
standard decoding strategy of maximising model likelihood
(MAP) has been shown to diverge from human evaluation
[2] [3]. This motivates quality-aware decoding [4], where
MT evaluation metrics are directly integrated into the

translation process.

Quality Estimation Reranking for Document-Level Translation

1 2 4 8
Candidate pool size

Baseline Comet-Kiwi » Comet-QE Doc-Comet-QE

Comet-Kiwi (sentence) Comet-QE (sentence)

EAPrompt GEMBA-DA
EAPrompt (critical)

Figure 1: BLEURT-20 scores for QE reranking across different
pool sizes, evaluated with all QE metrics and translation models.
A pool size of 1 serves as the baseline (no reranking). Scores
generally increase with larger pools under most QE metrics, for

all translators.

Quality-aware decoding uses an MT evaluation metric to
select an optimal translation from a candidate pool.
Minimum Bayes-Risk (MBR) decoding [5] uses reference-
based metrics such as BLEU [6] or COMET [7], comparing
translation candidates against each other to select the highest

utility candidate. Conversely, reference-free metrics, or
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Quality Estimation (QE) metrics, such as Comet-Kiwi [8],

may be used for QE reranking, where the highest-scoring

candidate is chosen as the final output. Although MBR
mitigates weaknesses of MAP decoding [9], it requires

O(N?) pairwise comparisons compared to the linear O(N)

complexity of QE reranking, and translation quality gains

over QE reranking are not definitive [4] [10]. Therefore, we
focus our work on QE reranking.

While document-level MT is becoming increasingly
prominent [11], to date, document-level QE reranking has
received little attention, despite one implementation
showing promising results [12]. The leading QE metrics
such as Comet-Kiwi being sentence-level raises uncertainty
about their suitability for document-level evaluation.

In this work, we investigate the applicability of QE
metrics to document-level QE reranking. We evaluate
translation quality improvements compared to standard
decoding, examining differences across QE metrics,
translation models, candidate pool sizes, and document
lengths, as well as the associated computational trade-offs.

Our contributions are as follows:

e We demonstrate that QE reranking improves document-
level MT quality across multiple QE metrics and
translation models.

e  We analyse how reranking effectiveness varies with
candidate pool size and document length.

e  We quantify the computational trade-offs of document-

level QE reranking.

2. Method
2.1. Translators
For candidate generation, we evaluate both decoder-only
large language models (LLMs) and encoder-decoder neural
machine translation (NMT) models. While the use of NMT
models is the traditional approach, the broad pretraining of
LLMs typically enables them to generate more diverse
outputs [10], making them well-suited for QE reranking.
We experiment with ALMA-7B [13], a LLaMA2-7B
LLM finetuned for translation, and NLLB-200-3.3B [14], a
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widely used multilingual NMT model. Although both were
trained on sentence-level data, we found them sufficient for
document-level translation, given the scarcity of publicly
available document-trained models. For ALMA, the LLaMA
pretraining and additional monolingual fine-tuning stage
may further preserve document-level capabilities. We also
evaluate Yaraku Translate, our proprietary NMT model
trained directly for English-Japanese document translation.
For decoding, we adopt nucleus sampling (p = 0.9) for
ALMA [15]. For NLLB, while beam search is the typical
choice for NMT models, we opt for epsilon sampling (& =
0.02), shown to excel for MBR decoding [16]. Temperatures
of 0.6 (ALMA) and 0.5 (NLLB) balance candidate pool
diversity and quality, and have been effective for QE
reranking [10]. For Yaraku Translate, we opt for diverse
beam search [17] as an alternative to sampling, to address
difficulties in achieving diverse yet high-quality outputs
with sampling. We set G =16 groups and A= 0.5

diversity strength.

2.2. QE Metrics
2.2.1. Learned QE Metrics

We adopt the COMET model family as baseline QE
metrics, namely COMET-QE [18] and Comet-Kiwi
[9]. Although trained for sentence-level evaluation, we
test two strategies for adapting them to the document-
level.

The first averages sentence-level predictions across a
document. Documents are segmented into sentences using
Punkt [19] for English and a simple regular expression for
Japanese, then aligned by order. When source and target
sentence counts differ, the shorter text is padded by
duplicating its final sentence, ensuring equal segment counts
so that all sentences are scored. While this approach closely
aligns with the intended use case, it is flawed in practice
since document-level translators rarely preserve one-to-one
sentence alignment, which compounds with longer
documents. We refer to these metrics as COMET-QE

(sentence) and Comet-Kiwi (sentence).



The second strategy passes full documents as single
segments. Although not the intended use-case, prior work
shows this may perform comparably to metrics directly
trained for longer-context evaluation [20], likely due to the
long-context pretraining of the underlying InfoXLM
encoders [21]. This method is constrained by sequence
length limits (512 tokens for source + target for Comet-Kiwi,
512 per text for COMET-QE). We refer to these metrics
simply as COMET-QE and Comet-Kiwi.

Doc-COMET-QE [22] extends COMET-QE by
concatenating two preceding source and target sentences
(where available) to provide additional document-level
context. Sentence-level score is calculated only for the
current sentence via masking, and document-level score as
the average of all sentence-level scores. This is compatible
with COMET-QE, which pools token representations and
allows for selective masking, but not with Comet-Kiwi,
whose representation collapses into a single [CLS] token.
Although shown to improve accuracy over COMET-QE in
isolated evaluations, Doc-COMET-QE inherits the same
alignment problems as COMET-QE (sentence), limiting its
utility for QE reranking. We use the same sentence alignment
and padding approaches as outlined in COMET-QE
(sentence).

SLIDE [23] is a document-level QE approach requiring
no architectural changes, so we implement it on top of
Comet-Kiwi. It segments documents into fixed-sentence-
width, strided windows, scoring each window independently
and averaging to obtain a document-level score. SLIDE is
identical to Comet-Kiwi for any documents shorter than the
window length but mitigates sequence length limitations for
longer documents. The original work reported optimal
performance with w = 6, s = 6 (window size, stride) in
idealised conditions where documents segmented evenly.
We instead adopt their proposed weighted partial window
approach, which accommodates arbitrary document lengths.
Since the best configuration is unclear, we experiment with
both w=7, s=7 and w=7, s =1 as they both show

good performance while representing two extremes of the
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method. We use the same padding approach as outlined in

COMET-QE (sentence).

2.2.2. LLM-based QE Metrics

Given their strong performance in translation tasks, LLMs
are a natural choice for document-level QE. We evaluate two
prompting-based methods using Gemma 3 27B [24] as the
backbone. Although originally developed for sentence-level
QE, we expect them to transfer effectively to documents due
to the long-context capabilities of LLMs in MT [25].

GEMBA-DA [26] tasks the LLM with Direct Assessment,
assigning a score from 0 to 100 in a zero-shot manner. This
method is efficient, requiring minimal token generation. We
make minimal modifications to the original prompt to
account for Gemma being instruction tuned. To mitigate the
unpredictable nature of LLM output, we adopt the failure-
recovery strategy from the original work, retrying with
gradually higher temperature for up to five attempts, after
which the candidate is discarded. This introduces a small
chance of no valid candidates kept, so a fallback QE metric
may be important.

EAPrompt [27] emulates the MQM human evaluation
framework [28]. To compute the score, the LLM identifies
major and minor errors, from which a weighted sum is
computed via a regular expression. We weight major errors
eight times higher than minor errors, shown to be effective
for segment-level evaluation. We adopt one-shot prompting
with language-pair-specific in-context examples, with minor
prompt adjustments to accommodate the output style of
Gemma. Both EAPrompt and GEMBA-DA frequently
produce tied scores, which we resolve via random selection.

Although EAPrompt has shown state-of-the-art (SOTA)
performance, our experiments revealed some limitations.
First, unlike GEMBA-DA, it lacks a failure-recovery
mechanism: erroneous outputs with no listed errors are
indistinguishable from valid assessments of perfect
translations. Second, the scoring scheme is overly lenient on
critical translation errors—e.g., a nonsensical translation

may only receive one major error, while a flawed yet
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comprehensible translation has more scope for identifying
several errors. This issue is likely amplified at the document
level, where long contexts increase the risk of critical errors.
To address this, we introduce EAPrompt-Critical, which

adds a critical error category weighted at 100.

3. Experiments

For our main experiment, we generate a large pool of
candidate translations for each source text in our dataset,
score them with each QE metric, and then trim the candidate
pool to various sizes. From each pool, we select the top-
scoring candidate and evaluate it against the reference

translation using several reference-based metrics.

3.1. Dataset

We use the WMT23 test set [29] as our source of ground-
truth translations, evaluating bidirectionally between
English and Japanese. As the dataset is segmented at the
document, paragraph, and sentence levels, we merge
segments to obtain document-level translations. We augment
the data with a balanced mix of full documents and
individual paragraphs to better examine the relationship
between document length and performance. As the dataset
was released after the COMET models we evaluate, there is

no risk of overfitting, although some risk remains for

Gemma. Dataset length distributions are shown in Figure 2.
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3.2. Evaluation Metrics

We evaluate QE reranking performance using reference-
based metrics, treating the reranked translation as the
hypothesis and the dataset translation as the reference. We
consider two families: neural metrics, using BLEURT-20
[30] and COMET-22 [31], the latter setting the SOTA in
WMT 2022 shared task [32]; and LLM-based evaluation,
using the reference-based prompting framework GEMBA-
DA [26], which we had found to outperform EAPrompt. For
the backbone LLM, we use GPT-4.1-mini [33] for its strong
natural language understanding capabilities and to minimise
the risk of overfitting with our QE metrics using Gemma.
Notably, this is the only evaluation metric directly
compatible with document-level translation, as both
COMET and BLEURT impose a strict 512 token cap,
limiting their reliability on long documents.

We acknowledge the risk of overfitting when using the
same metric family for both QE and evaluation, which can
lead to evaluation scores diverging from human judgement
[4]. Nonetheless, we include COMET-22 as an evaluation
metric to enable comparison across a broad range of
evaluators and discuss the implications of overfitting in

Section 4.

4. Results
4.1. Pool Size

We first examine the effect of candidate pool size on
reranking performance. A pool size of one serves as the
baseline, equivalent to no QE reranking. As shown in Figure
1, scores generally increase with larger pools, confirming the
effectiveness of QE reranking at the document level. Gains
are observed for both LLMs and NMT models, with the
largest improvements in Yaraku Translate, likely reflecting
its document-level training. Performance does not reach a
full plateau at pool size 32, suggesting larger pools could
yield further gains. While improvements are consistent
across all evaluators, the leading QE metric varies, likely due
to evaluator-specific biases such as overfitting (e.g.,

COMET-based QE metrics evaluated with COMET-22), and
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32

ALMA-7B (GEMBA-DA / BLEURT-20 / COMET-22)

QE Metric Baseline 2
Comet-Kiwi 51.24/49.42/74.81
Comet-QE 49.88/48.95/74.79
Comet-Kiwi (sentence) 50.18/49.04 /74.16
Comet-QE (sentence) 49.39/48.86/74.45
Doc-Comet-QE 49.26 /48.79 / 74.34
47.39/47.77/72.62

SLIDE (w=7, s=7)
SLIDE (w=7, s=1)

51.24/49.44/74.74
51.23/49.46 / 74.76

53.77/50.54 / 76.04
51.32/49.61/75.91
52.12/49.94/75.04
50.62/49.50/75.32
50.50/49.41/75.28
53.66/50.54 /75.95
53.84/50.59 /76.03
55.44/49.88 /75.25
50.40/48.64/72.76
50.80/48.61/73.29

55.46/51.33/76.80
52.06/49.99/76.52
53.57/50.58/75.64
51.18/49.83/75.73
50.92/49.71/75.74
55.50/51.34/76.75
55.61/51.37/76.82
57.96 / 50.54 / 75.87
51.15/48.76 / 72.40
51.39/48.64 /73.00

56.91/51.98/77.35
52.21/50.14/76.83
54.68 /51.10/76.07
51.31/50.06 /75.85
51.16/49.95/75.98
56.77/51.87/77.29
56.99/51.98/77.41
59.64 /50.93/76.30
51.42/48.71/71.88
51.58/48.49/72.46

58.15/52.48/77.71
52.47/50.25/77.05
55.57/51.48/76.37
51.22/50.26 / 75.85
51.10/50.04 / 76.05
58.17/52.25/177.74
58.32/52.40/77.81
60.81/51.14/76.54
51.53/48.57/71.30
51.54/48.32/71.88

NLLB-200-3.3B (GEMBA-DA / BLEURT-20 / COMET-22)

GEMBA-DA 51.95/48.97/74.14
EAPrompt 49.18 /48.31/72.88
EAPrompt (critical) 49.53/48.40/73.29
Comet-Kiwi 55.88/50.09 / 75.94
Comet-QE 54.47/49.87/75.93

Comet-Kiwi (sentence)
Comet-QE (sentence)
Doc-Comet-QE

SLIDE (w=7, s=7)
SLIDE (w=7, s=1)

50.92/48.09 / 73.72

54.64/49.70 / 75.35
53.98/49.62/75.52
53.70/49.54 / 75.40
55.63/50.05/75.84
55.73/50.08 / 75.90

58.94/51.48/77.26
56.53/51.03/77.19
57.08 /50.75/76.32
55.97/50.63 /76.55
55.25/50.52/76.27
58.68/51.44/77.10
58.70/51.37/77.15
59.57/50.93 /76.49
54.56/49.62/74.33
55.13/49.75/74.90

61.12/52.46/78.14
57.67/51.80/78.03
58.86/51.53/76.97
57.12/51.28/77.24
55.99/51.08/76.79
60.79 /52.40/77.90
60.82/52.36/78.01
62.20/51.77/77.21
55.25/49.98 /74.08
56.04 /50.17/74.99

62.66/53.16 / 78.78
58.31/52.32/78.63
60.22/52.12/77.49
58.00/51.77/71.76
56.26/51.43/77.07
62.26/53.09/78.51
62.26 /53.00/ 78.65
64.04/52.41/77.71
55.57/50.18 /73.65
56.65/50.47/74.95

63.75/53.53/79.25
58.65/52.69/79.06
61.36/52.53/77.91
58.58/52.08/78.07
56.13/51.69/77.22
63.27/53.49/78.91
63.17/53.35/79.06
65.55/52.94/78.10
55.42/50.17/72.97
56.92/50.67 / 74.80

Yaraku Translate (GEMBA-DA / BLEURT-20 / COMET-22)

GEMBA-DA 56.07 /49.79 / 75.49
EAPrompt 53.18/49.03 /74.20
EAPrompt (critical) 53.51/49.12/74.56
Comet-Kiwi 76.21/57.76 / 80.66
Comet-QE 74.92/57.48 / 80.63
Comet-Kiwi (sentence) 75.20/57.31/80.26
Comet-QE (sentence) 74.69/57.26/80.31

Doc-Comet-QE
SLIDE (w=7, s=7)
SLIDE (w=7, s=1)

70.21/55.37/78.61

73.43/56.84/79.99
76.21/57.74 / 80.64
76.23/57.71 / 80.64

GEMBA-DA 76.37/57.46 / 80.37
EAPrompt 74.30/56.99 /79.86
EAPrompt (critical) 74.66 /57.04 /79.98

79.33/59.15/81.80
77.01/58.64/81.69
78.05/58.50/81.23
76.97/58.38/81.28
74.94/57.64 / 80.74
79.34/59.10/ 81.73
79.41/59.12/81.77
79.60 / 58.67 / 81.33
76.62/57.97/80.57
77.07 /57.98 / 80.68

80.81/59.91/82.45
77.66/59.15/82.25
79.56 /59.24 / 81.81
77.89/58.90/81.78
75.37/57.97/81.11
80.91/59.90/82.39
80.89/59.89/82.41
81.12/59.34/81.83
77.79 / 58.53 / 80.87
78.24/58.41/80.99

81.49/60.32/82.84
77.85/59.42/82.59
80.36/59.65 / 82.20
78.23/59.16 / 82.10
75.33/58.03/81.26
81.77/60.40 / 82.85
81.77/60.40 / 82.87
82.07/59.76 / 82.15
78.35/58.84/81.00
78.64 /58.52/ 81.08

81.81/60.61/83.14
78.18/59.60 / 82.83
80.81/59.91/82.49
78.42/59.39/82.36
74.50/57.80/81.25
82.27/60.76 / 83.18
82.28/60.73 / 83.18
82.64/60.06 / 82.36
78.41/58.97/80.93
78.68 / 58.42 / 81.00

Table 1: QE reranking performance across all pool sizes reported as GEMBA-DA / BLEURT-20 / COMET-22 scores for each

QE metric and translator. Best scores for each evaluator and pool size are highlighted and denoted in bold.

sequence length constraints in COMET-22 and BLEURT,
which limit their ability to fully capture the advantages of
LLM-based QE metrics which can handle longer sequences.
Full results are given in Table 1.

Among COMET-based metrics, Comet-Kiwi consistently
outperforms COMET-QE. Notably, scoring entire
documents in one pass also outperforms per-sentence
averaging in all settings. The gap is smallest, however, for
Yaraku Translate, which enforces sentence alignment,
suggesting the benefit of aligned outputs. In contrast, Doc-
COMET-QE provides no benefit and ranks among the
weakest QE metrics. Both configurations of SLIDE

performed very similarly to each other and to standard
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Comet-Kiwi, only providing marginal gains in some cases.
This is expected, as our SLIDE implementation is built upon
Comet-Kiwi.

The LLM-based metrics show mixed results. When
evaluated with BLEURT and COMET, GEMBA-DA
performs well but slightly below the best-performing
COMET-based metrics. This is unsurprising due to the
potential overfitting risks of the COMET-based QE metrics.
However, with GPT as the evaluator, GEMBA-DA achieves
the best performance. Naturally, there is also an overfitting
risk in this case, but the difference in backbone LLM
attempts to minimise this. Surprisingly, while adding the

critical category helps, EAPrompt generally showed poor
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Figure 3: QE reranking performance for all QE metrics at
pool size 32, averaged across all translator models. Gains
diminish with longer documents but remain above the

baseline (pool size 1) for most metrics.

performance.

4.2. Length

We expected QE performance to degrade with longer
inputs: learned metrics were not trained for long sequences,
and LLM attention tends to diverge over extended contexts
[34]. The results shown in Figure 3 confirm this hypothesis.
QE metrics perform best on short inputs, but performance
remains stable up to ~256 source tokens, indicating
reasonable capability in multi-sentence contexts. Beyond
this point, performance rapidly declines, reflecting the 512
token limit for combined source and target texts in most QE
metrics and evaluators. Nonetheless, most QE metrics
continue to provide a performance gain over the baseline
even at the longest tested sequence lengths.

The extent of degradation varies across metrics. SLIDE
exhibits similar performance to Comet-Kiwi for short
sequences but retains slightly higher performance for long

sequences, thanks to the sliding window approach avoiding
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Figure 4: Runtime by source length and pool size for all QE
metrics and translators. Translation runtime rises steeply for
models not trained at the document level, while QE runtime

remains a small fraction of the overall runtime.

the token limit. Additionally, when GPT is used as an
evaluator, the lead of GEMBA-DA as a QE metric becomes
the biggest for long sequences, highlighting the long-context

capabilities of LLMs.

4.3. Runtime

Runtime is difficult to assess in a hardware-agnostic
manner, as it depends heavily on GPU memory,
implementation details, batch size, and document length. In
our experiments, we used a cluster of 4 NVIDIA A6000
GPUs, sharding models so that the maximum pool size could
be processed in a single batch. To ensure fairness, we fixed
the batch size for both translation and QE models at 32 (the
largest pool size). Although many QE models could support

larger batch sizes, this cap highlights the potential slowdown



of metrics requiring multiple evaluations per candidate. We
show the translator and QE metric runtime in Figure 4.
Among translators, Yaraku Translate shows little
sensitivity to pool size, likely reflecting the efficiency of its
dynamic beam search decoding. Counterintuitively, the
smaller NLLB model is slower than the larger ALMA,
exploding exponentially with both pool size and input length.
This is primarily due to difficulty generating stop tokens;
hallucinated outputs often reach the token limit, delaying the
entire batch. This highlights the value of document-level
translation models and effective stopping strategies. To
partially mitigate this issue, we apply an adaptive maximum
token limit defined as:
Higt
Hsre

ra)

where L;, is the input token length, a, = 10, a, = 2 are

min (Nceil' [Lin S

additive and multiplicative margin factors, N = 2048 is
a hard ceiling, and fig, pec denote the average dataset
token lengths for the current target and source languages,
respectively. This caps hallucinated translations while
retaining sufficient headroom for legitimate document-
length variability.

For learned QE metrics, runtime grows modestly with
pool size and sequence length. Methods requiring multiple
evaluations per candidate, namely SLIDE, Doc-COMET-QE,
and the sentence-based COMET variants, exhibit steeper
growth on longer documents. Between SLIDE
configurations, while s =1 and s =7 exhibit similar
performance, s =1 incurs significantly higher runtime,
making s = 7 the more practical choice. Comparison
between learned QE metrics and LLM-based methods is
complicated by experiment setup limitations (Gemma was
hosted on a GH200 NVIDIA GPU), yet GEMBA-DA runs
substantially faster than both EAPrompt variants, as it
requires minimal token generation. GEMBA-DA, however,
exhibits higher runtime growth with larger pool sizes, likely
reflecting the higher probability of triggering its failure-

prevention strategy.
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5. Conclusion

We investigated the applicability of QE reranking to the
document translation domain and found consistent
translation quality gains over standard decoding across
various QE metrics and translation models. Gains increased
with translation candidate pool size and were not saturated
at 32, indicating further potential improvement. Methods
that score full documents in one pass consistently
outperform sentence-level averaging, even with QE metrics
designed for sentence-level scoring. SLIDE was found to be
the best performing QE metric, matching Comet-Kiwi on
short inputs while being more performant on long documents.
Among LLM-based methods, GEMBA-DA was found to be
competitive when evaluated with COMET-22 and BLEURT,
and leads under GPT evaluation. Although performance
gains decline for long documents beyond 256 source tokens,
QE reranking improves translation quality even for the
longest documents in our dataset. Runtime analysis showed
that all QE metrics represent a fraction of total translation
runtime cost, allowing for near cost-free performance gains

under certain conditions.

Limitations

This study has several limitations. First, although we
tested multiple pool sizes, performance did not reach a clear
saturation point (i.e., a peak followed by stagnation), which
would have provided stronger evidence of the limits of QE
reranking. Second, resource constraints prevented us from
exploring more diverse LLM prompting methods for
evaluation, limiting our ability to fully exploit the potential
of LLMs. Third, most QE models remain constrained by a
512-token limit, restricting their applicability for longer
documents. Lastly, this study lacks human evaluation, which
reduces the reliability of our tested evaluation metrics, and
would have allowed us to better explore the extent of

overfitting.
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