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Preface

Many Asian countries are rapidly growing these days and the importance of communicating and ex-
changing the information with these countries has intensified. To satisfy the demand for communication
among these countries, machine translation technology is essential.

Machine translation technology has rapidly evolved recently and it is seeing practical use especially
between European languages. With the recent progress of Al technology, machine translation is now
frequently treated as one of the benchmarks for large language models (LLMs). Nevertheless, machine
translation technology is still far from perfect: the translation quality of Asian languages remains lower
than that of European languages, and problems such as low-resource languages persist. This is not only
due to the lack of the language resources for Asian languages but also due to the lack of techniques to
correctly transfer the meaning of sentences from/to Asian languages. Consequently, a place for gathering
and sharing the resources and knowledge about Asian language translation is necessary to enhance ma-
chine translation research for Asian languages, and WAT will continue to provide a venue for analyzing
the current state of machine translation technology and discussing its further development.

The Conference on Machine Translation (WMT), the world’s largest machine translation conferen-
ce, mainly targets on European language. The International Workshop on Spoken Language Translation
(IWSLT) has spoken language translation tasks for some Asian languages using TED talk data, but there
is no task for written language. The Workshop on Asian Translation (WAT) is an open machine tran-
slation evaluation campaign focusing on Asian languages. WAT gathers and shares the resources and
knowledge of Asian language translation to understand the problems to be solved for the practical use of
machine translation technologies among all Asian countries. WAT is unique in that it is an “open innova-
tion platform”: the test data is fixed and open, so participants can repeat evaluations on the same data and
confirm changes in translation accuracy over time. WAT has no deadline for the automatic translation
quality evaluation (continuous evaluation), so participants can submit translation results at any time.

Following the success of the previous WAT workshops (WAT2014 — WAT2025), WAT2026 will
bring together machine translation researchers and users to try, evaluate, share and discuss brand-new
ideas about machine translation. For the 13th WAT, we have the 2nd Patent Claims Translation/Evaluation
Task and the English—Indic Multimodal Translation Tasks. We have 4 teams who submitted their results.

In addition to the shared tasks, WAT2026 also features research papers on topics related to machine
translation, especially for Asian languages. We received 9 research papers submitted including ARR
commitment, and the program committee accepted 7 research papers.

We would like to thank all the authors who submitted papers. We express our deepest gratitude to

the committee members for their timely reviews. We also thank the AACL-IJCNLP2026 organizers for
their help with administrative matters.
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PSMT-eval: A Benchmark Dataset for Machine Translation Evaluation in
Punjabi Shahmukhi

Abdul Basit and Abdul Hameed Azeemi
Lahore University of Management Sciences, Lahore, Pakistan
{a_ basit, abdul.azeemi}@lums.edu.pk

Abstract
This paper introduces PSMT-eval, a new
dataset for machine translation (MT)
evaluation in Punjabi Shahmukhi, a low-

resource language spoken by over 80 million
people. We constructed an English—Punjabi
Shahmukhi parallel corpus through pivot-
based human translation, where the Urdu
side of existing English-Urdu datasets was
manually translated into Punjabi Shahmukhi.
Four widely used English—Urdu datasets were
selected: tatoeba-test.eng-urd, FLORES101,
IN22, and MKB, with total count of 5182
sentences. To assess the dataset, we evaluated
translations generated by state-of-the-art large
language models (LLMs), including GPT-5,
GPT-OSS-120B, Claude 4 Sonnet, LLaMA-
3.3 70B Instruct, and Qwen-3 32B. Results
show that only Claude 4 Sonnet achieved
competitive performance, with a maximum
SacreBLEU score of 17.51 on IN22. GPT-5
followed with a maximum SacreBLEU score
of 10, while other models performed poorly.
Further analysis highlights major challenges
in Punjabi Shahmukhi MT. To the best of our
knowledge, this is the first benchmark dataset
specifically for MT evaluation in Punjabi
Shahmukhi. PSMT-eval is a valuable resource
for advancing low-resource MT research and
is publicly ! available to support future work.

1 Introduction

There has been tremendous growth in natural
language processing (NLP) in terms of tasks,

models, and datasets for high-resource languages.

However, progress in low-resource languages
remains limited, even for fundamental tasks
such as machine translation (MT). Among these
low-resource languages is Punjabi Shahmukhi,
spoken by over 80 million people?, yet highly

"https://huggingface.co/datasets/Niazi/PSMT
EVAL

“https://www.pbs.gov.pk/sites/default /files/
population/2017/tables/pakistan/Tablel1n.pdf

1

underrepresented in the NLP domain.

Punjabi is widely spoken in both Pakistan and
India, but it is written in two distinct scripts:
Shahmukhi,is a right-to-left script derived from
the Perso-Arabic script and primarily used in
Pakistan, and Gurmukhi, derived from Indic
scripts and used mainly in India (Saini and Lehal,
2011). Existing benchmarks such as FLORES-101
(Goyal et al., 2022) provide valuable resources for
MT evaluation in many low-resource languages,
including Punjabi, but only in the Gurmukhi
script. Extending these resources to Shahmukhi
may appear straightforward, yet it presents
unique challenges due to script differences, lack
of tools, and limited prior resources. As a
preliminary experiment, we translated the first
100 sentences from the Tatoeba Translation
Challenge (tatoeba-test.eng-urd) dataset into
Punjabi Shahmukhi using a pivot-based human
translation approach and evaluated it on GPT-4.
The system achieved a SacreBLEU score of
only 9, indicating very poor translation quality.
Table 1 illustrates representative cases, where
sentences intended to be translated into Punjabi
Shahmukhi were instead rendered in Urdu. This
outcome highlights the difficulty of the task and
motivates the development of a dedicated dataset
specifically for machine translation evaluation in
Punjabi Shahmukhi. Establishing standardized
evaluation datasets accelerates progress in
model development by providing consistent
and challenging benchmarks. = The proposed
Punjabi Shahmukhi test set PSMT-eval serves as
a foundational resource to facilitate systematic
evaluation and guide future improvements in
model performance.

2 Related Work

Parallel corpora are the foundation of modern
machine translation, enabling the training

Proceedings of the 13th Workshop on Asian Translation (WAT 2026), pages 1-8
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Source (English) Reference

(Punjabi Shahmukhi)

Translation | GPT-4 Translation

How rude of you!.

il 3oy 150 ool

lad o1 uad &y S

Science can be used for good or

evil purposes. e aS > Ly

oA xoda < 3lo by Six 495 bl

S solie .y U _anl uils
= S 5 LS Jlasiw!

The animal died from hunger

5 gl 3o JU Say ygils o

LS ya _w Soay ygil> o9

My best friend is a book.

<l &Ju;&?é“ ols

= S 93 (i Gawe VS

Urdu is her mother tongue

<l Jo ple gugl 93l

-2t oLl ssle (Sl 9a)

Table 1: Comparison between reference translations and GPT-4 outputs in Punjabi Shahmukhi.

and evaluation of data-driven models across
languages. A number of large-scale resources
have been developed for high-resource languages,
creating standardized benchmarks for fair system
comparison. The Europarl corpus (Koehn,
2005) is one of the earliest and most widely
used resources, containing proceedings of the
European Parliament. It provides a standardized
test set of approximately 40,000 sentence pairs
(about one million words) from the last quarter of
2000, with subsets aligned across 11 European
languages. Similarly, the United Nations corpus
Ziemski et al. (2016) provides a large, multilingual
parallel resource for the six official UN languages,
comprising test sets of 4,000 unique, one-to-one
aligned sentences across all languages. For low-
resource languages, Tiedemann (2020) provides
training and test sets for machine translation
across more than 500 languages. For each
language, each test set contains at least 200
sentences. For multilingual and low-resource MT,
several benchmark resources have been introduced
in recent years. The FLORES evaluation datasets
(Guzman et al., 2019) were specifically designed
for low-resource languages such as Nepali and
Sinhala. The test set comprises 2,924 sentences
for Nepali-English and 2,905 sentences for
Sinhala—English. This effort was later expanded
into FLORES-101 (Goyal et al., 2022), which
covers over 100 languages and provides a unified
evaluation framework with the test set of 997 per
language pair. However, for Punjabi, FLORES-
101 only includes the Gurmukhi script, used
primarily in India, while excluding Shahmukhi,
the Perso-Arabic script variant widely used in
Pakistan. For Indian languages, the IN22 test set
was introduced by Gala et al. (2023). It covers 22
Indian languages, with each test set containing
1,503 sentence pairs. While it includes Punjabi,
the data is available only in the Gurmukhi script.

In summary, although a wide range of benchmark
datasets exist for high-resource and several
low-resource languages, Punjabi Shahmukhi
remains critically underrepresented.  Existing
resources either focus on Punjabi Gurmukhi
or exclude Shahmukhi altogether. To the best
of our knowledge, no standardized dataset has
been developed for English—Punjabi Shahmukhi
MT evaluation. Our work addresses this gap
by introducing PSMT-eval, a parallel corpus
designed specifically for evaluating MT systems
on Punjabi Shahmukhi, thereby contributing a
novel benchmark to the NLP community.

3 Methodology and Experiments

Since Punjabi Shahmukhi is written in the same
Perso-Arabic script as Urdu, the two languages
share orthography and some vocabulary. However,
they remain distinct, with important cultural and
linguistic differences (Saini and Lehal, 2011).
To construct the dataset, we first identified
suitable Urdu resources to serve as the source
for translation into Punjabi Shahmukhi. We
then engaged a linguistic expert proficient who
is a native speaker in both Urdu and Punjabi
Shahmukhi and published work in Punjabi to
carry out high-quality human translations. Each
dataset was translated using a segment-by-segment
approach. To validate the translations, we
randomly selected ten percent of the sentences
from each dataset and asked an independent
linguistic expert to verify their accuracy and
faithfulness. If needed they provide the alternate
translation. The linguist experts were compensated
with market-competitive rates.

3.1 Data Creation

To create PSMT-eval, we selected four publicly
available test datasets. First, we utilized the
tatoeba-test.eng-urd test set (Tiedemann, 2020),



Dataset Total Avg. words per | Avg.  length | Avg. word | Avg. char ratio
Sentences sentence per sentence ratio

Flores101 | 997 25.89 121.99 0.82 1.04

MKB 1019 20.05 93.25 0.96 1.18

tatoeba-test | 1663 6.94 31.84 0.91 0.99

IN22 1503 11.56 53.02 0.88 1.01

Table 2: Statistics of Punjabi Shahmukhi datasets used in this study, including the total number of sentences, average
words per sentence, average sentence length in characters, average Word ratio (EN/PNB), and average char ratio

(EN/PNB).
Model tatoeba- MKB IN22 FLORES101
test.eng-urd

GPT-5 7.69 6.64 10.00 8.89
GPT-0OSS-120B 7.32 5.72 9.58 7.81

Claude 4 Sonnet 14.49 11.40 17.51 14.93

Qwen 3 32B 2.00 3.12 3.01 3.62
LLaMA-3.3 70B Inst. | 7.80 5.21 6.54 7.14

Table 3: SacreBLEU scores of five large language models on PSMT-eval

Model tatoeba- MKB IN22 FLORES101
test.eng-urd

GPT-5 35.42 34.92 39.01 38.26

GPT-0OSS-120B 33.88 33.37 38.03 37.7

Claude 4 Sonnet 41.97 40.06 45.18 44.42

Qwen 3 32B 19.19 21.30 21.42 24.46

LLaMA-3.3 70B Inst. | 28.68 21.27 2441 23.69

Table 4: Chrf++ scores of five large language models on PSMT-eval
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Figure 1: Sentence Length Distribution across Punjabi Language Datasets. This figure illustrates the distribution
of sentence lengths (in words) across four Punjabi datasets: Flores101, MKB,tatoeba-test.eng-urd, and IN22. Each
subplot shows the mean (red dashed line) and median (blue dotted line) sentence lengths, highlighting variation in

dataset characteristics and text complexity.

which is part of the Tatoeba Translation Challenge
and includes test sets for over 500 languages.
Our study specifically focuses on the Urdu subset.
It consists of simple, informal, short sentences.
Second, we employed the FLORES-101 dataset
(Goyal et al., 2022), a valuable benchmark for
low-resource languages covering 101 languages,
which is multidomain, from which we used the
Urdu portion. Third, we incorporated the Mann Ki
Baat test dataset (Siripragada et al., 2020), which
contains Urdu translations of speeches delivered
by the Indian Prime Minister in multiple Indian
languages; its domain is political. Finally, we used
the IN22 test set (Gala et al., 2023), which provides
a parallel corpus for 22 Indian languages, selecting
the Urdu subset for our work. It spans 13 different
domains, including Culture, Economy, Education,
Entertainment, Geography, Government, Health,
Industry, Legal, News, Religion, Sports, and
Tourism.

3.2 Inter-Annotator Agreement

Evaluation was conducted by two evaluators
holding a Master’s degree in Punjabi (Shahmukhi)
and fluent in Urdu, who independently rated the
Punjabi Shahmukhi translation of each sampled
sentence against its Urdu source using a 5-
point adequacy scale (1 = Unacceptable to 5 =
Perfect).Inter-annotator agreement was measured
using quadratic-weighted Cohen’s Kappa(Cohen,
1960, 1968) on a 10% sample (518 sentences)
drawn independently from each of the four datasets.
Combined agreement was moderate (Landis and
Koch, 1977) (k = 0.549, 65.1% raw agreement),
with substantial agreement on Indic (k = 0.785)
and MKB (K = 0.606), moderate agreement on
Flores (k = 0.432), and slight agreement on OPUS
(k = 0.141) despite 63.3% raw agreement there.
The lower scores reflect a systematic one-point
scoring offset between evaluators on Flores and
a skewed score distribution on OPUS a known
cause of deflated kappa despite high observed
agreement(Feinstein and Cicchetti, 1990), rather



than random disagreement.

3.3 Data distribution

The figure 1 illustrates clear differences in
sentence length distributions across the four
Punjabi datasets. The Flores101 dataset exhibits
a moderately right-skewed distribution, with most
sentences ranging between 15-30 words and a
close alignment between the mean (25.9) and
median (25), reflecting a balanced structure typical
of translation benchmarks. The MKB dataset
shows a slightly longer tail, with a mean of
20.1 and a median of 18, indicating moderate
variability and the presence of longer sentences. In
contrast, the tatoeba-test.eng-urd dataset displays
a sharp peak between 5-10 words, with a mean
of 6.9 and a median of 6, suggesting shorter
and simpler sentence constructions characteristic
of conversational or instructional content. The
IN22 dataset demonstrates a wider spread, with
a mean of 11.6 and a median of 10, reflecting
relatively short yet diverse sentence lengths and
greater heterogeneity within the corpus.

Table 2 summarizes key statistics for these
datasets. Flores101 contains 997 sentences with
the highest average of 25.89 words and 121.99
characters per sentence, indicating more complex
and information-dense text.  tatoeba-test.eng-
urd, despite being the largest corpus with 1,663
sentences, exhibits the shortest average sentence
length 6.94 words and 31.84 characters, implying
simpler or fragmented linguistic structures. MKB
and IN22 fall between these extremes, with MKB
comprising 1,019 sentences averaging 20.05 words
and IN22 including 1,503 sentences with an
average of 11.56 words per sentence, representing
moderate complexity levels across these corpora.

3.4 Models

To evaluate the effectiveness of PSMT-eval,
we selected a diverse set of state-of-the-art
large language models (LLMs), encompassing
both commercial black-box systems and publicly
available open-weight models. Specifically, we
assessed the performance of proprietary models
GPT-5 (OpenAl) and Claude 4 Sonnet (Anthropic)
alongside open-weight models, including GPT-
OSS-120B, LLaMA-3.3 70B Instruct (Meta), and
Qwen-3 32B (Alibaba). We employed large
language models in this study due to the absence of
any publicly available machine translation systems
capable of translating from English to Punjabi

Shahmukhi.

For GPT-5, we configured the reasoning effort
parameter to minimal and set verbosity to low,
while for the open-weight models we fixed the
temperature at 0.1. These settings were chosen to
minimize stochastic variation and ensure outputs
suitable for machine translation tasks.

To standardize the evaluation, all models were
prompted with the instruction: “Please translate
the English sentence into Punjabi Shahmukhi
script. Only return the translation.” To enhance
task clarity, we supplemented this with the
contextual cue “You are an expert English-to-
Punjabi translator. Translate the given English
text to Punjabi using Shahmukhi script (Perso-
Arabic-based script). Provide only the translation
without any explanations, notes, or additional text.
Maintain the original meaning and context while
ensuring natural Punjabi expression.”

In open-source LLMs, GPT-OSS-120B* and
LLaMA-3.3 70B* Instruct were accessed via the
Fireworks API , while Qwen-3 32B> was deployed
using the Groq API. This setup enabled efficient
experimentation under consistent conditions,
ensuring comparability across both proprietary
and open-weight systems.

3.5 Maetrics

We evaluate translation performance using the
SacreBLEU metric with default settings (Post,
2018), which provides standardized tokenization
and scoring for detokenized output, ensuring
fair and reproducible comparisons across models.
In addition, we report Chrf++ scores (Popovié,
2017), a character n-gram-based metric that
is particularly effective for languages with rich
morphology and complex sentence structures.

3.6 Results

The evaluation results reveal a clear performance
gap between proprietary and open-weight models.
Among all systems, Claude 4 Sonnet consistently
outperforms others, achieving the highest
SacreBLEU3 and Chrf++4 scores across all
datasets. GPT-5 ranks second overall, producing
competitive results particularly on the IN22 and

*https://fireworks.ai/models/fireworks/
gpt-o0ss-120b

*https://fireworks.ai/models/fireworks/
llama-v3p3-70b-instruct

https://console.groq.com/docs/model /qwen/
qwen3-32b
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Issue

Source

Reference Translation
(Punjabi Shahmukhi)

Model Translation

Issue Detail

Language Error

The hostel’s guests were mostly
citizens of the United Arab
Emirates.

oasia gy 5 oaly s Jriwgl
O g <3 Dlslal ye

e oaxia i 0sl) plage S Jrwly
2 gy S wlylal

All sentence is translated in Urdu
Rather then Punjabi Shahmukhi

Mistranslation

A hostel collapsed in Mecca, the
holy city of Islam at about 10
o’clock this morning local time.

z! 79 So b peade <o pdlsl
Sila o Lo elis e yigw
LS8 35 Jsly 29 10 <y

5 pdal (LS 55 Jrasy S s <o
=22 10 585 53 mas e e
cdg el

<9« (Morning) is replaced
by s2 ~« (after noon) in the
translation.

Word-Omission

its second claw was larger,
giving rise to the name
Hesperonychus which means

“western claw.”

08 e g e e B L
Sdsde oo U e uSSgsea
BCSTRRETE VP RO 1Y) KRV 7Y

O e s &30 A5 298 o8 ull
O9ssgusst pU 13 Gl S

Missing the translation of which
means "western claw.” .

Different language

Pittman suggested that
conditions wouldn’t improve
until sometime next week

iy 8IS B oplal b eaty
S e et Sz il S5

feits & geifenr & AfaS B-
g &It IIM I TE3 © I8
W 34|

The whole sentence is translated
in Gurmukhi rather than in
Punjabi Shahmukhi

Transliteration

Following the race, Keselowski
remains the Drivers’
Championship  leader  with
2,250 points.

JU s (lslgy 2,250 amy s 5o
Saexr ¢ obesld Swglluws
RETRISR A

2,250 _Swi¥iS wmy S ey
saey 338503 aile S uidley
-t Ly 5By 1S

sy used instead of g in
translation.

Table 5: Examples of different Punjabi translation issues observed in Neural Machine Translation outputs.

Flores101 datasets though it still lags behind
Claude.

In contrast, open-weight models demonstrate
mixed and generally weaker performance. GPT-
OSS-120B shows promise, achieving relatively
strong Chrf++ scores (close to GPT-5 in some
cases). However, LLaMA-3.3 70B Instruct
and especially Qwen-3 32B perform poorly,
with very low SacreBLEU and ChrF++ scores.
Their weak results highlight the limitations of
current open-weight models when applied to low-
resource language translation without domain-
specific adaptation.

The performance patterns remain consistent
dataset-wise: Claude dominates across tatoeba-
test. eng-urd MKB, IN22, and Flores101, followed
by GPT-5, while open-weight models trail behind.
The stronger ChrF++ scores for proprietary models
indicate their robustness in capturing complex
linguistic features. This performance indicates
that there is a large room for improvement in the
open weight models and also in the proprietary
models for low-resource languages like Punjabi
Shahmukhi.

4 Challenges

Our research has unveiled several challenges
associated with Punjabi Shahmukhi translation.
These challenges vary across models—some
models exhibit a higher frequency of specific
errors, while others demonstrate comparatively
fewer issues. All issues fall under the domain of
accuracy (Lommel et al., 2013). The challenges
are summarized below:

* Machine translation between closely related

languages tends to be less challenging and
generally produces fewer errors compared
to translation between distant languages
(Popovi¢ et al.,, 2016). Claude Sonnet 4
demonstrates a recurring issue in which it
translates the target sentence from English
into Urdu instead of Punjabi Shahmukhi.
This challenge persists across all evaluated
models, likely due to the high degree
of orthographic and linguistic similarity
between Urdu and Punjabi Shahmukhi. This
issue is illustrated in the first row of Table 5.

* When a translation fails to accurately convey
the meaning of the source text, it is referred
to as a mistranslation (Freitag et al., 2021).
This issue was observed across all evaluated
models. For instance, the LLaMA-3 70B
Instruct model demonstrates this challenge, as
illustrated in the second row of Table 5.

* Neural Machine Translation (NMT) systems
often omit important words from the source
text, which noticeably reduces the adequacy
and completeness of the translation (Yang
et al.,, 2019). This challenge is primarily
observed in GPT-OSS-120B and, to a lesser
extent, in other models. For example, in the
third row of Table 5

* Qwen 3 (32B) and LLaMA 3.3 (70B Instruct)
frequently produce translations in Punjabi
Gurmukhi rather than Punjabi Shahmukhi,
despite the contextual instruction clearly
specifying that the output should be in
the Perso-Arabic (Shahmukhi) script. In
contrast, GPT-5 and GPT-OSS-120B exhibit



Error Type Qwen 3 32B | GPT-0OSS- LLaMA-3.3 | GPT-5 Claude 4
120B 70B Sonnet

Language Error 19.0 18.8 20.0 19.2 33.3

Mistranslation 14.3 12.5 20.0 154 16.7

Word Omission 14.3 31.3 13.3 154 11.1

Different Language | 38.1 94 33.3 11.5 222

Transliteration 14.3 28.1 13.3 38.5 16.7

Table 6: Error type distribution (%) across models on all dataset

fewer occurrences of this issue. This
error is categorized as Major Severity
because it substantially compromises the
clarity, reliability, and practical usability of
the translated text for its intended purpose
(Alemayehu et al., 2024). This issue is
demonstrated in the fourth row of Table 5.

* Transliteration errors may occur due to
unclear transliteration choices or inconsistent
segmentation between the source and target
text (Sennrich et al., 2015). This issue is
observed across models, with an example
provided of GPT-5 in the last row of Table 5.

e To quantify translation error patterns, a
stratified random sample of 270 sentences
was drawn proportionally across all four
corpora — Flores101 (n=51), MKB (n=54),
Tatoeba-test (n=86), and IN22 (n=79) —
with each stratum’s sample size reflecting
its relative proportion of the total 5,182
sentences. Table 6 presents the resulting
percentage distribution of each error type
across all five models on all four datasets,
providing a comprehensive cross-model
and cross-corpus view of translation error
patterns in Punjabi Shahmukhi.

4.1 Reasons

We observed that the primary challenges arise
from models translating sentences either into
Urdu or Gurmukhi rather than Punjabi Shahmukhi.
Although Urdu shares significant orthographic
similarity with Punjabi Shahmukhi, the two
languages differ culturally and linguistically. We
hypothesize that the limited availability of Punjabi
Shahmukhi data contributes to this performance
limitation across models.

5 Limitation and Conclusion

In this study, we introduced PSMT-eval, a
benchmark dataset designed for evaluating
machine translation performance on Punjabi
Shahmukhi, and assessed several state-of-the-
art large language models (LLMs) using it.
Our evaluation revealed that existing LLMs
exhibit notable limitations when handling low-
resource languages, particularly in accurately
distinguishing between closely related scripts
such as Urdu, Gurmukhi, and Shahmukhi. These
findings underscore the urgent need for more
robust translation systems and fine-tuned models
that can effectively handle the linguistic and
cultural nuances of underrepresented languages.

One key limitation of this work lies in the
restricted availability of high-quality Punjabi
Shahmukhi data, which may have influenced the
models’ overall performance. Additionally, the
evaluation primarily focused on general-domain
text, leaving domain-specific translation (such as
news, literature, or social media) an open area for
further exploration.

For future research, we plan to expand the
PSMT-eval dataset by incorporating diverse
domains and larger parallel corpora for Punjabi
Shahmukhi. = Furthermore, this work can be
extended to other low-resource languages of
Pakistan, including Sindhi, Balochi, and Pashto,
to establish a broader evaluation framework for
multilingual translation in the region. Ultimately,
we aim to explore the development of specialized
large language models optimized for low-resource
languages, ensuring inclusivity and equitable
language technology advancement across diverse
linguistic communities.
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LIPI: Transliterating Hindi the Way People Type It

Abhishek Gautam

Abstract

Romanized Hindi has no standard spelling: the
same word may be typed nahi, nahin, or nai,
and no formal romanization rule or general-
purpose transliteration system captures this
typed convention well. Transliteration quality
therefore depends as much on which spelling
a user would actually type as on phonologi-
cal plausibility. We present LI1PI, a compact,
encoder-only Devanagari-to-Roman transliter-
ation model (~0.5M parameters) that repre-
sents each akshara compositionally from its
ordered Unicode codepoints, expands it into
six learned CTC emission slots, and encodes
the frames with a two-layer bidirectional GRU
under a connectionist-temporal-classification
objective. The model is trained on a usage-
ranked lexicon we build only from the training
partitions of Dakshina, Xlit-Crowd, and Ak-
sharantar, ranked by an attestation-gated social-
usage prior so that a frequent Roman spelling
is preferred only when it is also attested as
a transliteration of the source word. LIPI is
on par with the much larger multilingual IN-
DICXLIT baseline on general word translitera-
tion (Aksharantar) and far stronger on naturally
typed queries (FIRE 2013: 73.2 vs. 34.8 ex-
act match), roughly doubling both baselines’
word match on Dakshina and IndoNLP sen-
tences while remaining small enough for on-
device use. The word-level gains are statis-
tically significant and hold on words unseen
in training, and an emission-slot ablation iso-
lates the learned expansion’s contribution. The
model, lexicon, and full benchmark results are
publicly released.!

1 Introduction

Hindi has 528 million first-language speakers in
India, 43.6% of the population (Census of In-
dia, 2018), and more than 600 million speakers

'https://github.com/ABHISHEKgauti25/
lipi
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worldwide, behind only English and Mandarin Chi-
nese (Eberhard et al., 2026); the census groups
regional varieties such as Bhojpuri under “Hindi”,
whereas LIPI targets standard Hindi vocabulary as
commonly typed. Although formally written in
Devanagari, much of its digital text is typed in the
Latin script, driven by QWERTY keyboards and
everyday Hindi—English code-mixing: 93.2% of
posts in a Hindi—English Facebook corpus were in
Roman script versus 2.9% in Devanagari (Vyas et
al., 2014), Hinglish use on Twitter grew steadily
from 2014 to 2022 (Sengupta et al., 2024), and
corpora from this setting reach billions of to-
kens (Nayak and Joshi, 2022; Srivastava and Singh,
2020). Unlike Devanagari, however, this Roman
practice has no orthographic standard: the same
word is spelled many ways, with love typed as
pyaar or pyar and very as bahut, bohot, or bhut, as
users lengthen or drop vowels, double consonants,
and fold in English loans at will. Which spelling
appears is governed less by phonology than by in-
formal, community-driven typing conventions, so
the target of a good transliteration is not a single
canonical form but the form a particular user would
actually type.

Existing transliteration tools fit this setting
poorly. Formal romanization schemes such as
IAST, ISO 15919, and ITRANS are built to repre-
sent Devanagari losslessly and reversibly for schol-
arly or archival purposes (Indic-transliteration con-
tributors, 2024); their diacritic-marked, strictly one-
to-one output is rarely what anyone types in a chat
window. General multilingual transliteration mod-
els are trained toward a single canonical target and
inherit the formal conventions of their source lex-
icons, so their predictions can be phonologically
correct yet stylistically off for conversational Hindi.
In both cases the mismatch is not accuracy in the
abstract but agreement with real, typed usage, the
requirement that motivates every design decision
below.

Proceedings of the 13th Workshop on Asian Translation (WAT 2026), pages 9-16
November 9, 2026 ©2026 Association for Computational Linguistics
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We take a deliberately compact, single-language
view of this problem. Our central object is
Lip1, a ~0.5M-parameter, akshara-aware model
trained with connectionist temporal classification
(CTC) (Graves et al., 2006) to map Devanagari
words to their naturally typed Roman forms. L1P1
rests on two ideas: a codepoint-compositional ak-
shara representation, so that unseen conjuncts re-
main analyzable, and a set of learned emission
slots that resolve the source-to-target length mis-
match inherent to CTC on aksharas. Crucially, its
training target is not a formal lexicon but a usage-
ranked one: candidate spellings are ranked by a
social-usage prior gated by paired attestation, so a
frequent Roman token is preferred only when it is
also attested as a transliteration of the source word.
Beyond displaying Devanagari text to users who
read Roman Hindi, a practical use is data prepara-
tion: since collecting data in both scripts is costly,
L1PI can generate Romanized counterparts of De-
vanagari corpora, or a Romanized view of systems
that output Devanagari, while the Devanagari text
remains canonical.

Our contributions are: (i) LIPI, a com-
pact akshara-aware CTC architecture combining
codepoint-compositional cluster embeddings with
learned per-akshara emission slots; (i) a usage-
ranked lexicon recipe whose attestation-gated
scoring injects social-media frequency while limit-
ing English-homograph amplification, built entirely
from training-partition data; and (iii) an open re-
lease of the model, lexicon, and evaluation harness,
including full artifact and reproducibility details.
To substantiate these, we evaluate LIPI against es-
tablished transliteration systems on six held-out
word- and sentence-level benchmarks, with paired-
bootstrap significance tests and a train—test overlap
and out-of-vocabulary analysis so that every result
is read in the context of how much vocabulary the
model has already seen.

2 Related Work

Our work sits at the intersection of code-mixed
Hindi resources, Indic transliteration datasets and
models, and monotonic neural transduction. We
review each in turn.

Romanized and code-mixed Hindi. The domi-
nance of English keyboards has made Roman Hindi
a primary medium for online communication, and
several corpora document its scale and character.
L3Cube-HingCorpus collects 52.93M code-mixed
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sentences and 1.04B tokens from Twitter and uses
them to pretrain HingBERT-family language mod-
els, showing that in-domain data materially helps
on code-mixed tasks (Nayak and Joshi, 2022).
PHINC contributes a parallel Hinglish—English
corpus for machine translation and, in building it,
documents how noisy and non-standardized user-
generated romanization is compared with clean
monolingual text (Srivastava and Singh, 2020). We
draw on such data only as an aggregate usage sig-
nal: no model is trained on raw posts, and Ro-
man unigram counts influence only which attested
spelling becomes a training target.

Transliteration datasets and models. Dakshina
releases native-script text, multi-reference roman-
ization lexicons, and romanized parallel sentences
for twelve South Asian languages, and is a stan-
dard benchmark for transliteration in both direc-
tions (Roark et al., 2020). Xlit-Crowd studies how
to collect transliteration pairs cheaply, showing
that non-expert crowd workers under explicit, non-
redundant quality control produce reliable super-
vision (Khapra et al., 2014). Aksharantar scales
supervised Indic transliteration to 26M pairs across
a wide range of languages and trains INDICXLIT,
an autoregressive multilingual Transformer and a
widely used open baseline for the task (Madhani et
al., 2023). Complementing these, rule-based pack-
ages that implement formal schemes (ITRANS,
IAST, ISO 15919) give deterministic, reversible
mappings but target scholarly rather than colloquial
spellings (Indic-transliteration contributors, 2024).

Benchmarks closer to real use. Two resources
probe transliteration under realistic, informal in-
put. The FIRE 2013 transliterated-search track
provides Roman queries typed by users for cross-
script retrieval, which are far closer to natural typ-
ing than curated lexicons (Roy et al., 2013). The
IndoNLP 2025 shared task targets real-time re-
verse (Roman-to-native) transliteration for roman-
ized Indo-Aryan languages (Sumanathilaka et al.,
2025); we repurpose its Hindi pairs and evaluate in
the forward (Devanagari-to-Roman) direction.

Monotonic neural transduction. Devanagari-
to-Roman transliteration is approximately mono-
tonic, which makes CTC a natural objective: it
marginalizes over monotonic alignments without
frame-level labels (Graves et al., 2006), and a com-
pact GRU encoder is sufficient for these short se-
quences (Cho et al., 2014). The characteristic
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Figure 1: Data-preparation pipeline. Paired attestations a, and the L3Cube usage prior u, are combined by the
gated score (1) and curated into the training lexicon. All inputs are training partitions.

difficulty is length expansion (one akshara can
emit several Roman characters), which LIPI han-
dles with shared, learned emission-slot embeddings
rather than by duplicating source vectors. Context-
sensitive phenomena such as schwa deletion, much
of which orthography-only statistical models al-
ready recover (Arora et al., 2020), motivate a bidi-
rectional encoder over a purely local lookup rule.

Because Indic pipelines reuse overlapping pub-
lic lexicons, we build ours only from training parti-
tions and report each test set’s train overlap (Sec-
tion 6.2).

3 Data Preparation

Because LIPT’s target distribution is the training lex-
icon, constructing that lexicon to reflect real usage
is part of the method rather than a preprocessing
detail. The pipeline (Figure 1) produces the (native,
Roman) training pairs.

3.1 Candidate evidence (training partitions)

The lexicon draws on two kinds of paired evidence
and one usage prior, all taken from training parti-
tions so that every evaluation set stays held out:

¢ Aksharantar Hindi train (native—Roman,
one attestation per pair; ~1.15M native

types).

¢ Dakshina Hindi train lexicon (native, Roman,
and a human count used as attestation weight;
25,000 words).

¢ Xlit-Crowd (Roman<>native, one attestation
each; ~14.9k pairs).

Lexicon keys are normalized to match the runtime
tokenizer (Section 4): NFD for native keys, NFKC-
casefold for Roman candidates. For each Devana-
gari word the pipeline aggregates an attestation
count a, over candidate Roman forms r. The us-
age prior u,. is the frequency of r in the train split
of L3Cube-HingCorpus (921.7M tokens, valida-
tion excluded), computed on lowercased text and
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retained for the 135,307 candidate spellings that
occur. It captures how likely a spelling is to be
typed, not whether a Roman token expresses the
target word; requiring paired attestation before wu,
is consulted constrains that ambiguity.

3.2 Usage-aware scoring with an attestation
gate

Each candidate is ranked by

s(r) =log(1+ar)+ A aaﬁ log(1+wu,), (1)

T

with released values A = 0.3 and K = 0. The
factor a,/(a, + K) is an attestation gate: with
K > 0 it shrinks the usage boost for thinly-attested
candidates, the mechanism that prevents a very
frequent English word from outscoring the correct
spelling. At K = 0 every attested candidate has
ar > 0, so the gate equals one and (1) reduces to
s(r) =log(1+a,)+0.3 log(1 + u,). Paired-data
attestation therefore dominates, while social usage
breaks or reverses close choices. The top-scoring
candidate is selected, after which a human override
list wins unconditionally.

3.3 Cleaning, curation, and homograph
correction

We apply 39,562 train-supported human over-
rides, keep 632 clean out-of-vocabulary manual
insertions, and reject 121 malformed (reversed
or mixed-script) entries. A small, evaluation-
independent override list resolves the residual
English-homograph cases that scoring alone can-
not: for example, favoring the first-person forms
maine and mein over the English homographs i and
me, and restoring amavas, four, and dunga. The
result is the 1,164,037-entry lexicon on which LI1pP1
is trained.

3.4 Validating the attestation gate

To confirm the gate behaves as intended, we
re-score the entire candidate pool for K €



{0,3,5,10, 20,50} without retraining and classify
the picks that change. At the released K = 0, 131
selected spellings are English tokens; inspection
sorts them into 67 correct loanwords that should be
kept (e.g. it, is, do), 26 amplification cases where
a better-attested correct spelling is outscored by
a frequent English homograph, and 38 residual
cases where the sources contain no correct Roman
candidate at all. Raising K shows that K ~ 10
removes all 26 amplification cases while leaving
the 67 loanwords untouched, confirming the mech-
anism. A global K is nonetheless a poor default: it
flips roughly one well-attested, likely-correct entry
as collateral for each case it fixes, and the 38 resid-
ual homographs have no correct candidate in the
sources, so only a manual override resolves them
regardless of K. The released lexicon therefore
keeps K = 0 and handles the residual cases with
the small override list of Section 3.3.

4 LIPI Architecture

The lexicon fixes what the model should emit; the
architecture must emit it under CTC while keep-
ing unseen conjuncts analyzable and the parameter
budget small. Let a Devanagari word be segmented
into A orthographic clusters a, ..., a4 with Ro-
man target y1,...,yy. LIPI is an encoder-only
model that predicts a CTC distribution over target
characters; its forward pipeline and tensor shapes
are shown in Figure 2.

4.1 Normalization and akshara segmentation

The tokenizer applies Unicode NFD normal-
ization (Unicode Consortium, 2025), removes
ZWI/ZWNJ, strips whitespace, and segments each
word into akshara-like clusters. Combining marks
are absorbed into the current cluster, and a virama
absorbs the following base character so that con-
juncts remain intact. The input is bracketed with
beginning- and end-of-word units. Each cluster is
represented by at most L = 16 ordered Unicode
codepoints.

4.2 Codepoint-compositional cluster
embeddings

A whole-akshara vocabulary would make unseen
conjuncts unknown. Instead, a cluster is composed
from the embeddings of its constituent codepoints.
Given codepoint embeddings E[z; ] € R% with
d. = 32, the ordered embeddings are concatenated
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and projected:

e; = Elzia] | - || Elxi L], )
¢i = LN(Dropout(GELU(Wee; + b)), (3)

where ¢; € RY. Concatenation makes codepoint
position implicit in the projection weights while
retaining compositionality.

4.3 Learned emission slots

Plain akshara-level CTC often has too few time
steps. If a target of length M contains R adja-
cent repeated-character pairs, any valid CTC path
requires at least

Tin(y) =M + R “)

frames, because repeated labels must be separated
by a blank. L1PI gives each akshara S = 6 learned
emission opportunities. For slot embeddings P €
R96

fi.s = LN(¢; + Py),

;5. (5)

s=1,...

The A x S frames are concatenated in source order.
Unlike fixed upsampling, the slots are distinct and
can acquire consistent within-akshara roles at a cost
of only S x 96 = 576 parameters.

4.4 Bidirectional encoder, CTC head, and
budget

A two-layer bidirectional GRU with hidden size
128 per direction encodes the expanded frames.
Layer normalization (Ba et al., 2016), dropout 0.1,
and a linear projection produce logits over a 42-
symbol target vocabulary that includes the CTC
blank. Training minimizes

Ty
Lorc=—) log Y| Hp(ﬂt | x(b)) ;
b

reB-1(y®) t=1
(6)

where B collapses repeated symbols and blanks;
deployment uses greedy collapse and prefix beam
search is optional. The released configuration (32-
d codepoint embedding, 96-d model dimension,
S = 6, two-layer BiIGRU with 128 units per direc-
tion, dropout 0.1, source/target vocabularies 87/42)
has exactly 534,314 trainable parameters, includ-
ing a 10,794-parameter CTC output layer, with the
recurrent encoder alone accounting for 88.0% of
the total.
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Figure 2: L1pP1 forward pipeline and tensor shapes. Col-
ors group the stages: input/output (grey), preprocessing
(blue), akshara composition (green), sequence model
and CTC decoding (amber).

5 Experimental Setup

With the target distribution and architecture fixed,
we specify the training recipe, the systems com-
pared, and the held-out benchmarks.

Training data and recipe. The lexicon is con-
verted into (native, Roman) word pairs, normal-
ized (NFD source / NFKC-casefold target), filtered
to remove CTC-infeasible pairs (keeping pairs
that need at most 6 emission slots per akshara),
and split deterministically into approximately 98%
train, 1% development, and 1% internal test by
md5(native) mod 100. This yields 1,140,840 /
11,570 / 11,623 pairs (4 filtered). Training uses
batch size 256, Adam (Kingma and Ba, 2015)
with initial learning rate 1073, a cosine sched-
ule, gradient clipping at 5.0, and the CTC loss
(blank index 0, zero_infinity) for 25 epochs
on GPU. The best development exact match is
74.16% (development CER 4.56%). The run used
seed 20260814, PyTorch 2.6.0+cul24, and a single
NVIDIA GTX 1650; full artifact details (check-
point hash, framework versions, and the determin-
istic split) are included in the public release. This
internal random split measures fitting to the lex-
icon, not lexical generalization; external bench-
marks therefore carry the evidential weight.
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Systems. We evaluate three model-only systems
on one harness: LIPI, the proposed standalone
neural model; INDICXLIT (Madhani et al., 2023),
the public multilingual baseline and our sequence-
to-sequence Transformer comparison (a character-
level encoder—decoder with 6+6 layers and ~11M
parameters, trained on 26M Aksharantar pairs
across 21 languages), decoded with beam width
5; and ITRANS, deterministic rule-based transliter-
ation through the indic-transliteration
package (Indic-transliteration contributors, 2024).
INDICXLIT and ITRANS are external references
whose predictions depend on neither our lexicon
nor our model.

Evaluation sets. We evaluate on six held-out
Hindi subsets: Aksharantar test (10,112 words),
FIRE 2013 (2,420 typed tokens), Dakshina words
test (2,500 multi-reference words), Dakshina sen-
tences test (5,000), and IndoNLP Sets 1 and 2
(9,984 and 4,991 sentences, evaluated in the for-
ward direction). Aksharantar is the largest di-
rect word benchmark; FIRE is closer to informal
typed transliteration; Dakshina is direct and multi-
reference at the word level and also provides paral-
lel sentences.

Metrics. Our primary metric, reported as Score
in all tables, is a strict accuracy whose unit depends
on the benchmark. For single-reference word sets
(Aksharantar, FIRE) it is exact match: the percent-
age of words whose prediction equals the refer-
ence after lowercasing. For the multi-reference
Dakshina word set it is in-attested: the percentage
of words whose prediction is any of the human-
attested romanizations. For sentence sets (Dak-
shina sentences, IndoNLP) it is word match: the
percentage of reference tokens transliterated ex-
actly, on Latin-lowercased text. As graded mea-
sures we also report corpus-level CER (edit dis-
tance summed over the corpus, divided by total
reference length, using the nearest reference for
multi-reference data) and the NEWS character F-
score (Li et al., 2009). Score is intentionally strict:
it treats plausible alternatives such as kyun and
kyu as different unless both are references. To test
significance we report paired-bootstrap 95% confi-
dence intervals and two-sided p-values (B=10,000
resamples) for the LIPI—INDICXLIT difference on
each word set.



Dataset System Score CER| NEWS-F
LipI 4093 14.17 90.00
Aksharantar INDICXLIT 39.67 14.55 89.71
ITRANS 11.82 28.78 80.21
Lip1 73.18 8.16 94.71
FIRE 2013 INDICXLIT 34.83 21.17 85.08
ITRANS 43.84 20.32 88.64
Lip1 78.00 4.46 96.95
Dakshina words INDICXLIT 73.04 5.80 96.14
ITRANS 26.68 22.41 85.95
LipI 66.37 7.98 92.78
Dakshina sent.  INDICXLIT 3297 16.85 88.10
ITRANS 30.07 16.73 87.56
Lip1 66.86 7.90 93.08
IndoNLP Set 1 INDICXLIT 3296 16.88 88.27
ITRANS 31.68 16.75 87.86
Lip1 55.16 14.49 90.03
IndoNLP Set 2  INDICXLIT 23.65 24.44 85.03
ITRANS 26.67 23.57 84.88

Table 1: Test-set results (%). Score is exact match
(Aksharantar, FIRE), in-attested (Dakshina words), or
token word match (sentence sets); see Section 5. Score
/ NEWS-F: higher is better; CER: lower is better.

6 Results

Table 1 reports all three systems on the six bench-
marks; the remaining tables add analyses the
main table does not show: paired-bootstrap sig-
nificance (Table 2), the train—test overlap profile
(Table 3), out-of-vocabulary slices (Table 4), and
the emission-slot ablation (Table 5). The text calls
out only the conclusions these support.

6.1 Word- and sentence-level accuracy

Two patterns carry the result. On general word
transliteration (Aksharantar) LIPI is level with
INDICXLIT, edging it by +1.27 exact points at
95% CI [4+0.55, +1.99] (p=0.001); a statistically
real but small gap, which is the intended out-
come for a Hindi-only ~0.5M-parameter model
set against a much larger multilingual one. On
naturally typed and sentence-level Hindi the gap
opens sharply: LIPI reaches 73.18 exact on
FIRE 2013 against 34.83/43.84 for the baselines,
and roughly doubles both baselines’ word match
on every sentence set while about halving CER.
Because sentence tasks require every token to
be spelled the way a user would, the usage-
aligned target pays off more there than on isolated
words. Paired-bootstrap tests place the word-level
L1P1—INDICXLIT gap above zero on every set (Ta-
ble 2).
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Set A 95% CI P
Aksharantar test +1.27 [+0.55,41.99] 0.001
FIRE 2013 438.35 [+36.03,+40.66] < 10~*
Dakshina words test +4.96 [+3.48,+6.44] < 107*
FIRE 2013 (OOV-only) +15.56 [+8.95,+21.79] < 107*

Table 2: Paired-bootstrap comparison of LIPI and
INDICXLIT on the exact/in-attested word metric
(B=10,000 resamples). Positive A favors LIPI.

Benchmark split In L1PI-train

Dakshina words test 8.64
Aksharantar test 15.64
IndoNLP Set 1 55.64
Dakshina sentences test 58.97
IndoNLP Set 2 60.00
FIRE 2013 82.37

Table 3: Fraction of each test set’s native word-types
present in LIPI’s training data (percentages), read along-
side Table 1.

6.2 Training overlap and out-of-vocabulary
generalization

Benchmarks differ in how much of their vocabulary
the model has already seen, so equal accuracy can
mean different things across sets (Table 3). Aksha-
rantar (15.6% seen) and Dakshina words (8.6%)
probe largely unseen vocabulary, whereas FIRE
(82.4%) and the sentence sets reuse many seen
types. Measured against INDICXLIT’s own training
data, the held-out Aksharantar and Dakshina word
splits are 0.0% seen, so both systems are tested
on unseen words there. The high FIRE overlap
raises whether LIPI’s FIRE lead is generalization
or lookup, so we restrict every system to the out-
of-vocabulary slice, native word-types absent from
L1pi-train (Table 4). L1p1 still leads on every OOV
slice, including FIRE by 15.6 exact points (signifi-
cant, Table 2); INDICXLIT in fact scores lower on
the seen, colloquial FIRE words than on the OOV
ones. The typed-Hindi advantage is therefore gen-
uine generalization to informal Hindi, not merely
spelling lookup.

6.3 Emission-slot ablation

Retraining LTPT under matched data, recipe, and
seed isolates the emission mechanism (Table 5).
Expansion is necessary: a single slot leaves only
20.99% of training pairs CTC-feasible, reaching
100% by S=3. A larger budget helps, learned S=6
beating learned S=3 on every main set and giving
the best development exact match (74.16 vs. 73.02).
Learned versus fixed slots is roughly a tie on over-



Set Slice n  Lipt INDICXLIT ITRANS

all 2,420 73.18 34.83 43.84
FIRE 2013 00V 257 6342 4786 3152
Aksharantar test OOV 8,947 38.35 37.47 11.42
Dakshina words test OOV 2,284 77.58 73.34 26.18

Table 4: Out-of-vocabulary generalization. OOV = na-
tive word-type absent from LIPI-train; exact match for
Aksharantar/FIRE, in-attested for Dakshina. Values are
percentages.

Variant dev Aksh. FIRE Dak. FIRE-h Dak-h
Learned S=6 74.16 40.93 73.18 78.00 4498 77.10
Fixed rep. S=6 73.72 40.83 7347 77.12 41.87 75.83
Learned S=3  73.02 40.00 70.99 76.48 48.80 75.60

Table 5: Emission-slot ablation (exact / in-attested;
“hard” = targets with adjacent repeated characters). Re-
trained under matched data, recipe, and seed; dev is the
internal development split. Values are percentages.

all accuracy, since the BiGRU recovers most of
the context, but the learned slots give a consistent
gain on the hard slice of targets with adjacent re-
peated characters, exactly the case they are meant
to address (FIRE-hard +3.1, Dakshina-hard +1.3;
the 418-token FIRE-hard slice is noisy). Greedy
decoding stays within 0.25 points of beam-5. For
deployment, the fp32 checkpoint is 2.1 MB and
L1p1 transliterates at ~5.3 ms per word (~2,480
words/s batched) on a single CPU core.

7 Analysis and Discussion

The results support three conclusions, and we note
where the evidence is direct or indirect. Compact-
ness need not cost much accuracy on this mono-
tonic, single-language task; domain fit dominates
on FIRE and on sentence text, where the usage-
aligned target is most valuable and the general-
word ordering does not predict the typed-Hindi
result; and the overlap profile shows that the low-
overlap gains (Aksharantar, Dakshina words) are
genuine generalization while the very high FIRE
score partly reflects convention transfer on seen
types, both useful in deployment but answering
different questions. Evidence for the usage-ranked
lexicon (contribution ii) is indirect: the gate val-
idation (Section 3.4) shows that the usage prior
changes targets without amplifying English homo-
graphs, and the largest gains appear on typed and
sentence-level text, where target spelling matters
most; retraining with A=0 would isolate its effect
directly. Mechanistically, codepoint composition
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keeps unseen conjuncts analyzable, the learned
slots give CTC enough time steps to emit multi-
character romanizations of one akshara for only
576 parameters, the usage-gated target supplies the
spellings people actually type, and the bidirectional
GRU supplies the local context needed for schwa
deletion (Arora et al., 2020).

8 Conclusion

L1pP1 is a compact (~0.5M-parameter) akshara-
aware CTC model for romanizing conversa-
tional Hindi. Its two design choices, codepoint-
compositional aksharas and learned emission slots,
keep unseen conjuncts analyzable and give CTC the
time steps it needs to expand one akshara into sev-
eral Roman characters, while a usage-ranked lex-
icon built only from training-partition data aligns
the model’s target with the spellings people actually
type. Across six held-out benchmarks LIPI matches
a much larger multilingual baseline on general
word transliteration and is substantially stronger
on naturally typed and sentence-level Hindi, with
the advantage holding on out-of-vocabulary words.
We release the model, lexicon, and evaluation har-
ness.

Limitations

L1pT has clear boundaries that also mark its nat-
ural extensions. Our evaluation leans on exact
match, which conflates model quality with refer-
ence style because Roman Hindi is many-to-many;
Dakshina’s in-attested metric and the graded CER
and NEWS-F scores only partly address this, so a
multi-reference human naturalness study on con-
temporary messaging and search text remains the
right next measurement. Because transliteration is
applied token by token, the model cannot resolve
homographs, names, or borrowings that require
sentential context. In scope, the released model is
Hindi Devanagari-to-Roman only: it performs nei-
ther translation, grammatical rewriting, nor formal
ISO/TAST/ITRANS romanization.

Two questions our ablations leave open would
sharpen the architectural claims: a codepoint-
versus-whole-akshara comparison with a novel-
conjunct slice, to test the compositional represen-
tation directly, and a Transformer sequence-to-
sequence model trained on our lexicon. Because
INDICXLIT differs from LIPI in both architecture
and training data, our comparison shows that a
compact CTC model can match or exceed a ~20x



larger Transformer, but does not isolate the con-
tribution of CTC itself. The most substantial di-
rection is to carry the same usage-aligned strat-
egy beyond monolingual forward transliteration.
Building the multilingual counterpart of this recipe,
and applying it to reverse (Roman-to-Devanagari)
transliteration, would show whether usage align-
ment generalizes as broadly as the multilingual
systems LIPI is measured against, and would turn
a single-language result into a general recipe for
typed-text transliteration.
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Abstract

In Japanese—English machine-translation,espe-
cially for creative and localized content, stan-
dard MT metrics typically summarize transla-
tion quality as scalar scores, but provide little
diagnostic information about how style changes
in translation. This is limiting because po-
liteness, directness, interpersonal stance, and
character voice are encoded differently across
Japanese and English, and stylistic change may
reflect localization-oriented adaptation rather
than error. We propose the Style Diagnostic
Profile (SDP) framework: SDP assigns each
utterance a seven-dimensional bipolar style vec-
tor, and Aspp, the difference between target
and source SDP vectors, represents translation-
induced stylistic change as a multi-axis shift
vector. To evaluate the framework, we first
validate an LLM-based SDP scorer against
bilingual human annotations on professional
JA—EN subtitles and show that it approximates
human style judgments. Using Style25, a con-
trolled JA<+EN style-perturbation benchmark,
we demonstrate that different perturbation cate-
gories occupy distinct regions in AsDP space.
As a case study, we analyze professional subti-
tles and observe stylistic adaptation rather than
simple style copying. These results position the
SDP framework as a diagnostic layer comple-
mentary to adequacy-oriented MT evaluation.

1 Introduction

For Japanese—English machine-translation, espe-
cially for creative and localized content such as
subtitles, MT evaluation must consider not only
adequacy and fluency but also how style changes
across languages. Recent neural metrics such
as COMETKiwi (Rei et al., 2022), MetricX-24
(Juraska et al., 2024), and GEMBA-DA (Kocmi
and Federmann, 2023) are widely used to assess
adequacy and fluency, but provide little diagnos-
tic information about such stylistic changes. Style
depends on interlocutor, situation, genre, and cul-
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Source (JA).

WHA ! BEIESTEATIFWLWDA !
(Noooo! You must not die now!)
SDP(s): pol= —2, emo= +2, dir= +1

Hyp A over-formalized; less preferred
“It would be inadvisable for you to die at this time.”

Ours SDP(t): pol= +1, emo= 0, dir= —1; SFS= 0.45
Baseline COMETKiwi= 0.85, GEMBA-DA= 0.82

Hyp B

“Get away! You must not die now!”
Ours SDP(t): pol= —2, emo= +2, dir= +1; SFS=
0.89

Baseline COMETKiwi= 0.82, GEMBA-DA= 0.85

human-preferred

Figure 1: Motivating Japanese—English example. Sim-
ilar baseline scalar scores hide different stylistic shifts
in a creative translation settings, which our SDP/SFS
make explicit.

tural convention (Brown and Levinson, 1987; Blum-
Kulka, 1987): politeness, intimacy, authority, emo-
tional stance, and directness are encoded differently
in Japanese and English , and can shift indepen-
dently of one another, so that a single scalar cannot
capture which aspect changed. This is especially
salient in Japanese—English creative translation, in-
cluding anime, manga, games, and audiovisual me-
dia, where translators often adjust register, character
voice, and interpersonal stance to satisfy localiza-
tion policies, length constraints, genre expectations,
and reader experience (Venuti, 1995; House, 2015;
Diaz Cintas and Remael, 2007). Thus, stylistic
change is not necessarily an error, but can be a nat-
ural and even necessary part of translation.

For this reason, the key question is not sim-
ply whether style is preserved, but how it shifts:
whether a translated sentence became more polite,
less emotional, more authoritative, or less direct.
What is needed is a diagnostic representation of
stylistic shift. We therefore propose the Style Diag-
nostic Profile (SDP) framework: SDP assigns each

Proceedings of the 13th Workshop on Asian Translation (WAT 2026), pages 17-45
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utterance a seven-dimensional bipolar style vector
over interpretable axes, because stylistic shift is
multi-faceted, a single scalar cannot indicate which
dimension moved, and Aspp, the difference be-
tween target and source SDP vectors, identifies
which stylistic dimensions changed and in which
direction.

Figure 1 illustrates the motivation with a
Japanese—English subtitle example. Two English
translations of the same Japanese utterance receive
similar scalar quality scores, yet human annota-
tors prefer Hyp B. The difference is not primarily
one of adequacy, Hyp A over-formalizes an urgent
command, reducing emotional force and directness,
whereas Hyp B better matches the source’s inter-
personal and affective profile. The SDP framework
makes this contrast explicit, turning a vague sense
that “the style is off” into an analyzable pattern.

Through scorer validation, controlled style per-
turbations, and a case study of professional JA—EN
subtitles, we illustrate what an SDP layer can reveal
about style in MT evaluation. We position SDP as
a diagnostic layer alongside quality-oriented met-
rics, not as a new adequacy metric. Because it
maps stylistic change onto interpretable axes, such
a layer may also support human-in-the-loop review
workflows (Wu et al., 2022), where making stylistic
feedback explicit is valuable(§7).

Our contributions are as follows:

* We propose the SDP framework for Japanese—
English style diagnostics: a per-utterance
seven-axis bipolar style profile, and Aspp, a
difference vector that identifies which dimen-
sions changed and in which direction. We
validate an LL.M-based SDP scorer against
bilingual human annotations on professional
JA—EN subtitles (§3, §5).

* We introduce Style25, a controlled JA++EN
style-perturbation benchmark, showing that
targeted perturbation categories occupy dis-
tinct regions in ASDP space, i.e., controlled ev-
idence that SDP captures axis-specific stylistic
shifts beyond scalar quality scores (§6.1).

* As a case study, we apply Aspp to profes-
sional JA—EN subtitles in Pro-JE and find ev-
idence of systematic stylistic adaptation rather
than simple style copying, with preliminary
preference-relevant signal complementary to
quality-oriented metrics (§6.2, §6.3).
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2 Related Work

Quality-Oriented MT Metrics Widely used
MT metrics, including reference-based measures
such as BLEU (Papineni et al., 2002) and
ChrF++ (Popovié, 2017), learned metrics such as
COMETKiwi (Rei et al., 2022) and MetricX-24
(Juraska et al., 2024), and LLM-based judges such
as GEMBA-DA (Kocmi and Federmann, 2023),
summarize translation quality as scalar scores.
These metrics answer a different question from
ours: whether a translation is good, not how its style
changed and in which direction. We therefore treat
these metrics as complementary quality-oriented
filters rather than baselines for SDP to outperform:
when adequacy or fluency is severely degraded,
human judgments are dominated by quality prob-
lems rather than stylistic differences. §6.1 shows
that, once adequacy is controlled, these metrics are
largely insensitive to targeted stylistic shifts.

Style Preservation in Translation A separate
line of work evaluates style directly. Style-transfer
evaluation tests whether a target attribute, such as
formality, changes while meaning is preserved (Rao
and Tetreault, 2018; Briakou et al., 2021). In MT,
RASTA (Havaldar et al., 2025) evaluates cross-
cultural style alignment along politeness, intimacy,
and formality, and reports that machine transla-
tion tends to neutralize stylistic variation, includ-
ing translation to and from Japanese. Other work
studies whether Big-Five personality traits survive
Japanese—English translation (Fu et al., 2026), or
evaluates style in translation in terms of semantic
preservation, cultural specificity, and expression
style (Tan et al., 2025). MQM-style frameworks
can flag register or tone mismatches (Mariana et al.,
2015; Li et al., 2025), but they mark that a stylistic
problem exists rather than represent its signed di-
rection. Our goal is therefore not to judge stylistic
shifts as errors, but to represent their direction and
magnitude at the utterance level.

Translation Studies Translation studies has long
treated translation as a contextualized transforma-
tion for a new audience, rather than a literal transfer
of meaning (House, 2015; Venuti, 1995; Reiss and
Vermeer, 2013). This view is especially relevant to
Japanese—English creative and subtitle translation,
where character voice, register, and localization pol-
icy can motivate deliberate stylistic shifts (Diaz Cin-
tas and Remael, 2007). SDP operationalizes this
stance by describing how style moves along each



Axis -2 0 +2
Politeness ~ Casual Neutral Formal
Roughness  Gentle Neutral Crude
Emotion Flat Neutral Emotional
Authority Submissive Equal  Authoritative
Age Childlike Neutral Mature
Confidence Hedging Neutral Assertive
Directness  Indirect Neutral Direct

Table 1: Seven bipolar stylistic axes with pole labels.
Functions: Politeness (social distance), Roughness (ver-
bal aggression), Emotion (affective intensity), Authority
(power direction), Age (age-graded language), Confi-
dence (epistemic certainty), Directness (communicative
directness). Each axis is scored on a five-point scale (—2
to +2) for both source and target utterances.

axis before judging whether the shift reflects adapta-
tion, degradation, or preference-relevant variation.

3 Style Diagnostic Profile

3.1 Style Dimensions

To make stylistic movement explicit in Japanese—
English translation, SDP represents each utterance
as a seven-axis over [—2, +2], with 0 as the neutral
(Table 1). The signed value encodes both the direc-
tion and the magnitude of a stylistic property. The
seven axes were developed through an inductive
analysis of a 34,264-line Japanese—English anime
subtitle corpus covering 37 works. After remov-
ing low-style-content utterances such as formulaic
greetings, brief acknowledgments, and duplicates,
we organized utterances that reveal character voice
and interpersonal stance into recurrent bipolar con-
trasts. We then selected the final set of axes using
four criteria: bipolar contrast, conceptual separa-
bility, cross-language applicability, and attestation
across diverse types of anime and settings. We treat
the axes as designed diagnostic contrasts for human-
interpretable reporting. Appendix A.2 shows that
empirical factors cut across the designed axes and
that the axes exhibit no severe redundancy.
Because these axes are intended for diagnostic
interpretation, they are defined as graded dimen-
sions rather than categorical labels. For example,
the Age axis does not predict chronological age;
following Eckert (1997), it captures age-related lin-
guistic style as a social position on a five-point scale
from youthful to mature. Appendix A.5 provides
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worked examples of stylistically similar but distinct
shifts.

3.2 Profile Representation

Given a source utterance s and its translation ¢, the
scorer assigns each a seven-axis vector:

SDP(z) = (SDP;(z),...,SDPg(z)), (1)

where K = 7 is the number of style axes and each
component x € {—2,—1,0,+1, 42} is the score
on axis k. The diagnostic profile is the difference
between target and source profiles:

Aspp(s,t) = SDP(t) — SDP(s).  (2)

A zero component means that the source and
translation receive the same score on that axis,
whereas a non-zero component indicates a per-
ceived style shift. The sign of the component speci-
fies the direction of the shift.

3.3 Auxiliary Scalar Summary: Style Fidelity
Score

SDP and AspP are the main representations in this
work. However, some controlled perturbation ex-
periments require a single scalar for ranking candi-
dates. For this limited purpose, we define the Style
Fidelity Score (SFS) as:

K

D

k=1

K

| AsDPy(s, )]

SFS(s, t) R )

3)

where R = 4 is the maximum possible absolute
difference between two scores on the [—2, +2] scale.
Thus, SFS € [0, 1]. SFS is a lossy scalar summary
of stylistic closeness, not a measure of translation
quality or translation appropriateness. Professional
subtitle translation may deliberately adapt style to
the target language or audience (§6.2), and such
adaptation can lower SFS even when the translation
is appropriate.

4 Experimental Setup

This section describes the datasets, human annota-
tions, metrics, baselines, and evaluation protocols
used in our experiments. We use three Japanese—
English subtitle resources for complementary eval-
uations: Subtitle-100 for scorer validation, Style25
for controlled JA<+EN style perturbations, and Pro-
JE for analyzing how SDP dimensions and SFS
relate to human preference. All human annota-
tions were conducted by paid in-house bilingual



Japanese—English annotators, not crowdworkers.
To clarify the data contribution: the underlying ut-
terances come from existing resources (professional
anime subtitles for Subtitle-100 and Pro-JE; Open-
Subtitles (Lison and Tiedemann, 2016) for Style25,
not redistributed), whereas the style-perturbed vari-
ants (in Subtitle-100 and Style25), the Pro-JE LLM
candidates, and all seven-axis SDP and BWS an-
notations are newly created through our in-house
bilingual workflow.

We compare three metrics families. The SDP
family consists of SDP, a seven-axis diagnostic pro-
file, and SFS, a scalar style-fidelity score computed
from Aspp. SA-3 is a controlled three-axis ablation
based on the three style axes used in RASTA (Haval-
dar et al., 2025), using the same scorer and distance-
to-fidelity transformation as SFS.! Quality-oriented
baselines include COMETKiwi, MetricX-24, and
GEMBA-DA?.

4.1 Subtitle-100: Scorer Validation

Subtitle-100 contains 100 professional JA—EN
anime subtitle pairs. Three bilingual annotators,
masked to the condition, independently rate each
pair on all seven axes using the five-point bipolar
scale (36.5 annotator-hours total). Of the 100 pairs,
25 retain the original professional subtitle (Offi-
cial condition) while the remaining 75 use stylisti-
cally modified versions (Modified condition), cre-
ated by rewriting the official subtitle along one or
more axes (Appendix A.1); the larger Modified set
provides more perturbed items for the SFS separa-
tion test, while the Official set anchors scorer val-
idation against unmodified professional style (Ap-
pendix D).

4.2 Style25: Controlled Style Perturbations

Style25 contains 200 source utterances: 100 items
in each direction for JA<EN subtitle items sampled
from OpenSubtitles, used to obtain broad subtitle
dialogue beyond anime for automatic sensitivity
tests; the original subtitle text is not redistributed.
For each seed translation, we use Gemma3-27B-IT
(Team et al., 2025) to rewrite it into 25 target styles,
grouped into 9 categories (Table 9), at two inten-
sity levels via a one-shot style-conditioned prompt
(Appendix B.2). To keep candidates comparable
in adequacy, each rewritten variant must pass a

'SA-3 is not a reproduction of RASTA, but an axis-set
ablation under our scoring framework.

We use a reference-free DA-style prompt that asks an LLM
for a single 0—100 quality score given the source and candidate
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COMETKiwi quality gate (> 0.80); variants be-
low the threshold are regenerated when possible or
otherwise discarded, so that surviving candidates
differ from the unmodified translation (the anchor)
mainly in style rather than meaning.

For each item, we rank the anchor together with
its style-perturbed variants, and define Anchor-
Recovery Preservation@1 (Pres@1) as the frac-
tion of items for which a metric ranks the anchor
first. Since the anchor is a context-aware translation
tuned to the work’s overall tone, it is expected to
be closer to the source style than any single-style
variant, so a style-sensitive metric should favor it
on average. We therefore read Pres@1 as a metric’s
aggregate sensitivity to controlled style shifts, not
as a measure of quality, preference, or ideal style
copying; it need not reach 1.0, since a perturbed
variant may occasionally align with the source style
by chance.

The primary comparison is SFS vs. SA-3, which
share the same scorer and distance-to-fidelity trans-
formation and thus isolate the effect of the axis
set. MetricX-24 and GEMBA-DA serve as quality-
oriented baselines; COMETKiwi is excluded as a
selector, as it is already the generation-time quality
gate.

4.3 Pro-JE: Human Preference in Professional
Subtitles

Pro-JE contains 32 professional JA—EN anime
subtitle items, separate from Subtitle-100. Each
item has four candidates: the official human sub-
title and outputs from three LLMs (Qwen3-14B-
Instruct (Yang et al., 2025), Gemma3-12B-IT, and
Llama3.1-8B-Instruct (Grattafiori et al., 2024); Ap-
pendix B.3). Four bilingual annotators judged them
using Best—Worst Scaling (BWS; Louviere et al.,
2015). We use Pro-JE as a case study of how par-
ticular SDP dimensions and SFS relate to human
preference, not to argue that style preservation is
generally preferred.

We compare metric-induced rankings against hu-
man BWS preferences, reporting Kendall’s 7 and
Top-1 accuracy (with fractional credit for ties; Ap-
pendix F). For scalar metrics, higher scores indi-
cate either better predicted quality (COMETKiwi,
MetricX-24, GEMBA-DA) or greater source-style
closeness used diagnostically (SFS, SA-3); SDP
itself is a seven-axis diagnostic profile, not a scalar
ranking score.



5 Validating the LLM-based SDP Scorer

Because all downstream SDP analyses depend on
reliable axis assignment, and LLM-as-a-judge re-
liability is not guaranteed (Zheng et al., 2023), we
validate candidate scorers against human annota-
tions before applying SDP in our diagnostics.

We use Subtitle-100, which contains human an-
notations for 100 professional JA—EN anime sub-
title pairs on all seven SDP axes. Each source and
target utterance was scored separately on each axis
(100 x 2 x 7 = 1,400 labels), and the scorer was
queried once per utterance—axis pair using the same
five-point axis rubric. For the human reference,
three bilingual annotators independently scored
each item; we averaged their scores and rounded to
the nearest integer on the five-point scale to obtain
the final label.

Human agreement is moderate overall, but varies
by axis: authority is relatively reliable, whereas
age and directness are weaker. The mean Krippen-
dorff’s o across the seven axes is 0.611 for Japanese
and 0.492 for English (overall mean 0.551), compa-
rable to prior work on pragmatic and social mean-
ing annotation (Pei and Jurgens, 2020). Detailed
inter-annotator agreement and axis-level validation
results are reported in Appendix C.

Table 2 compares three open-weight candidate
scorers from different model families and scales,
together with two non-adaptive baselines against
human labels. We report five agreement metrics:
exact-match accuracy, within-one (£1) accuracy
on the five-point scale, mean absolute error (MAE),
root mean squared error (RMSE), and the mean
per-axis Spearman correlation (p). Qwen3-14B-
Instruct (Yang et al., 2025) achieves the best overall
agreement with human annotations: exact 55.6%,
within-one 93.9%, MAE 0.51, RMSE 0.81, and
mean per-axis Spearman p=0.47. The all-zero
baseline always predicts the neutral label, while the
majority-vote baseline predicts the most frequent
human label for each axis. Because both baselines
make constant predictions, their Spearman correla-
tions are undefined.

We therefore use Qwen3-14B-Instruct as the SDP
scorer in the downstream analyses. This validation
supports using its outputs as automatic style diag-
nostics, while results involving weaker axes such as
age and directness should be interpreted cautiously.
The scorer also shows a systematic zero bias rela-
tive to humans: it outputs the neutral label 0 more
often than human annotators, with the largest gap
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Model Exactt +11 MAE| RMSE| p1
Qwen3-14B-Instruct 55.6 939 0.51 0.81 047
GPT-o0ss-120B 46.1 884 0.69 1.03  0.37
Gemma3-9B 489 875 0.67 1.04 0.39
All-zero baseline 455 88.6 0.66 0.94 n/a
Majority-vote baseline 49.8 88.9 0.63 0.95 n/a

Table 2: LLM SDP scorer validation on Subtitle-100.
Exact and 41 accuracy are percentages; p is the mean
per-axis Spearman correlation. Constant baselines have
undefined p due to zero prediction variance.

on age and politeness (Appendix C.7). This bias
should be kept in mind when interpreting near-zero
AsDP values as an absence of style shift.

6 Results and Analysis

Using the validated SDP scorer (§5), we report
three complementary analyses. §6.1 uses the con-
trolled Style25 benchmark to test whether AsDP is
diagnostically sensitive to deliberate style pertur-
bations, i.e., whether perturbation categories oc-
cupy distinct regions in AsDP space. §6.2 applies
AspP to professional Pro-JE subtitles to examine
how style is adapted in practice. §6.3 relates these
shifts to human preference to ask which dimensions
carry preference-relevant signal. We treat Style25
as primary controlled evidence and Pro-JE as a case
study.

6.1 Controlled JA<EN Style Sensitivity

We use Style25 to test whether perturbation cat-
egories produce category-specific shifts in Aspp
space, and whether these shifts differ between
JA—EN and EN—JA. The full seven-axis AsDp
is the diagnostic space; for visualization, axes that
move together under a common stylistic direction
can be aggregated into one interpretable dimension.
Figure 2 uses one such two-dimensional view:

interpersonal force = mean(Adir, Aaut, —Apol),

expressive intensity = mean(Aemo, Arou, Acon).

These two axes are an exploratory visualization mo-
tivated by the interpersonal and affective character-
istics that are especially salient in anime dialogue.
Age is omitted here as it contributes little discrimi-
native signal for these categories, but remains part
of the full representation. This projection is only a
task-specific visualization: the category separation
is not an artifact of it, as a data-driven PCA on the
full seven-axis AsDP reproduces the same structure,



with the first two components explaining most of
the variance (Appendix H).

The 25 individual styles are grouped into nine
categories. The community-register category has
the largest expressive-intensity shift, while prag-
matic strategy stays near the origin. The anchor
is not at the origin, indicating that naturally occur-
ring translations can already involve cross-lingual
stylistic shifts rather than being style-perfect.

Anchor recovery as an auxiliary diagnostic. As
an auxiliary diagnostic, we test whether each metric
ranks the anchor above its style-perturbed variants
(Pres@1, Rank@3, Rank@5; §4.2); high recovery
indicates sensitivity to controlled perturbations, not
higher quality or human preference.

Table 3 shows that anchor recovery depends on
metric type and direction. Both style metrics exceed
chance (5.7% for JA—EN, 3.7% for EN—JA) by
a wide margin. SFS outperforms SA-3 in JA—EN,
whereas SA-3 is slightly higher in EN—JA, sug-
gesting that the most useful style cues differ by di-
rection. GEMBA-DA appears strong under default
ranking, but largely due to ties from heavily dis-
cretized scores (Appendix D), while MetricX-24
rarely selects the anchor. These results characterize
metric behavior under controlled perturbations, not
human preference for the anchor.

Category-specific sensitivity Anchor recovery
also varies by perturbation category (Table 18 in
Appendix E.4). SFS is stronger than SA-3 for cate-
gories involving dimensions beyond formality and
politeness, such as dialect, locale, character voice,
and speech style. SA-3 is competitive for categories
more directly tied to formality or politeness, such as
register and stance. This pattern is consistent with
the seven-axis design: broader axes help when per-
turbations affect multiple aspects of character voice,
while a smaller formality-oriented set is sufficient
for narrower shifts.

6.2 Professional Style Adaptation in Pro-JE

This case study asks how professional translators
adapt style in practice. For the 32 professional
JA—EN anime subtitles in Pro-JE, we score source
and target on all seven axes with the validated scorer,
compute the per-axis mean ASDP (target minus
source), and read each axis as preserved (near-zero
shift) or adjusted (Table 4).

Emotion and directness remain nearly unchanged
(average shifts —0.02 and +0.03), suggesting that
translations preserve the affective and structural
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core of the utterance. In contrast, interpersonal
register is adjusted: politeness (+0.24), authority
(+0.19), and roughness (4-0.17) all move toward a
more neutral target profile.

These changes are consistent with the nature of
anime dialogue, where reduced-politeness or very
gentle soft source-side expressions are rendered
with a more neutral tone. Overall professional subti-
tle translation in this sample preserves emotion and
directness while normalizing some interpersonal
register cues for the target language. A broader
comparison with controlled Style25 perturbation
profiles is provided in Appendix E.3.

6.3 Relation to Human Preference

As a secondary check on Pro-JE, we relate style
shift to human preference on a set that contains
professional JA—EN subtitles and outputs from
three LLMs, together with human BWS judgments.
We use this setting not to claim that source-style
preservation is always preferred, but to examine
which style dimensions carry preference-relevant
signal.

On average, the Human translation is most pre-
ferred (group-mean BWS +0.358; Table 26 in Ap-
pendix I). It also shows the smallest emotion shift
(|A]=0.22), while Llama, which has the largest di-
rectness shift (|A|=1.07), ranks last (—0.345). At
the same time, the contrast is not absolute: the LLM
outputs are often fluent and adequate, and some
items do not yield a clear human-translation advan-
tage. This makes Pro-JE a useful but limited setting
for testing whether style contributes information
beyond standard quality signals.

A representative Pro-JE item illustrates how
AsDP can explain preference patterns missed by
scalar quality scores. For the source utterance
TIFRXRBHFEDHY 1 XD T H L (“the scale
of that ambition is huge”), COMETKiwi ranks
the Qwen3-14B-Instruct candidate above the of-
ficial subtitle (0.83 vs. 0.79), whereas human BWS
strongly prefers the official subtitle (+1.00 vs. 0.00).
The Aspp profile shows that both translations re-
duce roughness and directness, but the Qwen3-14B-
Instruct candidate additionally raises politeness and
confidence (41 each), making the line more stan-
dard and assertive than the source character voice.
The full example is shown in Table 25.

SES shows a modest positive association with hu-
man preference using nominal significance thresh-
olds (7= + 0.147, uncorrected p < .05). This
association appears complementary to quality met-



SDP captures category-specific style shifts,
not a single quality score
(Style-25; JA-EN + EN-JA pooled)
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Figure 2: Interpersonal-expressive style plane (Style25, JA<EN pooled). Each point is a Style25 category
placed by its mean AsDP after projecting the seven-axis representation onto two visualization axes; the white
diamond is the unmodified OpenSubtitles anchor. Categories occupy distinct regions, indicating that AsDp captures
category-specific stylistic shifts rather than collapsing them into a single quality score.

rics: on Pro-JE, COMETKiwi itself is uncorrelated
with BWS (7 &~ —0.008), while the SFS associa-
tion strengthens after quality gating (7= + 0.225,
uncorrected p < .05). GEMBA-DA itself attains
a comparable or slightly higher 7 on this small
sample (7= 4+ 0.160, uncorrected p < .05; Ap-
pendix F.1); none of these associations survive
Holm-Bonferroni correction for multiple compar-
isons (Appendix F.1, F.2), so we treat them as case-
study observations rather than confirmatory find-
ings. SFS’s value lies in explaining preference
through an interpretable, quality-independent axis
rather than in exceeding quality-metric correlation.
We interpret this as case-study evidence that source-
style closeness can carry preference-relevant signal
in some cases, not that style preservation is gen-
erally optimal. Full per-metric correlations and
quality-gate analyses are reported in Appendix F.

~
~

7 Discussion

SDP should be interpreted as a diagnostic comple-
ment to quality-oriented MT metrics, not a replace-
ment: metrics such as COMETKiwi, MetricX-24,
and GEMBA-DA provide scalar quality judgments,
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whereas AsDP describes how style moves across
axes.

We are deliberately careful to separate what our
evidence supports at different strengths. Style25 is a
controlled, automatic test at scale, and it shows that
perturbation categories produce category-specific
shifts in AsDP space rather than collapsing into a
single quality-like dimension. The Pro-JE prefer-
ence result is intentionally narrower: on 32 items,
style fidelity carries preference-relevant signal com-
plementary to scalar quality scores, but the associa-
tions are uncorrected and do not survive multiple-
comparison correction (§6.3). We therefore treat
Style25 as our primary controlled evidence for the
SDP framework’s diagnostic sensitivity and Pro-JE
as a case study, not as evidence that source-style
preservation is generally optimal.

A further potential use case is human-in-the-loop
translation review. Entertainment localization often
involves multi-person workflows, where translators,
editors, and quality-control reviewers may differ
in their access to source-language nuance. SDP
could help make otherwise vague stylistic feedback
more explicit by mapping perceived changes onto



JA—EN EN—JA
Metric Pres@l Rank@3 Rank@5 Pres@l Rank@3 Rank@5 Type
GEMBA-DA 74.0 77.0 81.0 36.0 40.0 41.0 quality
SES (7-axis) 40.0 57.0 69.0 20.0 35.0 42.0 style
SA-3 (RASTA) 31.0 52.0 62.0 24.0 40.0 47.0 style
MetricX-24 4.0 19.0 31.0 0.0 3.0 4.0 quality

Table 3: Anchor-recovery behaviour (Pres@ 1, Rank@3, Rank@5, %) on Style25. Pres@ 1/Rank@3/Rank@5
measure how often each metric ranks the unmodified OpenSubtitles anchor first, within the top 3, or within the top
5, respectively, among its deliberately style-perturbed variants. These are diagnostics of sensitivity to controlled
perturbations, not a quality ranking, a human-preference result, or a claim that style copying is desirable. Chance for
Pres@1 is approximately 5.7% for JA—EN and 3.7% for EN—JA, based on the average number of candidates after
filtering (approximately 3 x and 5x these values for Rank @3 and Rank @5, respectively). COMETKiwi is used as a
generation-time quality gate and is therefore not included as a selector.

Axis Src (JA) Tgt (EN) Shift
Politeness —0.21 +0.03  +0.24
Authority —0.11 +0.08  +0.19
Roughness  —0.45 —-0.28 +0.17
Age +0.36 +0.24 —0.12
Confidence  +0.39 +0.47  +0.08
Directness +0.32 +0.35  +0.03
Emotion +0.33 +0.31  —0.02

Table 4: Professional subtitle adaptation by axis in Pro-
JE (Human, N=32). Emotion and directness show
near-zero average shifts, while politeness, authority,
and roughness show larger interpersonal-register adjust-
ments.

interpretable axes, such as politeness, directness,
and emotional intensity. This suggests a possible
role for SDP as an orientation aid for post-editing
and review, although validating such use requires
dedicated user studies.

8 Conclusion

This paper asked whether stylistic change in trans-
lation can be made visible and analyzable, rather
than collapsed into a single preservation or quality
score. We introduced the SDP framework, a seven-
axis per-utterance style profile together with Aspp,
its signed source—translation style-shift vector, and
Style25, a controlled JA<EN style-perturbation
benchmark. Together, these tools allow stylistic
shifts to be diagnosed in terms of which dimen-
sions changed and in which direction.

Our analysis suggests that AsSDP captures
category-specific stylistic shifts that scalar qual-
ity metrics cannot express. In our Pro-JE sample,
professional JA—EN subtitles show evidence of
systematic style adaptation rather than simple style
copying. We also find uncorrected, case-study-level
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evidence that SFS carries preference-relevant signal
after quality filtering, suggesting that style-sensitive
signals can complement adequacy-oriented metrics.
Throughout, our aim is descriptive rather than pre-
scriptive: SDP is designed to show how style moved
along each axis, not to judge whether that move-
ment is inherently good or bad.

These findings suggest that signed style pro-
files can support more interpretable evaluation of
Japanese—English creative and localized translation,
where stylistic shifts may be acceptable or even de-
sirable. Future work should improve LLM-based
SDP scorer calibration, extend validation to other
Asian-language pairs, and develop context-aware
SDP scoring. The present scorer is intentionally
lightweight, relying only on source—target utterance
pairs, but stylistic acceptability in subtitles may de-
pend on broader discourse context, speaker rela-
tionships, visual cues, and source-side vocal perfor-
mance. We also plan to explore Aspp as structured
feedback for post-editing or localization review.

Limitations

This study focuses on Japanese—English creative
translation, especially subtitle-style data. The seven
SDP axes were developed from Japanese—English
anime subtitles, so other domains, genres, or lan-
guage pairs may require different axes or subsets.

SDP is context-limited: scores are assigned from
source—target utterance pairs without surrounding
discourse, speaker identity, addressee information,
scene context, or subtitle length constraints. Inter-
personal axes such as politeness, authority, and di-
rectness therefore reflect perceived utterance-level
stance, not verified claims about speaker relation-
ships or the full communicative situation.

The LLM-based SDP scorer is not a substitute



for human judgment. It can attenuate shift magni-
tude, especially on axes with lower human-LLM
agreement such as age and directness. Relatedly,
our scorer selection is itself limited in scope: we
compare only openly available models, motivated
by reproducibility and computational-resource con-
straints, and leave an exhaustive search over scorers,
including proprietary or larger models, to future
work.

Finally, the human preference analysis is case
study and Style25/Pres@1 should be interpreted as
diagnostic sensitivity tests rather than translation-
quality measures.

Ethics Statement

All human annotations were produced by profes-
sional bilingual Japanese—English data annotators
through our in-house workflow rather than crowd-
workers; they were informed of the research use and
compensated as part of their regular paid work (§4).
Style25’s synthetic community-register condition
(§4.2) is a controlled stress test, not a depiction of
any real community, identity group, or protected
category.
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The appendices are organized as follows. Ap-
pendix A provides full axis definitions, the degener-
acy analysis motivating the seven-axis design, and
worked diagnostic case examples; Appendix B and
Appendix C detail the datasets and LLM scorer val-
idation; Appendix D and Appendix E.1 report ad-
ditional statistical analyses on Style25; Appendix F
reports the full Pro-JE preference and quality-gate
analysis; Appendix G presents direction-specific
style planes; and Appendix I presents complete case
studies.

A Axis Definition

A.1 Full Axis Definitions with Anchor
Examples

Each axis is scored on a five-point bipolar scale
(—2 to +2). Table 5 provides the scale-point de-
scriptions used during annotation and LLM scoring.
Table 6 shows bilingual anchor utterances for one
representative axis (politeness); anchors for all axes
follow the same structure and are included in the
LLM prompt (Appendix C.5).

A.2 Degeneracy Analysis: Why 7 Axes

To assess whether the 7 axes are redundant, inter-
axis correlations and Variance Inflation Factors
(VIF) were examined from human annotation data
(N = 100 items, 3-annotator means). VIF values
are reported in Table 7; all are below 4.0, indicating
acceptable collinearity.

Inter-axis correlation structure. Three inter-
pretable clusters emerge: (1) Dominance cluster:
roughness—authority (p = .75/.70) and authority—
confidence (p .54/.50).  (2) Politeness—
roughness: inversely correlated (p = —.56/ — .48)
(Brown and Levinson, 1987). (3) Peripheral axes:
age and directness show low to moderate correla-
tion. Correlated axes are not merged: a character
can be authoritative yet gentle, which a merged axis
could not represent.

A.3 Empirical Validation of Three-Layer
Structure

To validate the conceptual three-layer organization
(Table 8), we conducted exploratory factor analysis,
hierarchical clustering, and reliability analysis on
human-annotated Subtitle-100 data (N=100 utter-
ances, 3 annotators).

Correlation matrix.
reveal heterogeneous

Spearman correlations
within-layer relation-


https://arxiv.org/abs/2011.03020
https://arxiv.org/abs/2011.03020
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Axis Function —2 —1 0 +1 +2
Politeness Social distance ~ Very Casual: Casual: close but Neutral: Formal: clear Very Formal:
zero social with standard social ~ hierarchy; maximum
distance; consideration; distance; public  business respect;
friends/family relaxed settings ceremonies
Roughness ~ Verbal Very Gentle: Gentle: calm Neutral: Somewhat Very Rough:
aggression comforting; tone; respectful  objective; neither Rough: warn- gangster/pirate
tender word aggressive nor ing/irritation; speech; vulgar
choice soft mild reprimands  language
Emotion Affective Very Restrained: Somewhat Neutral: Somewhat Very Emotional:
intensity robot-like; Restrained: calm standard; Emotional: screaming;
textbook reading professional; moderate recognizable extreme
news reporting  expression emotion (joy, excitement
anger)
Authority Power direction Very Submissive: Somewhat Equal: Somewhat Very
absolute Submissive: colleagues; Authoritative: Authoritative:
obedience; subordinate; mutual exchange teacher; giving  warden/dictator;
pleading polite requests instructions commands
Age Age-graded Very Childlike: ~ Youthful/Teen: ~ Neutral: Mature: Very
language baby talk; teen slang; standard adult;  professional Mature/Archaic:
language errors ~ SNS-style no age markers  adult speech historical drama;
elderly speech
Confidence  Epistemic Very Uncertain:  Somewhat Neutral: Somewhat Very Confident:
certainty timid; avoids Uncertain: balanced; Confident: absolute claims;
assertions cautious; some  fact-based expert opinion;  no doubt
hedging clear
Directness =~ Communicative Very Indirect: Somewhat Neutral: states Somewhat Very Direct:
directness heavy hedging;  Indirect: the point plainly, Direct: clear blunt
implies rather softened without extra statements; imperatives;
than states; suggestions; softening or direct requests explicit
avoids the point  qualified bluntness commands; no
requests hedging

Table 5: Seven bipolar stylistic axes with full scale-point descriptions.

ships (pooled across JA source and EN tar-
get):Interpersonal: Roughness—Authority strongly
correlate (r = 0.73), but Politeness negatively
correlates with both Roughness (r = —0.50)
and Authority (r = —0.48).Affective-Epistemic:
Emotion—Confidence show weak positive cor-
relation (r = 0.22). Expressive-Structural:
Age-Directness show weak negative correlation
(r =—0.35).

Exploratory factor analysis (3 factors, oblimin
rotation). The empirical factor structure differs
from the three-layer organization, consistent with
the orthogonal axis design: Factor 1 (“Interper-
sonal Forcefulness”): high loadings on Rough-
ness (+0.92), Authority (40.94), and Politeness
(—0.73). Factor 2 (“Maturity & Assertiveness”):
high loadings on Age (+0.77) and Confidence
(40.72), crossing layer boundaries. Factor 3
(“Linguistic Simplicity”): dominated by Directness
(+0.96) with secondary Emotion loading (4-0.44).
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Variance explained: 75.4% (Japanese), 74.9% (En-
glish).

Reliability analysis (Cronbach’s ). Cronbach’s
o reflects the designed axis orthogonality: Inter-
personal: a = —0.39 (Japanese), —0.35 (English);
negative values result from inverse correlations
(Politeness vs. Roughness/Authority). Affective-
Epistemic: 0.34 (Japanese), 0.22 (En-
glish); low but positive, reflecting weak correla-
tion between independent dimensions. Expressive-
Structural: o« = —0.92 (Japanese), —1.34 (En-
glish); Age and Directness measure independent
aspects.

o =

Interpretation. The low and negative o values
validate the intended orthogonal design. The three-
layer organization serves as a conceptual scaffold
for interpretation, not a claim of empirical factor
cohesion.



Score ‘ Japanese English
-2 ‘ P—. X Nah, can’t
-1 C®A. B &L Sorry, I can’t make it.
BLULDD
0 % A7 I W Thave aslightly differ-
. BELZ 5T entview.
e
+1 | KEBHLRIE I sincerely apologize,
WEEAHD & but 'm unable to ac-
5| EZIFH LD commodate that.
RET
+2 | IS TIEC T deeply regret that
TWVWETHFEM circumstances prevent
DEBICED B me from accepting.
ZiruwiLhrn
ESx

Table 6: Bilingual anchor examples for politeness (rep-
resentative). Anchors for all seven axes follow the same
structure.

Axis VIF (JA) VIF (EN)
politeness 3.01 3.62
roughness 2.78 3.25
emotion 1.70 1.38
authority 3.69 3.26
age 1.50 2.32
confidence 1.51 1.40
directness 1.30 1.87

Table 7: Variance Inflation Factors (full NV 100
human-annotated items). All below 4.0 (conventional
threshold: 5.0), indicating low collinearity among the
seven axes.

Layer Axes Function
Interpersonal Pol, Aut, Social relationship
Rou constraints
Affective Epistemic Emo, Con  Speaker emotional
and epistemic state
Expressive Age, Dir Sociolinguistically
Structural marked variation

Table 8: Three-layer organization of stylistic axes. Pol
= Politeness, Aut = Authority, Rou = Roughness, Emo
= Emotion, Con = Confidence, Dir = Directness.

A.4 Example of Profile Representation

For illustration, consider the Japanese source &
B UVRTEERL»H S F L and its profes-
sional translation “I ain’t a caterpillar!”. Suppose
the scorer assigns the following non-zero SDP(s)
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and SDP(t) components:

s: {pol:—1, rou:+1, emo:+1,
aut:—1, con:+1, dir:+1},
t: {pol:—2, rou:+1, age:—1}.

Axes omitted from the display are treated as zero.
The resulting diagnostic profile is:

Aspp(s,t) = {pol:—1, emo:—1, aut:+1,
age:—1, con:—1, dir:—1}.

Here, zero components are omitted. Non-zero com-
ponents indicate axes on which the translation dif-
fers stylistically from the source. Thus, Aspp iden-
tifies where stylistic nuance changes, while the sign
of each component indicates the direction of that
change. A scalar score cannot express this axis-
level information.

A.5 Diagnostic Case Examples

This section provides extended diagnostic case ex-
amples illustrating how per-axis human annotation
captures specific stylistic deviations. Each case re-
ports three rows on the seven SDP axes: the Source
(Japanese source utterance, scored directly), the
Official translation, and a stylistically Modified
variant.

Case 1: Emotion and Roughness Flattening.
Source (JA): K & ! AP > TATRESL !

Official (EN): “Damn it! What the hell are you
doing?!”

Modified (EN): “I’'m afraid your actions are inap-
propriate.”

Pol. Rough. Emo. Auth. Age Conf. Dir.
Source -2 +1 +2 +1 -1 +2 +1
Official —1 +2 42 +1 0 +1 +1
Modified +1 -1 -1 0 0 0 -1

Diagnostic interpretation: The modification shifts
6 of 7 axes, with the largest deviations on roughness
(|A]=3), emotion (| A|=3), and politeness (|A|=2).
Directness also drops (|A|=2) as the blunt imper-
ative becomes a hedged, formal evaluation, while
authority and confidence shift only mildly (JA|=1
each). This identifies the stylistic distortion as emo-
tion flattening with register elevation, distinct from
a single-axis politeness shift or simple lexical sub-
stitution.

Case 2: Authority and Confidence Hedging.
Source (JA): REEAXAHRBATHITAH W
ANSRAN



Official (EN): “I’'m never wearing glasses again!”
Modified (EN): “I probably won’t wear glasses
anymore... [ think.”

Pol. Rough. Emo. Auth. Age Conf. Dir.
Source -1 +1 +1 +2 0 +2 42
Official -1 0 +1 +1 0 +2 +1
Modified 0 -1 0 -1 0 -1 -1

Diagnostic interpretation: Primary deviations oc-
cur on confidence (|A|=3), authority (|A|=2), and
directness (|A|=2). The hedging markers (“proba-
bly,” “I think™) shift epistemic certainty and power
direction while increasing processing load, illustrat-
ing multi-dimensional stylistic degradation.

Case 3: Politeness and Directness Elevation.
Source (JA): 7= X ICIFBIHZD A ICHF > TL
TEREAD?

Official (EN): “Maybe you could stop by the dojo?”
Modified (EN): “I would be honored if you might
consider visiting our training facility at your conve-
nience.”

Pol. Rough. Emo. Auth. Age Conf. Dir.
Source 0 —1 0 -1 0 -1 +2
Official 0 -1 0 0 0 0 +1
Modified +2 -1 0 -1 +1 -1 -2

Diagnostic interpretation: The modification shifts
politeness (|A|=2) and directness (|A|=3) while
preserving emotion and roughness. This demon-
strates axis independence: register and complexity
can shift while affective dimensions remain stable.

B Dataset Details
B.1 Subtitle-100

Subtitle-100 is a scorer-validation set consisting of
100 professional JA—EN anime subtitle pairs. All
items are taken from works originally produced in
Japanese, with Japanese source utterances paired
with their official English subtitle translations. Each
item is annotated on the seven SDP axes for both
the source and target utterances. We use this dataset
to validate the LL.M-based style scorer and to test
whether the scorer’s AsDP tracks known stylistic
deviations.

B.2 Style25

Style25 is a controlled style-perturbation bench-
mark built in both JA—EN and EN—JA directions.
For each direction, we sample 100 seed items from
OpenSubtitles (Lison and Tiedemann, 2016). The
seed translations are community-produced Open-
Subtitles translations.

29

For each seed translation, Gemma3-27B-IT
rewrites the translation into 25 target styles at two
intensity levels (Table 9). Together with the unmod-
ified OpenSubtitles translation, this yields up to 51
possible candidates per item before filtering. We
apply a COMETKiwi quality gate (> 0.80) during
generation: candidates below the threshold are re-
generated when possible, but those that still fail are
discarded. Therefore, fewer than 51 candidates may
remain after filtering, with survival rates differing
by direction.

We use Style25 to test whether automatic scores
respond systematically to controlled style shifts and
whether they can identify the unmodified Open-
Subtitles translation as the no-perturbation anchor
among deliberately style-perturbed variants. This
evaluation is diagnostic and should not be inter-
preted as a measure of translation quality or human
preference.

B.2.1 Style25 Prompt Specifications

Each of the 25 styles is defined for both translation
directions at two intensity levels. Each level con-
sists of an instruction and a set of examples (3 per
level). At prompt-construction time, one example
is selected at random from the valid examples to
build a 1-shot prompt. The templates are shown
below, followed by the full instructions and one
representative example per category/intensity.

JA—EN template

Translate the following Japanese subtitle
lineinto English.

<DESCRIPTION_ON_STYLE>

Do not add or remove information from the

original. Output ONLY the English translation.

Example:
Japanese: <JAPANESE_EXAMPLE_SENTENCE>
English: <ENGLISH_EXAMPLE_SENTENCE>

Now translate:

Japanese: <SOURCE>
English:

EN—JA template

UTORED L) 7% BAAECHRL T
7230

<DESCRIPTION_ON_STYLE>
EXOBREEM - BRLELC X
BAEROBEHH LT RS,

Bl
English: <ENGLISH_EXAMPLE_SENTENCE>
H7<EE : <JAPANESE_EXAMPLE_SENTENCE>



# Category Style Instruction (abbrev.) Example (JA—EN, mild)
01 Textbook Clean, standard English; educational clarity; no  ® 3B D <AL, Mo THEL TN,
slang. — I'no longer wish to be involved. Please leave
me alone.
Register 02 Academic Academic register; nominalization, passive voice. — The subject expresses a desire to discontinue
involvement and requests non-interference.
03 Literary Polished, novelistic prose; aesthetic word choice. ~— A weariness had settled over him—the kind
that begs for silence and solitude.
04 Tabloid Punchy, sensational headline style. — ENOUGH! “Just back off and leave me
alone!”
05 Casual Conversational tone; contractions, relaxed — Ugh, I'm so over this. Just lemme be, yeah?
grammar.
06 SNS Social-media post; short, informal. — done with this lol just leave me alone
07 Report Official report; impersonal, third-person. — The individual has indicated a preference to
discontinue engagement.
. . 08 Regional-1 Regional variety A (Southern / Kansai). — I don’t wanna deal with this no more. Just
Spatiotemporal ~ Varia- leave me be
tion 09 Regional-2 Regional variety B (British / Hiroshima). — I'd rather not be involved any further, if you
don’t mind.
10 Era 1940s period style (film-noir / wartime). — I’'m through with this racket. Just leave me
alone, will ya?
11 Business Corporate register; business jargon. — Per our earlier discussion, I'd like to
Sociolinguistic Group disengage going forward.
12 Elderly Gentle, unhurried elderly speech. — I've had enough of all this fuss, really. Just let
me rest.
13 Gen-Z Contemporary youth slang. — I literally cannot with this anymore, just leave
me alone.
14 Deadpan Flat, unemotional; short declaratives. — I do not want involvement. Leave me alone.
Character Voice 15 Bitter Sarcastic, cynical, world-weary. — Funny how I keep having to say this—I'm
done. Leave me alone.
16 Brooding Quiet, introspective; restrained emotion. — ...Ijust...I can’t do this anymore. Please, just
leave me be.
Operational Register 17 Community-register ~Expressive, community-associated register. — Oh, I am just done with this whole thing.
Leave me be, would you?
Multilingual Practice 18 Code-switching Identity-driven code-switching across languages. — I’'m done with this, c’est la vie. Just leave me
alone.
19 Blunt Direct; no hedging or pleasantries. — Done. Leave me alone.
Pragmatic Strategy 20 Roundabout Indirect, roundabout phrasing. — I’ve been thinking, and maybe it might be
better if we went our separate ways.
21 Hedging Frequent uncertainty markers. — I think maybe I probably don’t want to be
involved anymore...
Stance 22 Assertive Confident, declarative; no hedging. — I’'m done. This is over. Leave me alone.
23 Commanding Authoritative tone; imperative forms. — That’s enough. Stand down and leave me
Interpersonal Role alone.
24 Submissive Timid, deferential toward a superior. — Um, I’'m sorry, but...I think I’d like to be left
alone...
25 Mentoring Warm, guiding mentor tone. — Listen, I've been where you are. But I need

my space now.

Table 9: Style25 taxonomy and style definitions: 25 styles across 9 categories, using the same category names as the
main-text figure. Instructions are abbreviated; each style is defined for both translation directions at two intensity
levels (mild/strong). All examples share the same source sentence H SBH D =< AL, WMo THWLTKL

o

to illustrate stylistic contrast. The community-register perturbation is a synthetic operational stress test:

it does not represent any particular real-world or protected community, and is unrelated to the human-produced
OpenSubtitles translations used as unmodified references. Each style is assigned a numeric ID (01-25), matching
the numbered points in the PCA figure (Figure 10 and 11).

ROXZBRLTLEET L

English: <SOURCE>
HAE:

B.2.2 Style25 Style Definitions

The 25 styles are organized into 9 categories. Ta-
ble 9 lists the full taxonomy together with an ab-
breviated instruction and one representative ex-
ample (JA—EN, mild level) for each style. The
<DESCRIPTION_ON_STYLE> slot in the templates
above is filled with the corresponding instruc-

tion, and the example sentences are drawn from
the examples associated with each style/intensity.
For illustration, all examples in Table 9 share
the same source sentence [H S BH D 7= <

L Mo THEWTLKC N, 1 so that stylis-
tic contrasts can be compared directly. Con-
cretely, <JAPANESE_EXAMPLE_SENTENCE> and
<ENGLISH_EXAMPLE_SENTENCE> in the JA—EN
template correspond to the source and target sides
of the example shown in the rightmost column of
Table 9.



B.3 Pro-JE

Pro-JE is a human-preference set of 32 profes-
sional JA—EN anime subtitle items, separate
from Subtitle-100. Each item contains four can-
didates: the official human subtitle and outputs
from three LLMs (Qwen3-14B-Instruct (Yang et al.,
2025), Gemma3-12B-IT (Team et al., 2025), and
Llama3.1-8B-Instruct (Grattafiori et al., 2024)).3
Human preferences are collected using Best—Worst
Scaling (BWS). We use Pro-JE for a case study
(86.3) of how SDP dimensions and SFS relate to
human preference, not to argue that source-style
preservation is generally the preferred outcome.

Candidate generation for Pro-JE. The three
LLM candidates for each Pro-JE item were gen-
erated by prompting each model to produce a plain,
natural English translation of the Japanese source,
with no style guidance, so that any stylistic shift re-
flects the model’s default translation behavior rather
than an imposed target style. The prompt instructed
the model to output only the English translation of
the given anime subtitle line. Generation used the
chat template of each model with sampling (tem-
perature 0.3, up to 256 new tokens) in bfloatl6,
and the first non empty output line was taken as
the translation after removing surrounding quotes
and any reasoning trace markers. This contrasts
with Style25 (Appendix B.2), where generation is
explicitly style conditioned; in Pro-JE the LLM out-
puts are unconditioned baselines against which the
official human subtitle is compared.

Table 10 summarizes the three datasets used in
the experiments that follow.

C Scorer Validation Details

C.1 Annotation Guidelines

All human annotations were produced by in-house
bilingual Japanese—English annotators following a
shared written guideline. This section summarizes
the instructions given to annotators; the per-axis
scale descriptions and bilingual anchor examples
used during annotation are those in Appendix A
(Table 5 and Table 6).

3For one Pro-JE item (pair_089), Gemma3-12B-IT and
Llama3.1-8B-Instruct produced an identical English trans-
lation; the duplicate was removed during BWS survey con-
struction, leaving only 3 distinct candidates (Human, Qwen3-
14B-Instruct, and the shared Gemma3-12B-IT/Llama3.1-8B-
Instruct translation) for this item instead of 4. The resulting
127 (not 128) candidates are used in Appendix F’s correlation
and quality-gate analyses.
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Task and unit of judgment. For each item, anno-
tators independently read the source (Japanese) and
target (English) utterances and scored each utter-
ance on all seven SDP axes using the five-point bipo-
lar scale (—2 to +2). Japanese and English were
scored independently, so that translation-induced
style shifts could later be recovered as Aspp. An-
notators were instructed that there is no correct or
incorrect answer and to record their intuitive im-
pression as a number.

Masked, text-only judgment. Speaker identity
and surrounding context were hidden. Even when
an annotator could infer which character produced
a line, they were instructed to ignore character back-
ground and judge only the linguistic expression of
the given text. For axes whose everyday interpreta-
tion depends on the interlocutor or situation, annota-
tors were explicitly told to set aside such context and
to score the flat, text-level impression. For exam-
ple, politeness and authority were judged without
assuming a particular speaker-listener relationship,
emotion without assuming intimacy from the topic,
age from lexical and stylistic markers rather than
topic, confidence from epistemic and stylistic mark-
ers rather than factual correctness, and directness
from the interpretive cost of the utterance rather
than from an elaborated imagined context.

Per-axis decision procedure. FEach axis was ac-
companied by a short, stepwise rubric that first re-
moved confounding context, then checked concrete
linguistic markers, and finally integrated them into
a single score. Representative markers included
honorific and register forms for politeness, aggres-
sive or softening expressions for roughness, inter-
jections and emphatic forms for emotion, directive
versus deferential framing for authority, age-graded
vocabulary and style for age, hedging versus as-
sertive markers for confidence, and lexical difficulty
and structural or rhetorical complexity for direct-
ness. Annotators were told to assign +2 when a
property was clearly present and £1 when it was
mild or when they were uncertain, and to use 0 for
neutral text.

Independence and comments. Japanese and En-
glish scores were not required to match: divergence
between them is the signal of interest. Annota-
tors could optionally leave a free-text comment not-
ing cues they relied on or cases where translation
changed the impression, which we use to inform
later development. Each annotator worked on an



Subtitle-100

Style25

Pro-JE

Purpose scorer validation

JA—EN

200 utterances: source and target
for each pair

Direction

Texts / candidates
scored

Judgment units 700 pair-axis judgments: 100
pairs X 7 axes

Human annotation seven-axis ratings by 3 annotators
validate the LLM-based SDP

scorer

Main use

automatic style-sensitivity test

JA~EN

up to 200 x 51 candidates before
filtering; fewer after filtering

200 Pres@1 decisions: one per
seed item

none; automatic scoring only

test whether metrics identify the
no-perturbation anchor among

supportive human preference
analysis

JA—EN BWS items

up to 128 candidates: 32 items X
4 translations (127 scored; one
item has only 3, see

Appendix B.3)

32 item-level BWS preferences

BWS by 4 annotators

examine whether SDP dimensions
relate to human preference

deliberately style-perturbed
candidates

Table 10: Overview of the three datasets. We distinguish items/questions, candidate texts, and judgment units
because the datasets differ in structure: Subtitle-100 contains paired source—target utterances, Style25 contains many
controlled perturbation candidates per seed item, and Pro-JE contains four translation candidates per item.

independent port, and judgments were saved per
item.

C.2 Human Annotation Reliability

For scorer validation, three annotators indepen-
dently rated Subtitle-100 on all seven SDP axes
using a five-point bipolar scale. Annotators were
masked to the condition of each item. Because
each translation pair requires judgments for both
the source and target utterances across seven axes,
the annotation cost is substantial: annotating the
100 Subtitle-100 items took 36.5 annotator-hours
in total.

Table 11 reports inter-annotator agreement us-
ing Krippendorff’s « for each axis and language.
Agreement varies by axis. Authority is the most
reliable axis, whereas age and directness are among
the weakest. The mean Krippendorff’s av across
the seven axes is 0.611 for Japanese and 0.492 for
English, with an overall mean of 0.551 across both
languages.

This level of agreement is comparable to prior
work on pragmatic and social meaning annotation.
For example, Pei and Jurgens (2020) reported Krip-
pendorff’s o = 0.548 over 212 annotated tuples
and interpreted it as moderate agreement. Our vali-
dation should be interpreted relative to this human
agreement level, especially for axes with low inter-
annotator agreement.

C.3 Axis-Level LLM Scorer Validation

We further examine the selected Qwen3-14B-
Instruct scorer at the axis level. Table 12 reports
Spearman’s p and Kendall’s 7 for each axis, split by
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Axis a(JA) o« (EN)
Authority 730 591
Age .629 347
Politeness .621 577
Emotion 616 .530
Confidence .599 .587
Roughness 591 410
Directness 491 400

Table 11: Inter-annotator agreement by SDP axis and lan-
guage. Japanese shows higher agreement than English
on all axes. The largest drops for English are observed
on age, roughness, and directness.

source language (JA) and target language (EN), fol-
lowing the same per-language breakdown used for
inter-annotator agreement in Table 11. Agreement
is strongest for emotion, confidence, and authority,
which are all significant in both languages, whereas
age shows the weakest agreement with English-side
correlation near zero and directness shows compar-
atively lower values. This pattern diverges from the
human inter-annotator pattern in Table 11, where
authority shows the highest agreement and direct-
ness the lowest: the LLM scorer tracks human judg-
ments well on emotion and confidence despite those
axes involving more subjective distinctions. This
suggests that LLM scorer errors are not simply in-
herited from human-annotation difficulty, but partly
reflect axis-specific scorer biases (see the zero-bias
analysis in Appendix C.7).

Weak scorer agreement, however, does not nec-
essarily mean that an axis is uninformative. We
retain all seven axes because they are part of the
predefined SDP schema. The Pro-JE axis-subset



Spearman p  Kendall 7
Axis MAE/" JA EN JA EN
Politeness 540 47T 547 437 510
Roughness ~ .340  .55™** 42*** 52*** 40™**
Emotion 440 627" 58T 57T 55T
Authority 395 47T 627 44777 597
Age 545 26" .00 .24* .00
Confidence .555 .58"** 59*** 53*** 53***
Directness  .755  .39™"* 46" 34™"* 427"

Table 12: Axis-level validation of the selected Qwen3-
14B-Instruct scorer against human mean annotations,
split by source language (JA) and target language (EN).
*p < .05, **p < .01, ***p < .001 (uncorrected for
multiple comparisons). TMAE is pooled across JA and
EN.

Model +1Agr. MAE Meanp
Qwen3-14B-Instruct  93.9% 0.51 0.47
GPT-0ss-120B 88.4% 0.69 0.37
Gemma3-9B 87.5% 0.67 0.39

Table 13: LLM scorer comparison. Figures are
identical to Table 2 (same 100-item Subtitle-100 set,
pair_001-100) and are repeated here for convenience
alongside the axis-level breakdown for the selected
scorer in Table 12. Mean p is the mean per-axis
Spearman correlation with human ratings. Qwen3-14B-
Instruct achieves the highest +1 agreement, the lowest
MAE, and the highest mean p, and is therefore selected
as the scorer used throughout the paper.

ablation in Appendix C.9 shows that no small axis
subset dominates across objectives (Top-1 selec-
tion vs. Kendall’s 7), and that scorer agreement
alone does not reliably predict which axes carry
preference-relevant signal.

C.4 LLM Scorer Comparison

We compared three LLM scorers against human an-
notations (Table 13). Qwen3-14B-Instruct achieved
the highest =1 agreement, the lowest MAE, and the
highest mean per-axis Spearman correlation, and
was therefore selected as the scorer used throughout
the paper; the axis-level breakdown for this scorer
is reported separately in Table 12.

C.5 LLM Scorer Prompts

This section gives the exact prompts for the three
LLM-based scorers used in the paper: the SDP
scorer (seven axes), our reference-free GEMBA-
DA adaptation, and the SA-3 style baseline (RASTA
axes).
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SDP scorer. Each axis is scored by a separate
LLM call (14 calls per item: 7 axes X 2 languages).

Prompt template:

Evaluate the {axis_name} of this
{language} sentence on a scale from
-2 to +2.

Sentence: {text}

Scale:

-2: {scale_-2_description}
-1: {scale_-1_description}
0: {scale_0_description}
1: {scale_+1_description}
2: {scale_+2_description}

IMPORTANT: Respond with ONLY a single
number (-2, -1, 0, 1, or 2). Do

not use any tags, explanations, or
thinking process.

Score:
Generation parameters:
Model: Qwen3-14B-Instruct
Max new tokens: 50
Temperature: 0.1
Output format: Label only (no explanation)

GEMBA-DA (reference-free adaptation). As
noted in §4, our GEMBA-DA scores follow the
Direct Assessment formulation of Kocmi and Fe-
dermann (2023) but omit the human-reference
field, matching our other reference-free metric
(COMETKiwi). Each candidate is scored by a sin-
gle LLM call.

Score the following translation
from {src_lang} to {tgt_lang} on
a continuous scale from O to 100,
where:

- 0 means completely wrong,
incomprehensible, or full of errors
- 100 means perfect translation, no
errors, completely natural

Source ({src_lang}): {source}
Translation ({tgt_lang}):
{translation}

Consider accuracy, fluency,
terminology, and style. Provide
only a numeric score.

Score:

The returned 0-100 value is normalized to [0, 1].
Generation uses Qwen3-14B-Instruct with greedy
decoding (max 16 new tokens); the heavy dis-
cretization of these greedy scores is analyzed in
Appendix D.



Strategy Zero% p MAE Att.% Rev.%
PO Baseline 457 .509 .600 32.8 9.4
Pl Anti-zero 460 493 .600 328 109
P2 Few-shot 553 455 .660 424 11.0
P3 CoT 39.0 .501 .670 26.6 139
P4 Two-stage 41.7 .504 .646 28.1 12.0
P5 Combined 58.7 431 .638 467 102

Table 14: Prompt calibration results. No strategy im-
proves all metrics over the baseline. Strategies that re-
duce zero-rate increase polarity reversals.

SA-3 (RASTA style baseline). SA-3 reuses the
three RASTA axes (Havaldar et al., 2025): polite-
ness, intimacy, and formality, each scored on a five-
point [0, 1] scale (0, 0.25,0.5,0.75, 1.0) by a sepa-
rate LLM call, mirroring the SDP scorer structure
so that the two style measures differ only in their
axis inventory.

Evaluate the {axis_name} of this
{language} sentence.

{axis_description}
Sentence: {text}

Scale (0 to 1):

0.0: {scale_0.0_description}
0.25: {scale_0.25_description}
0.5: {scale_0.5_description}
0.75: {scale_0.75_description}
1.0: {scale_1.0_description}

IMPORTANT: Respond with ONLY a
single number (0.0, 0.25, 0.5,
0.75, or 1.0). Do not use any tags,
explanations, or thinking process.

Score:

Generation uses Qwen3-14B-Instruct (max 50
new tokens, temperature 0.1). SA-3 fidelity is com-
puted from these axis scores using the same MAD-
based distance as SFS (Appendix C.8), restricted
to the three RASTA axes.

C.6 Prompt Calibration Experiment

Five alternative prompt strategies were tested to
determine whether LLLM axis attenuation can be
mitigated through prompt engineering (N = 100
items x 7 axes X 2 languages). Results are shown
in Table 14.

No strategy improves all metrics over the base-
line. Strategies that reduce zero-rate increase polar-
ity reversals. Few-shot examples increase zero-rate
(55-59%) as anchors function as comparison stan-
dards. Baseline achieves highest overall p (.509)
and lowest reversal rate (9.4%).
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Axis N~o Correct Atten. Reversal
politeness 118  53.4%  36.4% 10.2%
roughness 84  40.5%  47.6% 11.9%
emotion 118 72.0% 24.6% 3.4%
authority 74 64.9% 27.0% 8.1%
age 79 27.8% 65.8% 6.3%
confidence 139 61.9% 28.8% 9.4%
directness 146 68.5% 17.1% 14.4%
Total 758 57.8% 32.8% 9.4%

Table 15: Per-axis LLM error decomposition (full 100
items, JA+EN combined). Age has the highest attenu-
ation (65.8%); emotion has the lowest reversal (3.4%).
The LLM’s primary failure mode is attenuation, not po-
larity reversal.

Function d (H) d(@L) rH+L)
MADsim 1.01 0.84 478
Norm. Manhattan 1.01 0.84 478
Norm. Euclidean 1.09 0.71 435
RMSgim 1.09 0.71 435
Pearson r 0.78 0.07 .365
Cosine 0.63 0.17 336
Dot product -0.23 —-0.31 .506
Max deviation 0.85 0.59 .387
Agreement (+ 1) 0.72 0.47 301
Agreement (£ 0) 0.41 0.22 .186

Table 16: Distance function comparison. d (H) = Co-
hen’s d for human scoring; d (L) = Cohen’s d for LLM
scoring; r (H«<L) = correlation between human and
LLM composite scores. MADy;, achieves the best joint
performance.

C.7 Per-Axis LLM Error Decomposition

LLM scoring errors are decomposed by axis (N =
100 items x 7 axes x 2 languages) in Table 15.
On non-zero human ratings, the LLM preserves
polarity in 58% of cases, attenuates to 0 in 33%,
and reverses polarity in 9%.

The LLM shows overall zero bias: it outputs 0
on 57% of all ratings versus 46% for humans, an
11-point gap most severe on age (91% vs. 55%) and
politeness (54% vs. 35%).

C.8 SFS Distance Function Comparison

Ten distance functions for computing SFS were
compared, evaluating each on condition separation
(Cohen’s d) and Human—LLM agreement (Pearson
7). Results are reported in Table 16.

MADg;, achieves the best joint performance. Co-
sine similarity is invariant to uniform scaling, so it
cannot detect “style flattening” where both vectors
are proportionally attenuated. Using MAD instead
of cosine improved d from 0.63 to 1.01 and r from
.336 to .478.



MAD and normalized Manhattan are alge-
braically identical: MADyg;, = 1 — % Zfi 1 %

C.9 Acxis-Subset Robustness

To test whether the seven-axis SES is redundant, we
exhaustively evaluate all 2" —1 = 127 non-empty
axis subsets on Pro-JE against two objectives: Top-
1 selection accuracy and Kendall’s 7 with human
BWS preference. The two objectives favor different
axes. The subset that maximizes Top-1 accuracy
at k=5 (politeness, roughness, emotion, authority,
age) reaches 56.2% but only 7=4-0.041, whereas
the best subset for 7 alone at k=3 (emotion, con-
fidence, directness) reaches 7=+0.195 (above the
seven-axis SFS’s 7=+0.147), yet is not the Top-1-
best subset (k=7: 46.9% Top-1). No subset domi-
nates both objectives simultaneously, and author-
ity never appears among the best subsets for either
objective, while emotion appears in nearly all of
them. This shows that human—-LLM scorer agree-
ment (Appendix C.3) is not a reliable guide to which
axes matter for preference: directness has compara-
tively strong scorer agreement yet contributes little
to Top-1 accuracy, while age has weaker agreement
but appears in the best Top-1 subset. We there-
fore retain the full seven-axis SFS as a fixed, task-
agnostic inventory: pruning to any single small
subset would optimize one objective at the expense
of another, and axis informativeness is objective-
dependent rather than reducible to a single ranking.

D Statistical Details

Inter-annotator agreement heatmap. Figure 3
shows Krippendorff’s o per axis. This page inten-
tionally includes additional figures for reference.

Condition separation and LLM error profile.
Figure 4a shows the SFS distribution by condi-
tion (Official vs. Modified) for human and LLM
scoring on the full N=100 Subtitle-100 set; both
scoring sources clearly separate the two conditions
(d = 0.66 for SFSHuman, d = 0.30 for SFSLLM).
Figure 4b shows the per-axis LLM error decompo-
sition (left) and per-axis Human—-LLM Spearman p
(right, N=100 items, JA+EN pooled): age has the
highest attenuation rate (65.8%, Table 15) and the
weakest axis-level Human—LLM correlation (Ta-
ble 12), whereas emotion has the lowest reversal
rate (3.4%) and among the strongest correlations.

Distance function comparison. Figure 5 visual-
izes the tradeoff between condition separation and
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Inter-Annotator Agreement
(Krippendorff's a, 3 annotators)

Authority
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Krippendorff's a
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Roughness 0.410

03,

0.491

Directness 0.400

Japanese English

Figure 3: Inter-annotator agreement (Krippendorft’s a)
per axis.

Human-LLM agreement for 10 distance functions.

Corpus invariance test. Bootstrap subsampling
test (B = 1,000, drawing N = 15 items from
100 JA—EN pairs) illustrates utterance-level de-
sign: SFS shows SD = 0.013 (sampling noise
only), whereas corpus-level Pearson r fluctuates
with SD = 0.12, ranging from 0.08 to 0.75.

GEMBA-DA tie-handling caveat. The GEMBA-
DA scores used here come from our reference-free
adaptation (§1): an LLM judge is prompted for
a single 0—100 score under greedy decoding. In
practice the outputs collapse onto a handful of dis-
crete values (6—10 unique values per direction; e.g.
66.8% of JA—EN scores equal exactly 0.95), pro-
ducing very high anchor—candidate tie rates (54.4%
in JA—EN, 33.1% in EN—JA). Such score com-
pression under greedy or low-temperature decod-
ing is a known property of LLM-based DA metrics
rather than an artifact of our prompt (Freitag et al.,
2024).

Because the anchor is always the first entry in
each item’s candidate ordering, Pres@1 in Table 3
silently breaks top ties in its favor. Table 17 re-
computes Pres@1 under three tie-handling rules:
under strict no-tie ranking GEMBA-DA falls to or
below chance in both directions, and under fair split-
credit it stays below chance in EN—JA while re-
maining modestly above chance in JA—EN. Thus
tie handling explains most, but not all, of GEMBA-



SFS Condition Separation: Official vs. Modified
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(a) SFS distribution by condition (Official vs. Modified) for human scoring (left) and LLM scoring (right), N=100 items. Both
scoring sources clearly separate the two conditions (SFSxyman: d = 0.66; SFSpim: d = 0.30), confirming that SFS reliably
distinguishes perturbed from unperturbed translations regardless of the scoring source.

LLM Scorer Error Profile (Qwen3-14B-Instruct)

Per-Axis Error Breakdown Human-LLM Agreement by Axis
(Human # 0; N=758 axis-utt pairs) (N=100 items, JA+EN pooled)

Direct. -- Direct.
Confid. -. Confid.
« N~
Author. -. Author.
Emotion -I Emotion

Rough. Rough.
Polite. Polite.
0 20 40 60 80 100 0.0 0.2 0.4 0.6
% Spearman p (Human-LLM)
mm Correct polarity ®m Attenuation - 0 mE Polarity reversal M p=045 I 020=p<045 W p<0.20 (age)

(b) LLM error profile by axis (left: per-axis error decomposition when Human = 0; right: per-axis Human—LLM Spearman
p, N=100 items, JA+EN pooled). Age has the highest attenuation rate (65.8%) and the weakest Human—LLM correlation
(p=0.15); emotion has the lowest reversal rate (3.4%) and among the strongest correlations (p=0.60). The dominant error mode
is attenuation toward the neutral label rather than polarity reversal.

DA’s apparent anchor recovery. dates’ mean shows no significant difference in ei-
ther direction (paired ¢-test p = 0.71/0.77) and no
GEMBA-DA’s own scores do not support an  girection asymmetry (p = 0.79, Mann—Whitney

adequacy-reduction explanation: an item-level com- U). This behavior is expected to generalize: be-
parison of the anchor against its perturbed candi-
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Discrimination Power (Official vs.\ Modified)
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Figure 5: Distance function comparison. MADyg;jy,
achieves the best joint performance: the highest discrim-
ination power between Official and Modified conditions
(Cohen’s d, top) and strong Human—LLM agreement
(Pearson r, bottom).

GEMBA-DA tie handling JA—EN EN—JA Type

Standard (Table 3) 74.0 36.0 quality
Strict no-tie 2.0 0.0 quality
Split-credit ties 8.6 2.3 quality

Table 17: GEMBA-DA Pres@1 (%) on Style25 under
three tie-handling rules. Standard reproduces the rank-
ing used for Table 3, where ties with the anchor are
silently broken in its favor; Strict no-tie credits the anchor
only when its score is the sole maximum; Split-credit
divides credit evenly among tied top-scoring candidates.
Chance levels are 5.7% (JA—EN) and 3.7% (EN—JA).
Both corrections fall at or below chance in EN—JA;
under split-credit the JA—EN figure remains modestly
above chance, so tie handling explains most, but not all,
of GEMBA-DA’s apparent anchor recovery.

cause the perturbed Style25 candidates preserve
meaning and grammaticality (they pass the same
COMETKiwi> 0.80 gate as the anchor), adequacy-
oriented scoring, including reference-based DA and
GEMBA-MQM, is by design largely insensitive to
style-only changes and would plausibly show com-
parable compression under greedy decoding.
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E Additional Style25 Diagnostics

E.1 Style Shift Magnitude by Category and
Intensity

Figure 6 measures the magnitude of the induced
shifts. Strong perturbations produce larger mean
absolute Aspp than mild ones, indicating that Aspp
is sensitive to the intensity as well as the direction
of controlled style changes. The unmodified anchor
has the smallest average shift here, a diagnostic
property of Style25, not a claim that minimal shift
is preferable in professional translation.

E.2 Style Fidelity by Categories

Figure 7 shows mean SFS by category and direc-
tion. Style-shift magnitude differs substantially by
perturbation type. Lower SFS means a larger shift
from the source-style profile, not lower translation
quality or human preference.

E.3 Style Adaptation Profile

Figure 8 compares signed Aspp profiles across un-
modified translations and controlled Style25 per-
turbations for both translation directions, comple-
menting the professional adaptation analysis in §6.2.
The main text finding that professional JA—EN
subtitles raise politeness (40.24) and neutralize
roughness (+0.17) should be read in the context
of anime dialogue rather than as evidence of over-
formalization. Japanese is often described as a lan-
guage with rich politeness marking, yet many anime
utterances involve close social relations, conflict, or
strong character voice, and therefore use reduced
politeness or highly intimate forms. When such
utterances are rendered into idiomatic English sub-
titles, they frequently map onto a more standard
interpersonal register, which appears as a small pos-
itive politeness shift on our scale simply because
the target expression is closer to a neutral social dis-
tance. A parallel effect holds for roughness: very
gentle or soft source-side expressions (note the neg-
ative source-side roughness, —0.45 in Table 4) tend
to be rendered in English with a less marked, more
neutral tone, producing a positive roughness shift
toward O rather than toward crudeness.

These two shifts are therefore not contradictory:
both reflect movement toward a standard English
interpersonal baseline rather than a uniform in-
crease in formality or aggression. This is consistent
with Figure 8, where the unmodified Pro-JE (Hu-
man) and Style25 Original rows show smaller and
more structured shifts than the controlled LLM-



Style Shift Magnitude by Category and Perturbation Strength (Style25)

JA-EN

1.0 A

0.8 A

0.6 1

Mean absolute ASDP

A9 XA e A 5.
\9@\6‘\6@ 30\ OK‘GQEOOC{Q‘O '\5‘00’90
Qe el S5 T oR QRS
D> Y {6 X3 C° 0> )
Q°§\0‘50‘ﬂ\° e@e'a“o"\}x“
(&S50 <09 (K€ 5P
R © 00 W™

EN-JA

Original (unperturbed)
1 mild perturbation
Il strong perturbation

AR 228 8 AC eSO
¢ ¢! 2!
'\‘5&‘\6"’\%&0\)30\ «z;ﬁe(’}’@“c\'?‘o vty
2R Jet S8 SR aels
PRI RIS
9% o‘é‘é‘o"’{&o& PORSIES X
(@R B5ad (RO
0050 ¢ o9

Figure 6: Style shift magnitude by category and intensity (Style25). Mean absolute Aspp (% >4 |ASDPg|) per
category, split into mild/strong variants, with the unmodified OpenSubtitles anchor. Strong perturbations generally
induce larger shifts than mild ones. Single-style categories, such as community-register and code-switching, are
based on fewer samples and should be read with caution.
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Figure 7: Style fidelity by category (Style25). Mean
SFS by category and direction. Variation across cat-
egories indicates that controlled perturbations induce
different magnitudes of style shift. Lower SFS indicates
a larger shift from the source-style profile, but does not
imply lower translation quality or lower human prefer-
ence.

perturbation rows. Taken together, the professional
sample preserves emotion and directness while nor-
malizing selected interpersonal register cues for
the target language, supporting the view that these
changes are localization-oriented adaptation rather
than style-copying failure.
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Category Dir. SFS SA-3 A
dialect JA—EN 78.1 699 +8.2
locale JA—EN 60.5 512 493
character-voice JA—EN 56.8 50.0 +6.8
stance JA—EN 64.0 73.0 -9.0
register EN—JA 364 515 —15.2
speech-style EN—JA 55.8 42.1 +13.7

Table 18: SFS vs. SA-3 anchor recovery by category
on Style25 (Pres@1, %). Positive A indicates higher
Pres@1 for SFS. These six labels are 6 of the 9 cate-
gories in the Style25 taxonomy of Table 9, each itself
a coarser grouping of the 25 individual Style25 styles;
only the categories with the largest |A| are shown here.
Correspondence to Table 9: dialect = Sociolinguistic
Group (Business, Elderly, Gen-Z); locale = Spatiotem-
poral Variation (Regional-1, Regional-2, Era); character-
voice = Character Voice (Deadpan, Bitter, Brooding);
speech-style = Pragmatic Strategy (Blunt, Roundabout,
Hedging); stance = Stance (Assertive); register = Reg-
ister (Textbook, Academic, Literary, Tabloid, Casual,
SNS, Report). Interpersonal Role, Operational Register,
and Multilingual Practice are not shown here because
they did not rank among the largest |A| categories.

E.4 SFS vs. SA-3 by Category

Table 18 breaks down anchor-recovery performance
for SFS and the SA-3 baseline by category, re-
stricted to the categories with the largest |A|.



Style Adaptation Profile: Unmodified vs. Controlled LLM Perturbations
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Figure 8: Style adaptation profile. Mean signed AsDP (translation minus source) for JA—EN (left) and EN—JA
(right) on a shared colour scale. Rows are grouped into Unmodified translations (Pro-JE professional Human, available
for JA—EN only, and Style25 Original) and Controlled LLM Perturbations (Style25 categories). The unmodified
rows show smaller and more structured shifts than the controlled perturbation rows, while LLM perturbations
induce larger changes especially in emotion, confidence, and directness. This supports the view that style changes
should be analyzed as signed adaptation profiles rather than treated simply as copying or failure to copy. The
community-register condition is an operational stress test and does not represent a real community.

F Full Per-Metric Correlations and the credit is
Quality-Gate Analysis on Pro-JE [Miop N Biop| ’ (4)
n
where B, is the set of BWS-best candidates, and
BWS ties are treated as an equally best set. This
is the Top-1 definition used both in the main text
(§4.3) and throughout this appendix.

This appendix reports the full per-metric correla-
tions and quality-gate analysis on Pro-JE referenced
in §6.3. All results use Pro-JE only (32 items; up
to 128 candidates) and are reported as case-study
observations (§4.3). Significance markers follow

tp < .10, *p < .05, *p < .01, ***p < .001 (two-
sided). Table 19 reports, for each candidate metric,

Kendall’s 7 against human BWS scores and Top-1

accuracy (the fraction of items for which the met-
Top-1 accuracy with fractional credit. For Top- ric’s top candidate matches the BWS-best candi-
1 accuracy, metric ties receive fractional credit: if ~ date). Chance-level Top-1 accuracy is 0.250 (one
the metric’s top set M, contains n tied candidates,  of four candidates per item).
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F.1 Per-Metric Correlation with Human BWS



Metric Type 7 Top-1 Note

COMETKiwi Adequacy —0.008 0.438 Uncorrelated with BWS on Pro-JE

MetricX-24 Quality +0.038 0.469 Weak overall

GEMBA-DA Quality +0.160" 0.380 Strongest 7 among all metrics; ties
on 84% of items lower its Top-1 (see
note below)

SES (7-axis) Style +0.147* 0.404 Style signal, largely independent of
quality

SA-3 (RASTA axes) Style +0.008 0.307 Weak on Pro-JE

Table 19: Per-metric correlation with human BWS preference on Pro-JE. Chance-level Top-1 accuracy is 0.250.
Metric ties receive fractional credit (credit = |Mt0p N Biop |/n, where n is the number of tied top candidates); BWS

ties are treated as an equally-best set (§4.3).

GEMBA-DA attains the strongest rank corre-
lation with human preference on Pro-JE (7
+0.160*) but a comparatively low Top-1 accuracy
(0.380): on 84% of Pro-JE items, GEMBA-DA as-
signs all four candidates the same score (0.95), so
its top-ranked set is frequently a four-way tie. Un-
der fractional-credit scoring this depresses Top-1
accuracy even though the metric’s ordinal corre-
lation with BWS is the strongest observed. This
illustrates that 7 and Top-1 accuracy capture differ-
ent aspects of alignment with human preference and
should be interpreted jointly rather than in isolation.
COMETKiwi, an adequacy-oriented metric, is un-
correlated with BWS on Pro-JE (7 =~ —0.008), con-
sistent with the claim in §6.3 that style fidelity (SFS)
provides preference-relevant signal that is comple-
mentary to, rather than redundant with, quality-
oriented metrics. Applying Holm—Bonferroni cor-
rection across these five tests (m = 5) raises the
two nominally significant p-values (GEMBA-DA
p = .030; SFS p = .032) above the corrected
threshold (ppoim = .148 for both), so neither sur-
vives family-wise correction; we report this openly
rather than treat the uncorrected markers as conclu-
sive.

F.2 Quality-Gate Sensitivity

Table 20 shows how the SFS-BWS and SA-3-BWS
associations change when candidates are restricted
to those passing increasingly strict quality thresh-
olds (COMETKiwi, MetricX-24, and/or GEMBA-
DA), starting from all 127 scored Pro-JE candidates.

Quality gating consistently strengthens, and
never reverses, the SFS—BWS association: SFS
7 ranges from +0.116 to 4+0.225* across gates,
compared to +0.147* unfiltered, and SFS Top-1
accuracy rises from 0.404 (unfiltered) to as high
as 0.656 under the combined COMET+GEMBA
gate. In contrast, SA-3 remains uncorrelated or
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weakly negatively correlated with BWS under ev-
ery gate (7 between —0.041 and +0.008). This
pattern supports interpreting semantic adequacy
and style fidelity as jointly necessary, rather than
substitutable, signals for human preference on Pro-
JE: once low-adequacy candidates are removed, the
residual variance in human preference is better ex-
plained by style fidelity (SFS) than by the narrower
RASTA-derived axis set (SA-3). Treating all twelve
SFS/SA-3 tests across the six gate conditions as
one family, Holm-Bonferroni correction (m = 12)
leaves none significant at @ = .05 (smallest raw
p = .032 against a corrected threshold of .0042);
the gate-wise pattern above is therefore best read as
a consistent descriptive trend rather than a family-
wise-significant effect.

F.3 Axis-Level Association with Human
Preference

Table 21 and Table 22 report Kendall’s 7 between
each individual style axis and human BWS scores
on Pro-JE, for the SDP seven-axis set and the SA-3
baseline, respectively.

On Pro-JE, no single SA-3 axis reaches signif-
icance, and among the seven SDP axes only emo-
tion is significant (7 = 40.153*), with confidence
showing a marginal positive trend (7 = +0.1397).
This axis-level breakdown is consistent with §6.2’s
finding that professional translators leave emotion
and directness nearly unchanged on average: the
present result further suggests that, when transla-
tions do vary in emotional expression, human raters
on Pro-JE prefer the more emotionally expressive
candidate.

F.4 Confound Check Between Axis Values and
Quality Gate

Because §F.2 restricts candidates by quality-metric
thresholds, an axis—preference association could



Quality gate Pass N SFS 7 SFS Top-1 SA-37 SA-3 Top-1
(none) 127 +0.147* 0.404 +0.008 0.307
COMET > 0.8 62 +0.161 0.575 —0.010 0.383
MetricX > 0.895 63 +0.116 0.533 +0.006 0.479
GEMBA > 0.950 95 40.143" 0.512 —0.019 0.366
COMET + MetricX 50 +0.129 0.559 —0.041 0.422
COMET + GEMBA 51 +0.225" 0.656 —0.028 0.354

Table 20: Effect of quality gating on the SFS-BWS and SA-3-BWS associations on Pro-JE. Pass N is the number of
Pro-JE candidates retained after applying the quality threshold(s). Bold marks configurations whose SFS association
exceeds the unfiltered (none) baseline on both 7 and Top-1.

SDP axis 7 Note

Politeness —0.051 ns.

Roughness ~ 4-0.002 n.s.

Emotion +0.153"  Strongest single-axis associa-
tion on Pro-JE; more emotional
candidates are preferred

Authority +0.041 ns.

Age —0.120 Negative trend, n.s.

Confidence +0.139" Weak positive trend (marginal)

Directness ~ +0.108 n.s.

Table 21: Axis-level Kendall’s 7 between SDP axes and
human BWS on Pro-JE.

SA-3 axis 7 Note

Politeness +0.071 n.s.
Intimacy 40.004 n.s.
Formality +0.032 n.s.

Table 22: Axis-level Kendall’s 7 between SA-3 axes and
human BWS on Pro-JE.

in principle be inflated if axis values happen to
correlate with the pass/fail quality-gate status it-
self. Table 23 reports 7> between each axis and the
(COMET + GEMBA) quality-gate pass/fail indica-
tor on Pro-JE.

All n? values on Pro-JE are small (< 0.044), in-
dicating that, unlike the Style25-derived controlled
perturbation sets, the Pro-JE candidate pool (official
subtitle plus three LLM outputs) does not exhibit
a systematic relationship between axis values and
quality-gate status. Pro-JE is therefore an appro-
priate baseline for interpreting the axis-level and
quality-gate associations reported above without
confound-driven inflation.

F.5 Pooled versus Within-Group
Decomposition

As a further robustness check, Table 24 decom-
poses the pooled Kendall’s 7 between each axis
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Family Axis n

SA-3 Formality  0.000
SA-3 Intimacy  0.011
SA-3 Politeness  0.009
SDP Politeness  0.035
SDP Emotion 0.025
SDP Directness 0.044
SDP Age 0.016
SDP Roughness 0.003
SDP Authority  0.009

Table 23: Confound check: 12 between each style axis
and quality-gate pass/fail status on Pro-JE. All values
are small (< 0.044), indicating no substantial confound
between axis values and the quality gate in the Pro-JE
candidate set.

and BWS into a within-group component (com-
puted after conditioning on the COMET+GEMBA
quality-gate group) and a between-group inflation
component (pooled 7 minus within-group 7), for
the axes with the largest pooled associations on Pro-
JE. Within 7 and Residual 7 are two distinct within-
group estimators rather than the same quantity un-
der different names: Within 7 is the size-weighted
average of Kendall’s 7 computed separately inside
each quality-gate group, whereas Residual 7 is a sin-
gle pooled 7 computed after group-mean-centering
both the axis value and BWS within each group.
The two can diverge because Kendall’s 7 is not
linear, so averaging per-group correlations is not
equivalent to correlating pooled, group-centered
residuals.

On Pro-JE, most of the pooled association for SA-
3 formality and SDP emotion survives within-group
conditioning (residual 7 of +0.053 and +0.065, re-
spectively), whereas SDP directness shows a larger
inflation component (40.105) relative to its within-
group residual (40.020), suggesting that its pooled
association is driven more by between-group differ-
ences than by within-group rank agreement. SDP



Axis Pooled = Within 7

SA-3 Formality +0.085 +0.073 40.012 +0.053
SDP Emotion +0.123 +0.068  +0.055

SDP Directness  +0.1257  +0.020  +0.105

SDP Confidence  +0.105 +0.136 —0.031

Table 24: Pooled vs. within-group (COMET+GEMBA
quality-gate group) Kendall’s 7 on Pro-JE. Inflation is
the pooled-minus-within difference, i.e., the portion of
the pooled association attributable to between-group
mean differences rather than within-group rank agree-
ment.

confidence shows negative inflation, i.e., its within-
group association (4+0.136) is if anything stronger
than the pooled association. Together with the con-
found check in §F.4, these decompositions indi-
cate that Pro-JE’s candidate design does not intro-
duce the kind of confound structure observed in
the Style25-derived comparison sets, supporting its
use as the primary basis for the case-study human-
preference claims in §6.3.

G Direction-Specific Style Planes for
Style25

To complement the pooled Style25 visualization in
Figure 2, we plot the same interpersonal—expressive
style plane separately for JA—EN and EN—JA.
The two composite axes are defined as in §6.1: inter-
personal force = mean(Adir, Aaut, —Apol) and
expressive intensity = mean(Aemo, Arou, Acon).

As shown in Figure 9, Style25 categories occupy
different regions in both directions, supporting the
pooled analysis. The unmodified anchor is not ex-
actly at the origin in either direction, indicating that
naturally occurring translations may already intro-
duce cross-lingual shifts. These plots serve only
as diagnostic evidence that ASDP captures system-
atic style-shift patterns, not as quality or preference
judgments.

H Data-Driven Projection of Style25
Category Shifts

The two-dimensional view in Figure 2 and Figure 9
uses a hand-chosen projection (§6.1). To check that
the observed category separation is not an artifact
of this specific projection, we also apply principal
component analysis (PCA) to the full seven-axis
Aspp vectors of all Style25 variants, pooling both
translation directions.

Figure 10 shows the result. The first two com-
ponents explain 75.5% and 13.2% of the variance
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Inflation Residual r (88.7% cumulative), indicating that most category-

level variation in the seven-axis space is captured by

+0.065 a two-dimensional structure. The point is that the
+0.026 same categories that are separated under the hand-
+0.110" chosen projection remain separated under this data-

driven projection, indicating that the separation in
Figure 2 is not only for the particular axis combina-
tion we chose for visualization. The full seven-axis
AsDP representation can be examined through other
axis pairs or combinations depending on the stylis-
tic contrast of interest, and the PCA plane used here
is only one such view that happens to capture most
of the variance (PC1 + PC2 = 88.7%).

The figure also plots the individual base-style
means (light points), making within-category and
cross-style variation directly visible. To make
this within-category structure easier to read, Fig-
ure 11 re-plots the same base-style means on an
identical PCA scale, split into nine per-category
panels. As this shows, categories differ in inter-
nal spread: multi-style categories such as Regis-
ter (n=7), Pragmatic Strategy (n=3) and Interper-
sonal Role (n=3) contain styles that spread widely,
sometimes in opposing directions, whereas single-
style categories (Stance, Community-register per-
turbation, and Multilingual Practice, each n=1) are
represented by a single point and have no within-
category variation by construction. We take this to
suggest that our categories are a convenient group-
ing, and that styles placed in the same category may
respond along different axes.

Two aspects of the seven-axis representation de-
serve comment; the categories themselves are used
only as a convenient grouping for display. First,
the separation in Figure 2 is not an artifact of our
hand-chosen projection. Under a data-driven PCA
projection, the categories still separate from the un-
modified anchor and from one another, lying away
from the origin rather than collapsing toward it, so
the category-level means do not result from large
internal cancellation. Second, a low-dimensional
view, whether hand-chosen or data-driven, is a
reading aid rather than the representation our di-
agnostics operate on, and the high variance cap-
tured by PC1 does not imply that fewer axes suffice.
PCA maximizes explained variance, not diagnos-
tic interpretability: a principal component mixes
axes and cannot by itself indicate which stylistic
property changed, whereas SDP attributes a shift
to named, independently meaningful axes (as in
the per-axis Pro-JE analysis of §6.2). The within-
category spread in Figure 11 further shows that
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Figure 9: Interpersonal-expressive style plane by direction (Style25). Each point is a Style25 category placed by
its mean signed Aspp separately for JA—EN and EN—JA. The white diamond is the unmodified OpenSubtitles
anchor. As in the pooled view (Figure 2), categories occupy distinct regions in both directions, confirming that the
category-specific pattern is not an artifact of pooling across translation directions.

styles sharing similar PC1 and PC2 coordinates can
differ substantially on the remaining axes, so in-
dividual styles are not fully recovered by any two
dimensions. We therefore report the full seven-axis
SDP profile and treat Figure 2 and Figure 10 as
visual summaries only.

I Case Studies

Table 25 illustrates how Aspp diagnoses human
preference at the item level. Here COMETKiwi
scores Qwen3-14B-Instruct highest, but human
BWS strongly prefers the official subtitle. The offi-
cial subtitle is not a style-identical copyj; it slightly
reduces roughness and directness, yet it preserves
the source’s emotional force and informal char-
acter voice through its hesitation and expressive
phrasing. The LLM outputs instead neutralize
the utterance by reducing roughness, increasing
confidence, and sometimes reducing directness or
emotion. AspP thus identifies which stylistic di-
mensions shift, explaining preference patterns that
scalar quality scores miss.

Beyond this single item, Table 26 reports
candidate-level aggregates over all N = 32 Pro-
JE items. The Human (Official) translation attains
the highest group-mean BWS (+0.358) and is cho-
sen best most often (50.8%), while Llama3.1-8B is
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the least preferred (—0.345) and most often chosen
worst (44.8%). The same axes that distinguish the
candidates in the item-level example also separate
them in aggregate: the Human translation shows
the smallest mean emotion shift (| Aemo| = 0.22),
whereas Llama shows the largest mean directness
shift (|Adir|] = 1.07). This pattern is consistent
with the interpretation in §6.3: preferred transla-
tions tend to preserve the source’s emotional force,
while less preferred ones drift most on directness.
We report these as descriptive case-study observa-
tions, not confirmatory findings.



Category shifts in the full seven-axis SDP space
(PCA; Style25; JA-EN + EN-]JA pooled)
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Figure 10: Category shifts in the full seven-axis SDP space (PCA; Style25, JA<EN pooled). PCA on the
seven-axis AsDP vectors. Large markers are the nine category means; light points are individual base-style means,
showing within-category variation. Numbers (01-25) correspond to the style IDs in Table 9. The white diamond is
the unmodified OpenSubtitles anchor. The first two components explain 75.5% and 13.2% of the variance.

Candidate Translation BWS SFS COMET Major Aspp

Human W-wow... Talk about a supersized ambition... 1.00 0.93 0.79 Rou —1, Dir —1

Gemma3- That’s an incredibly ambitious goal. —0.75 0.89 0.68 Pol +1, Rou —1, Conf +1
12B

Qwen3- Wow, the scale of the ambition is huge. 0.00 0.86 0.83 Pol +1, Rou —1, Conf +1, Dir
14B- -1

Instruct

Llama3.1- That’s a pretty huge ambition. —0.25 0.82 0.76 Pol +1, Rou —1, Emo —1,
8B Conf +1, Dir —1

Table 25: Case study. Aspp diagnoses item-level differences between human preference and scalar quality scores.
COMETKiwi ranks Qwen3-14B-Instruct highest, whereas human BWS prefers the official subtitle. The preferred
translation is not a perfect style copy, but better preserves the source’s emotional and informal character voice.

Source (JA): 1F X LD 1 XHYT 17U\ (pair_070).

Candidate BWS Score Best (%0) Worst (%) mean |Aemo| mean |Adir|
Human (Official) +0.358 50.8 15.0 0.22 0.63
Qwen3-14B +0.050 225 17.5 0.41 0.72
Gemma3-12B —0.075 16.7 242 0.41 0.78
Llama3.1-8B —0.345 10.3 44.8 0.42 1.07

Table 26: Candidate-level human preference (BWS) and mean absolute style shift on Pro-JE (N = 32). The
most-preferred Human translation shows the smallest emotion shift, while the least-preferred Llama shows the
largest directness shift.
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All 25 base-style means by category
(numbered points; shared PCA scale; JA-EN + EN-]JA pooled)
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Figure 11: Per-category view of the 25 base-style means in the full seven-axis SDP space (PCA; Style25,
JA-EN pooled). The same base-style means as in Figure 10, plotted on an identical PCA scale but split into nine
per-category panels. Numbers (01-25) correspond to the style IDs in Table 9. Shaded hulls indicate the spread within
each category, making within-category and cross-style variation directly visible; no hull is drawn for categories with
a single style (n = 1)
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Abstract

Multilingual translation requires a model to
preserve meaning while producing text in a
requested language. We present HEXABEE-
4B, a translator adapted from Gemma 3 4B
IT through three stages: Wikipedia continued
pretraining, joint multilingual answering and
answer-text translation, and bidirectional trans-
lation specialization. The intermediate stage
connects two tasks through shared multilin-
gual answers: answering a question in the re-
quested language and translating an answer
into that language. It comprises 19.46 mil-
lion answering records, including 5.76 million
cross-language question—answer pairs, and
10.70 million answer-text translations. The
final stage uses 658,274 forward and reverse
synthetic translation examples. On 36,572
synthetic test examples spanning all 30 direc-
tions among Arabic, Chinese, English, He-
brew, Persian, and Spanish, HEXABEE-4B
achieves direction-macro chrF++ of 73.75,
compared with 57.11 for Gemma 3 4B IT
and 66.83 for Gemma 3 12B IT. BLEU, TER,
COMET, and a matched model-judged subset
support the same overall ranking. These re-
sults demonstrate improved translation across
the six-language set, with chrF++ gains in ev-
ery evaluated direction over both baselines.

1 Introduction

A multilingual language model can encounter the
same information in several languages, yet trans-
lation requires more than recognizing that infor-
mation: its response must preserve the source
meaning and follow a specified target language.
Multilingual neural translation establishes target-
language conditioning as a central design choice
(Johnson et al., 2017). More recent work shows
that continued training and translation-oriented in-
struction tuning can adapt general language mod-
els into stronger translators (Xu et al., 2024; Li
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et al.,, 2024). For a compact instruction-tuned
model, the organization of this supervision is
therefore an important part of the translation sys-
tem.

Multilingual instruction tuning supplies a
broader source of supervision. Multitask training
and multilingual instruction collections improve
instruction following across languages (Muen-
nighoff et al., 2023; Singh et al., 2024; Ustiin et al.,
2024); even limited multilingual instruction data
can support cross-language generalization (Sha-
ham et al., 2024). However, multilingual data need
not require communication between languages. A
question and its answer may always use the same
language. Explicitly separating their language as-
signments creates a different task: understand a
question in one language and answer it in another.
Cross-language instruction tuning and translation-
following demonstrations provide precedents for
this design (Lin et al., 2025; Ranaldi et al., 2024;
Zhu et al., 2024).

We investigate how to organize such answer-
ing supervision within a translation-focused adap-
tation recipe (Figure 1). Consider an English ques-
tion whose requested answer is Spanish. The
model must answer the question in Spanish,
whereas an English-to-Spanish translation task
must preserve the content of its English input. Our
construction connects these tasks through multilin-
gual answer texts: a Spanish answer can supervise
both an English question and an English version
of that answer. Figure 2 illustrates this shared-
target relation. The system instruction specifies
the desired response language and, where relevant,
response style. Its own wording can vary across
languages, but this variation is a supporting data-
construction choice. Translation remains the pri-
mary task evaluated here.

This separation of language roles is also moti-
vated by multilingual question-answering research.
TyDi QA and MKQA broaden the linguistic cov-
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erage of QA evaluation (Clark et al., 2020; Long-
pre et al., 2021). XHotpotQA makes language as-
signments to questions and evidence roles explicit
when studying cross-lingual knowledge composi-
tion (Barati et al., 2026). Our work applies the
related principle of separating language roles to
training question—answer generation and answer-
text translation. The resulting supervision uses
a Wikipedia-derived multilingual inventory and
does not require retrieving evidence at inference
time.

We introduce HEXABEE-4B, built from
Gemma 3 4B IT (Gemma Team, 2025)." Its
three stages provide encyclopedic language
modeling, multilingual response supervision,
and translation specialization. The second stage
combines 19,458,332 answering records with
10,695,072 answer-text translations; 5,759,806
answering records cross question and response
languages. The third stage uses 658,274 bidi-
rectional synthetic examples. We evaluate the
complete model across six languages using
five automatic metrics and paired model-based
judgments. Our contributions are the three-stage
translation recipe, an explicit account of how
answering and translation share supervision, and
a direction-complete evaluation against public
Gemma 3 4B IT and 12B IT. The comparison
measures the complete recipe; it does not isolate
the effect of an individual training component.

2 Related Work

Multilingual translation and adaptation. Mul-
tilingual MT shares parameters across transla-
tion directions and uses explicit target-language
signals (Johnson et al., 2017). ALMA studies
translation-oriented continued training of large
language models (Xu et al., 2024), while Li et al.
(2024) examine multilingual finetuning with trans-
lation instructions. Our staged design combines
this translation focus with an intermediate answer-
ing task. Its initial Wikipedia adaptation follows
the broader motivation of continued pretraining
on relevant text (Gururangan et al., 2020). Train-
ing on teacher-generated translations is related to
sequence-level knowledge distillation (Kim and
Rush, 2016).

Multilingual instruction supervision. Multi-
task finetuning enables cross-lingual generaliza-
tion (Muennighoff et al., 2023), and Aya provides
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multilingual instruction data and models (Singh
et al., 2024; Ustiin et al., 2024). CrossIn combines
cross-language instruction—response pairs with in-
struction translation (Lin et al., 2025). CrossAl-
paca uses instruction-following and translation-
following demonstrations (Ranaldi et al., 2024);
Question Translation Training aligns reasoning
questions across languages (Zhu et al., 2024).
These studies establish relevant precedents for
coupling instruction following and translation.
Our contribution is the particular combination of
system-directed answering, translations of answer
texts, and subsequent bidirectional specialization
on Gemma 3 4B IT, together with its measured cor-
pus composition and translation results.

Language roles in question answering. TyDi
QA collects information-seeking questions di-
rectly in diverse languages (Clark et al., 2020),
while MKQA supports comparison across lan-
guages through aligned questions and language-
independent answer representations (Longpre
et al., 2021). XHotpotQA studies mixed-language
evidence in multi-hop QA by assigning languages
to distinct roles in an evidence-dependency graph
(Barati et al.,, 2026). This provides a concep-
tual motivation for making language boundaries
explicit rather than treating multilinguality only
as a collection of monolingual examples. Here,
the relevant roles are the question, requested an-
swer, and instruction wording; we use their com-
binations as generation supervision for a transla-
tor. Our experiments concern translation quality,
whereas those benchmarks evaluate answering or
knowledge composition.

3 Method

3.1 Answering and translation as connected
tasks

Let £ = {ar,zh,en, he, fa,es} be the six trans-
lation languages. We use s,t € L for input and
response languages. For a content item ¢, let ¢s(c)
denote its question in language s, and let a} (c) de-
note an answer in language ¢ with response variant
v (extent or style). Let .S denote the system instruc-
tion text. Specifically, S’gf requests an answer in
language ¢ with variant v, and Si\/[’tT requests trans-
lation from s into ¢.
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Figure 1: The complete adaptation recipe. Phase 1 applies next-token language modeling to Wikipedia text. Phase
2 continues the same adapter with multilingual answering and answer-text translation. After merging, phase 3
trains a fresh adapter on bidirectional translations and produces the final merged HEXABEE-4B model. The base
is Gemma 3 4B IT. Phase 1 counts processed training examples; phases 2-3 count SFT records. Examples derived

from one source can occur in multiple tasks.

The two supervision relations are

QA: (S2Y,4s5(c)) — al(e), (1)
MT: (S}, as(c)) = ai(o), )

where as(c) and a;(c) are the answer variants se-
lected for translation. QA includes same-language
and cross-language pairs; MT uses different input
and output languages. A shared answer can there-
fore appear as the target of both tasks. Its input is
a question in QA and an answer text in MT. This
relation connects response generation to semantic
transfer without adding an intermediate generation
step.

Instruction pools provide alternative phrasings
for response language, extent, style, and transla-
tion direction.” Cross-language QA explicitly re-
quests the answer language; some same-language
examples request only answer extent. A direc-
tive’s wording language and its requested response
language are separate choices. We preserve this
distinction when constructing the data, rather than
assuming that a prompt written in one language
always requests that language. Pool composition
and sampling are documented in Appendix D.

3.2 A shared response objective

For either task, let = be the input text and y =
(y1, ..., Ym) the target response of m tokens. With

ZResources: System prompts.
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ONE ANSWER - TWO TRAINING TASKS

KLY Answering [Yil Translation
SYSTEM INSTRUCTION SYSTEM INSTRUCTION
Answer in Translate into
Spanish. Spanish.

English question English answer text

Which planet is
known as the
Red Planet? Planet.

~,

SHARED TARGET + SPANISH
Marte es conocido como

Mars is known
as the Red

el planeta rojo.

Figure 2: Illustrative English-to-Spanish supervision.
The tasks have different inputs and instructions but can
share the same target answer. This constructed example
explains the method; it is not a quoted training record.

model parameters 6, the response-token negative
log-likelihood is

lo(S,x,y) = =Y log Py(yk | S, ,y<k), (3)
k=1

where y.; is the response prefix preceding to-
ken k. The instruction and input are condition-


https://huggingface.co/datasets/Iman998/HexaBee-System-Prompts

ing text; the response supplies supervision. QA
and translation examples use this same objective
with their respective inputs and targets. Let Dga
and Dyt denote the retained QA and translation
records. The phase-2 dataset is the multiset union
Dy = Dga W Dy, so repeated or reused exam-
ples retain their contribution to the training mix-
ture. We do not introduce a separate alignment
loss between the tasks.

4 Three-Stage Training Data and
Adaptation

4.1 Phase 1: Wikipedia continued
pretraining

The first stage adapts Gemma 3 4B IT to encyclo-
pedic text before introducing the paired generation
tasks. It uses Wikipedia text in English, Persian,
Arabic, Chinese, and Egyptian Arabic. These are
the languages registered for this stage; the later six-
language translation set additionally includes He-
brew and Spanish. The corpus is monolingual text,
so this phase provides language-modeling super-
vision rather than question—answer or translation
pairs.

For a tokenized sequence w = (w1, . . .
autoregressive objective is

, Wy,), its

n
T (w) == log Py(wy | weg), ()
k=2

where n is sequence length and w.j, contains pre-
ceding tokens. In contrast to Equation 3, supervi-
sion is applied throughout the text sequence, with-
out a separate requested response. This stage
aims to adapt vocabulary use and encyclopedic
text modeling to the material used in the next stage,
consistent with the motivation of continued pre-
training (Gururangan et al., 2020).

A LoRA adapter (Hu et al., 2022) is trained
for one epoch on 3,399,664 processed training ex-
amples. The available raw source files contain
11,395,061 text rows before preprocessing; these
counts have different units. We retain the trained
adapter for phase 2.> Appendix A gives source-
language counts and the repeated-source composi-
tion of the original mixture.

4.2 Phase 2: multilingual answering and
answer translation

The second stage constructs multilingual question
and answer variants from 2,025,730 Wikipedia-

3Resources: Wikipedia corpus; Phase-1 adapter.
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Phase-2 supervision Records

Same-language answering 13,698,526
Cross-language answering 5,759,806
Answer-text translation 10,695,072
Total 30,153,404

Table 1: Retained phase-2 supervision. Same/cross
refers to question and answer language. Response-style
and direction breakdowns are given in the appendix.

derived source rows. The source inventory begins
with Persian content and is expanded into the other
languages using Gemma 3 27B IT (Gemma Team,
2025). Figure 3 traces this inventory into the two
supervision branches. The resulting multilingual
inventory, rather than a single language, defines
the supervision in Equations 1-2. Construction
provenance and translation paths are given in Ap-
pendix B.

For answering, the input is a question and the
target is an answer selected in the requested lan-
guage. The variants include complete and mod-
erate answers, as well as formal and informal re-
sponses. For answer-text translation, both sides
are answer variants associated with the same con-
tent. All constructed answer-translation groups
participate in this phase alongside QA; translation
is therefore a substantial part of the intermediate
training, not only the final specialization.

The retained mixture contains 30,153,404
records*: 19,458,332 answering records and
10,695,072 answer-text translations (Table 1).
Cross-language answering accounts for 5,759,806
records, or 29.6% of QA supervision. Answering
and translation account for 64.5% and 35.5% of
the full mixture, respectively. These are corpus
proportions, not additional loss weights. The same
source item can contribute to several tasks or lan-
guage combinations.

The QA distribution is asymmetric: the
complete-answer family covers 27 cross-language
directions, while the combined translation data
cover all 30. Retained data also contain empty
fields and a small set of conflicting language di-
rectives. We document their counts and affected
directions in Appendix C. The intended task is
language-controlled answering; the recorded cor-
pus is an imperfect realization of that design.

Phase 2 continues the phase-1 adapter for one
epoch on the combined answering/translation mix-

“*Resources: Phase-2 training data.
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Figure 3: Data and supervision flow in phases 2 and 3. Gemma 3 27B IT expands the Wikipedia-derived inventory
into multilingual question and answer variants. Answering and answer-text translation supply complementary
phase-2 inputs, with system instructions specifying the requested response. A separate DeepSeek-generated corpus
supplies the final bidirectional translation stage. The full checkpoint sequence, including phase 1, is shown in

Figure 1.

ture. The resulting adapter is then merged with
Gemma 3 4B IT to obtain the multilingual check-
point used by the final stage.’> This continuity al-
lows both phases to contribute to the checkpoint
before translation specialization.

4.3 Phase 3: bidirectional translation
specialization

The third stage uses a separately generated trans-
lation corpus. DeepSeek-V3.1 source-generation
metadata (DeepSeek-Al, 2025, 2024) identifies
the teacher used to produce texts across topics,
genres, registers, and complexity levels in the six
languages. Each source text is paired with a syn-
thetic translation into a different language. Native
source generation broadens the content beyond the
Wikipedia-derived answering inventory; its diver-
sity is a construction goal, not evidence of cover-
age of every deployment domain.

The corpus contains 365,718 aligned pairs, with
60,953 source texts per language. Its stored split
contains 329,146 training pairs and 36,572 test
pairs. Filtering leaves 329,137 training pairs for
bidirectional supervision. Each retained pair sup-
plies two examples: translating the source into
its paired target and translating the paired target

SResources: Phase-2 adapter; Merged multilingual check-
point.
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back into the original source language. Thus the
final SFT dataset contains 2 x 329,137 = 658,274
records.® Both orientations share an underlying
pair. The reverse example reuses the existing texts;
it does not require another teacher call.

The use of decoded teacher translations is re-
lated to sequence-level distillation (Kim and Rush,
2016). Here, both source generation and target
translation are synthetic, so evaluation on the held-
out portion measures this particular distribution.
The exact split and filtering details are retained in
Appendix B.

A fresh LoRA adapter is trained on the merged
phase-2 checkpoint using the response objective
in Equation 3. After one epoch, it is merged
to produce HEXABEE-4B.” All three stages use
LLaMA-Factory (Zheng et al., 2024); adapter
parameterization, optimization settings, and seri-
alization are in Appendix E. The complete se-
quence is therefore continued pretraining, joint an-
swering/translation SFT, and translation-only SFT,
with two adapter merges.

®Resources: Bidirectional translation corpus.
"Resources: Phase-3 adapter.


https://huggingface.co/Iman998/HexaBee-4B-Multilingual-SFT-LoRA
https://huggingface.co/Iman998/HexaBee-4B-Multilingual-Base
https://huggingface.co/Iman998/HexaBee-4B-Multilingual-Base
https://huggingface.co/datasets/Iman998/HexaBee-Bidirectional-Translation
https://huggingface.co/Iman998/HexaBee-4B-Translation-LoRA

5 Experimental Setup

5.1 Evaluation data and comparison systems

We evaluate stored outputs for all 36,572 held-out
synthetic examples, covering the 30 directed lan-
guage pairs. Each direction contains 1,173-1,276
examples. The comparison includes HEXABEE-
4B, public Gemma 3 4B IT, and public Gemma
3 12B IT (Gemma Team, 2025); all three use the
same source texts and references. A matched sub-
set of 300 examples, ten per direction, is addition-
ally scored by a model judge.

The archived inference templates differ between
HEXABEE-4B and the public baselines. Conse-
quently, results compare the recorded systems, in-
cluding their prompts, rather than isolating adap-
tation under an identical prompt. We score out-
puts as stored, including empty responses and un-
solicited text. Inference settings and failure counts
are reported in Appendix B.4. No human-authored
translation benchmark is evaluated in this study;
FLORES provides a complementary evaluation
setting for future validation (Goyal et al., 2022).

5.2 Automatic metrics

We report BLEU (Papineni et al., 2002), chrF
(Popovié, 2015), chrF++ (Popovié¢, 2017), TER
(Snover et al., 2006), and COMET (Rei et al.,
2020). SacreBLEU provides reproducible lexical-
metric settings (Post, 2018); COMET uses
the fixed wmt22-comet—-da model (Unbabel,
2022).3 TER is lower-is-better; the other reported
metrics are higher-is-better. COMET values are
multiplied by 100 for display.

Let Q = {(s,t) € £L? : s # t} be the set of 30
directions and M, the score of a metric computed
on direction d. Our primary summary is

Macro = |£12 Z My. (5)
deQ

This gives every direction equal weight. A target-
language summary averages its five incoming di-
rections. Pooled corpus scores are different aggre-
gations and are reported separately in Appendix F,
together with metric settings, encoder truncation,
and every directional result.

5.3 Model judging and uncertainty

Model-based translation evaluation can comple-
ment reference-overlap metrics (Kocmi and Feder-

8Resources: Stored model outputs; Evaluation tables and
figures.
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mann, 2023b,a). We use the archived DeepSeek
judge in two modes: reference-assisted, with
the synthetic reference, and reference-free, with
source and candidate only. Both modes produce
a holistic score from 0 to 100 and eight rubric
dimensions covering accuracy, terminology, flu-
ency, cohesion, context, language adherence, style,
and formatting. These are model judgments, not
calibrated accuracy percentages or human annota-
tions.

We compare systems on the same 300 exam-
ples and estimate 95% intervals for score differ-
ences using paired bootstrap resampling within
each translation direction (Koehn, 2004). This pre-
serves the matched comparison and gives each di-
rection the same weight. The intervals capture
item-sampling uncertainty on this subset; they do
not quantify variability across training runs or al-
ternative judges. Appendix B.5 gives the proce-
dure and rubric details.

6 Results and Analysis

6.1 Overall translation quality

HEXABEE-4B obtains the best overall score on all
five automatic metrics (Table 2). Direction-macro
chrF++ reaches 73.75, compared with 57.11 for
Gemma 3 4B IT and 66.83 for Gemma 3 12B IT.
This is a gain of 16.64 points over the same-size
public base and 6.92 points over the larger com-
parator. BLEU increases from 40.70 to 62.03 rela-
tive to the 4B baseline; TER decreases from 51.40
to 30.05, and COMET increases from 85.88 to
89.86. The agreement between lexical and learned
metrics supports improved translation on the eval-
uated synthetic distribution.

6.2 Language and direction differences

The chrF++ gain is positive in every direction rel-
ative to both baselines. Figure 4 shows improve-
ments for each target language, while Appendix F
reports all source—target comparisons. Relative
to the 4B baseline, the largest directional gain is
Chinese-to-Persian (+27.09), and the smallest is
English-to-Spanish (+6.64). Thus improvement
extends beyond one target language or one script
pairing.

Absolute chrF++ remains lower for Chinese-
target translations than for the other target groups.
This should not be read as a calibrated ranking
of language difficulty: script, segmentation, ref-
erence phrasing, and the metric’s character/word


https://huggingface.co/datasets/Iman998/HexaBee-Evaluation
https://huggingface.co/datasets/Iman998/HexaBee-Evaluation
https://huggingface.co/datasets/Iman998/HexaBee-Model-Outputs

System BLEU chrF chrF++ TER| COMET Ref. J. No-ref. J.

4B IT 40.70 5891 57.11 51.40 85.88 80.32 81.43
12B IT 50.54 68.70 66.83 38.89 88.20 91.73 91.97
HEXABEE-4B 62.03 75.08 73.75 30.05 89.86 92.92 94.10

Table 2: Full-test direction-macro automatic metrics (N = 36,572) and holistic judge means on 300 matched items.
COMET is scaled by 100; TER is lower-is-better. Bold marks the best displayed score and underlining the second
distinct score. Each system uses its recorded inference prompt.

Translation quality by target language

Full test: 36,572 examples -
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Arabic oM ¢75.1
Chinese O | @48.7
Hebrew (e} B €69.9
Spanish o B @s6.2
3IO 4IO 5IO 6IO 7IO 8I0 9IO

Score - focused scale

equal weight for each of five incoming directions

@ HexaBee-4B

COMET %100

Persian o} B @89.9
English O m4¢89.8
Arabic Ol 490.2
Chinese (o) [ | €90.0
Hebrew o B @89.7
Spanish o B @89.6
80.0 825 850 875 900 925

Score - focused scale

Figure 4: Translation quality by target language. Each point averages five incoming directions on the full test
partition. HEXABEE-4B improves both direction-macro chrF++ and COMET for each target language. The
focused axis ranges are shown explicitly; marker shapes distinguish systems as well as colors.

components affect cross-language score compar-
isons. The metric agreement is also not univer-
sal at the direction level. For Chinese-to-Hebrew,
HEXABEE-4B has TER 90.09, worse than 88.40
for 4B IT and 78.13 for 12B IT, despite higher
BLEU and chrF++. TER improves in the other
29 directions. This exception motivates inspecting
multiple metrics rather than inferring uniform im-
provements from a single aggregate.

6.3 Judged quality

Both judge modes follow the automatic-metric
ranking. Reference-assisted means are 92.92 for
HEXABEE-4B, 80.32 for 4B IT, and 91.73 for
12B IT; reference-free means are 94.10, 81.43, and
91.97. Table 3 reports paired differences and un-
certainty. The comparison with the larger model is
considerably closer than the comparison with the
4B base.

Against 4B IT, HEXABEE-4B wins, ties, or
loses on 214, 54, and 32 reference-assisted ex-
amples, respectively. Across rubric dimensions,
its terminology mean increases from 75.60 to
90.42, and target-language adherence from 82.88
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Baseline Judge view Gain 95% CI
4B IT Reference +12.60 [9.96,15.31]
4B IT No reference  +12.67 [10.13,15.34]
12B IT Reference +1.19 [0.34,2.08]
12B IT No reference +2.13 [1.29,3.13]

Table 3: Paired holistic-score differences, HEXABEE-
4B minus baseline, on the matched 300-item subset.

to 96.15. Terminology nevertheless remains its
lowest reference-assisted dimension. These judg-
ments suggest a useful focus for further bilingual
error analysis; they do not establish the frequency
of specific error categories. Complete rubric re-
sults by direction and target language are included
in the appendix.

7 Discussion

The method combines three forms of supervision
with different roles. Continued pretraining adapts
language modeling to encyclopedic text. Multilin-
gual answering requires selecting the information
requested by a question and expressing it in a spec-
ified language; answer-text translation exposes the



model to semantic counterparts in that same re-
sponse space. Final bidirectional SFT then con-
centrates training on the translation relation evalu-
ated at test time. Shared answer targets provide
a concrete connection between the intermediate
tasks, while the final stage uses a separate source-
generation process.

The results show that this complete recipe pro-
duces a stronger translator on the recorded test
set. They do not establish which component
causes the gains. A controlled attribution study
would keep the Wikipedia-adapted checkpoint, to-
tal training budget, final translation corpus, and in-
ference prompts fixed while varying the interme-
diate answering/translation mixture. Evaluating
the intermediate checkpoint would further distin-
guish improvements before and after specializa-
tion. These comparisons are not available here.
The present contribution is a fully specified system
and its translation evaluation, with corpus counts
that make those future comparisons possible.

8 Conclusion

We presented HEXABEE-4B, a six-language trans-
lator adapted from Gemma 3 4B IT through
Wikipedia continued pretraining, multilingual an-
swering with answer-text translation, and bidirec-
tional translation specialization. The central data
design links answering and translation through
multilingual answer targets, with 5.76 million
cross-language QA records embedded in a 30.15-
million-record intermediate mixture. On a 36,572-
example synthetic test set, the final system im-
proves all reported aggregate metrics over public
Gemma 3 4B IT and 12B IT, including chrF++
gains in every direction. This study establishes a
reproducible translation-focused adaptation recipe
and a direction-level account of its strengths and
remaining weaknesses.
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Limitations

The test sources and references are synthetic, and
the judge belongs to the same teacher-service fam-
ily. Reference similarity and judge preferences
may favor teacher-like outputs. The results there-
fore do not establish quality on human-authored
benchmarks or out-of-domain text. The record-
level split allows topic overlap; two source strings
overlap after whitespace normalization, and the au-
dit does not establish absence of semantic dupli-
cates or pretraining exposure. Archived inference
prompts differ across systems, so adaptation and
prompting are not separated. Some baseline re-
quests encountered context limits; their empty re-
sponses remain in the evaluation. COMET trun-
cates long inputs, limiting the text considered by
that metric. The judge subset contains only ten ex-
amples per direction. No human assessment, con-
trolled mixture ablation, evaluation of intermedi-
ate checkpoints, or held-out QA evaluation is avail-
able. Training data have uneven language cover-
age, empty fields, and 1,961 conflicting answer-
language directives. Internal validation sets are
too small for reliable model selection. These limi-
tations constrain both causal attribution and gener-
alization of the reported gains.

Ethical Considerations

Wikipedia-derived and synthetic data can reflect
uneven representation across languages and top-
ics. Generated translations may alter names,
factual claims, or register; the model has
not been validated for high-stakes translation.
Data and model use must respect applicable
Wikipedia attribution/share-alike obligations, up-
stream dataset and teacher-service terms, and
Gemma terms. The archived exports do not re-
cover complete article-level provenance, so this
paper does not assert a blanket license over all
text. We report existing training and generation ar-
tifacts without collecting new human annotations.
Full directional reporting and retention of empty
outputs help make performance differences across
languages visible.
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A Continued-pretraining corpus

The five distinct source files registered for phase 1
contain the raw text rows in Table 4. Four Persian
registrations refer to the same source file, so its
rows are counted once in this table. The counts
were measured from the available raw exports;
they are neither unique-article counts nor the num-
ber of processed training sequences. The recorded
training run reports 3,399,664 examples after pre-
processing. No claim is made that the raw row
sum alone reconstructs its tokenization, packing,
or source repetition.
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Language Raw text rows

English 6,406,711
Persian 802,549
Arabic 1,216,238
Chinese 1,354,407
Egyptian Arabic 1,615,156
Total across distinct source files 11,395,061

Table 4: Available phase-1 Wikipedia sources before
training preprocessing. The registered mixture repeats
the Persian source four times.

B Construction and inference details

B.1 Multilingual answer inventory

The phase-2 inventory begins with three question
formats (general, standard, and title-derived QA).
Records are pooled by format and task in the re-
leased dataset. Their combined initial row count
is 2,025,730. Gemma 3 27B IT (Gemma Team,
2025) generates Persian-to-English and Persian-to-
Arabic variants, followed by English-to-Chinese,
English-to-Hebrew, and English-to-Spanish vari-
ants. Thus part of the inventory is English-pivoted.
Equivalence of all generated answer variants has
not been exhaustively checked by human annota-
tors. Wikipedia context supports upstream exam-
ple construction; the final training record supplies
only an instruction, input text, and target response.

Question columns supply QA inputs and answer
columns supply QA targets. For answer-text MT,
both columns contain answer variants. Sampling
fractions for QA depend on the source group, di-
rection, and response variant. For answer-text MT,
the fraction of available content retained for a di-
rection is

70, {s,t} = {fa,en},
f(s,t) =125, {s,t}N{fa,en} # 2, (6)
.08, otherwise.

Here s,t are input and target languages and s #
t. The first matching case applies. These frac-
tions determine dataset construction; all retained
answer-translation datasets are subsequently se-
lected for phase 2. The construction records con-
tain 10,695,112 MT rows; null filtering leaves
10,695,072. Across all tasks, summing retained
construction rows reproduces 30,153,404 training
records. The public release organizes these into
14 unified task configurations without dropping or
resampling examples. Their internal split contains
30,153,102 training and 302 validation examples.
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B.2 System-instruction composition

For cross-language complete-answer QA, the con-
structor samples a completeness directive and an
answer-language directive, then combines them in
randomized order with a sampled separator. Some
same-language examples use only the complete-
ness directive. Style-conditioned examples may
add a formal or informal directive. The language
in which a sentence is written is distinct from the
answer language it requests. The construction uses
random seed 42; this value controls reproducibility
of sampling choices, not an additional modeling
assumption. Prompt pools retain duplicate rows
and their sampling mass.

B.3 Synthetic translation generation

Source generation uses a three-level topic taxon-
omy and attributes for genre, register, style, com-
plexity, length, and optional linguistic/noise condi-
tions. Stored metadata identifies DeepSeek-V3.1
(DeepSeek-Al, 2025); source generation uses tem-
perature 0.5 and top-p = 0.9. The translation
service is addressed through deepseek-chat,
without a recoverable immutable serving revision
for every call. A different target language is se-
lected for each source. Translation generation uses
temperature zero and a 5,000-token completion
budget. The teacher is asked to preserve content,
names, numbers, formatting, and register; these in-
structions do not guarantee translation quality.
The aggregate contains 365,718 pairs. A shuf-
fled 90/10 record split produces 329,146 raw train
and 36,572 test pairs. No split seed is recorded.
Language-label normalization, pair deduplication,
and removal of empty/equal texts yield 329,137
forward and 329,137 reverse training records. The
net reduction is nine underlying pairs; a per-filter
attribution is unavailable. The final selected total
is 658,274, with an internal train/validation split
of 658,267/7. The stored split memberships are
preserved throughout the retrospective evaluation.

B.4 Archived inference

All three systems use temperature-zero de-
coding with a 5,000-token completion budget.
HEXABEE-4B receives a short English direction
instruction. The public Gemma models receive
a longer English instruction specifying translation
and formatting requirements, with quoted source
text. The comparison therefore includes prompt
differences. The full test contains 31 empty re-
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sponses for Gemma 3 4B IT and none for the other
two systems. Context-limit failures appear in the
logs, so the empty responses cannot all be inter-
preted as linguistic failures. Empty strings and un-
solicited wrappers remain in metric inputs.

B.5 Judge rubric and paired intervals

The reference-assisted judge sees source, candi-
date, and reference; the reference-free judge sees
source and candidate. Both modes use a custom
holistic 0—-100 score and eight component scores,
following the general model-based evaluation set-
ting of Kocmi and Federmann (2023b,a). This is
not a claim to reproduce GEMBA'’s exact proto-
col. Prompts request score caps of 10 for wrong-
language output or untranslated copying, 40 for
key mistranslations or hallucinations, and 60 for
critical entity/number corruption. These are re-
quested constraints, not verified error labels.
Let J;" be the holistic judge score for system
dlrectlon de Q, itemi € {1,...,10}, and
view v € {ref, noref}. For HEXABEE—4B (sys-
tem h) and baseline b, the estimated score differ-
ence is
-

(N

’U

Zloz

dEQ =1

Each bootstrap replicate samples ten item indices
with replacement within each direction, using the
same sampled indices for both systems. We gen-
erate 10,000 replicates with seed 20260912 and
use their 2.5th and 97.5th percentiles. These are
paired, direction-stratified item-sampling intervals
(Koehn, 2004).

C Phase-2 corpus composition

The following counts pool all retained records by
question format and task. Summing construction
records with non-null training fields exactly repro-
duces the training mixture. The released data have
14 unified task configurations; merging source par-
titions changes only packaging, not the examples.
Source/target labels for answering tasks are inde-
pendently checked against the notebook column
policies. Counts describe records, not unique ar-
ticles or independent question concepts.

Construction quality audit. The merger re-
moves null fields but preserves empty strings. The
final exports contain 6,742 empty input fields
and 6,043 empty response fields (field counts



Subcorpus Complete QA Moderate QA Formal QA Informal QA  Translation Total
General QA 3,952,557 208,364 330,194 284,650 2,481,368 7,257,133
Standard QA 7,240,185 300,875 1,540,222 411,033 5,554,592 15,046,907
Title QA 3,835,308 0 646,570 708,374 2,659,112 7,849,364

Table 5: All selected phase-2 data by question format and task, with source partitions pooled. A zero denotes an

absent task export.

s\t fa en ar zh he es
fa 2,025,720 764,747 202,573 101,287 19,744 1,139
en 1,418,003 2,025,730 101,287 462,076 39,489 0
ar 405,143 202,573 2,025,730 20,258 4,936 0
zh 202,572 101,287 40,514 2,025,730 4,114 822
he 49,362 29,616 9,873 4,936 987,223 0
es 107,249 76,607 15,322 15,322 4,936 1,532,130

Table 6: Complete QA records by input language
(rows) and response language (columns). Diagonal
cells are same-language answering; translation ex-
cludes identity directions.

s\t fa en ar zh he es
fa 0 1,418,003 506,429 506,429 246,806 383,029
en 1,418,003 0 506,433 506,433 246,806 383,033
ar 506,429 506,433 0 162,059 78978 122,571
zh 506,429 506,433 162,059 0 78978 122,571
he 246,806 246,806 78,978 78,978 0 78,978
es 383,029 383,033 122,571 122,571 78,978 0

Table 8: Answer-text MT records by input language
(rows) and response language (columns). Diagonal
cells are same-language answering; translation ex-
cludes identity directions.

s\t fa en ar zh he es
fa 4,545,437 931,711 202,573 101,287 19,744 1,139
en 2,513,228 2,582,276 101,287 462,076 39,489 0
ar 460,798 202,573 2,025,730 20,258 4,936 0
zh 222,051 101,287 40,514 2,025,730 4,114 822
he 57,710 29,616 9,873 4,936 987,223 0
es 115,597 76,607 15,322 15,322 4,936 1,532,130

Table 7: All QA response variants (complete, moder-
ate, formal, informal) records by input language (rows)
and response language (columns). Diagonal cells are
same-language answering; translation excludes identity
directions.

can overlap within a record); no system field
is empty. These entries are included in the
recorded export counts. The raw construction-to-
export reduction is 69 records, including 40 trans-
lation records. Two complete-answer exports con-
tain 822 Chinese-to-Spanish and 1,139 Persian-to-
Spanish records whose language-directive pools
request English. Both conflicts are verified in
stored examples. They account for all 1,961 cross-
language Spanish-target complete-answer records.
Consequently Spanish cross-language answering
with a correctly specified target is not established
by this subset, although Spanish is present in same-
language QA and translation supervision. The his-
torical model is evaluated as trained; the audit does
not retroactively repair its supervision.

D Prompt sampling details

For instruction component g (such as answer lan-
guage or extent), let Py, be the list of sen-
tences written in language p for target language
t. Let A, contain the languages with available,
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Answer-language Completeness
Prompt language  Rows Unique Rows  Unique
fa 1302 1110 1076 836
en 1302 944 1000 759
ar 1060 817 1032 792
zh 976 755 1024 784
he 914 691 1080 840
es - - 1009 728

Table 9: Representative prompt pools before record
sampling. Counts use the pool whose target-language
label matches its prompt language; completeness text
does not itself specify the answer language. Unique
counts deduplicate exact sentence strings. Repeated
rows remain in the sampler. A dash indicates no such
pool.

nonempty pools. The builder normalizes config-
ured nonnegative weights w, , over A, ;, chooses
p, and samples row index 7 uniformly:

Wy,p 1

ueAy; Wou Pypitl

P(p,j|9,t)zz ®)

Here p € Agyand 1 < j < |Py,.|. The con-
figured available weights have a positive sum. Re-
peated strings in a list therefore receive repeated
sampling mass; uniformity is over rows, not dis-
tinct paraphrases. The prompt-generation scripts
expand seed sentences with model-generated para-
phrases, combine outputs, and substitute local-
ized language names into target placeholders. Ap-
pendix C reports pool sizes and exact duplicate
counts. Changing p changes how a directive is ex-
pressed; changing ¢ changes the required response.
Our core supervision concerns the latter.
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Figure 5: Retained phase-2 records flowing from the three pooled question formats to answering and translation
tasks. Ribbon widths encode record counts. Translation and several answering variants are jointly selected; source-
row reuse across these tasks means the plotted counts are not independent documents.

D.1 Final-phase translation instructions

For each direction, the constructor chooses a
prompt-language pool, then uniformly samples a
sentence from that pool. Its principal weights are

.05, p=t,
.30, p = s,
wp(s,t), p¢{s,t}

The residual satisfies > o¢ ywp = .15. Re-
maining weights use a script-based heuristic: Per-
sian/Arabic/Hebrew form an RTL group, En-
glish/Spanish a Latin group, and Chinese a CJK
group. These are implementation groups, not ge-
nealogical language families. The allocation be-
low specifies these weights. Empty pools are ex-
cluded and available weights renormalized by the
sampler. Seed 42 controls the sampled construc-
tion choices; it does not retroactively seed source
generation or the earlier raw split.

A final-phase translation record has the train-
ing schema system, instruct, output.
Per-direction intermediate files retain explicit
source/target labels, but the merger keeps the three
training fields, drops missing values, and escapes
media-like tags as text. Here p denotes the lan-
guage of the sampled translation instruction and
supplies surface-form diversity. It does not add a
loss that explicitly equates outputs across prompt
languages, and our evaluation does not estimate
such invariance.

m(p|s,t) = ©)
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LetU = L\ {s,t}, M C U contain languages
sharing an implementation script group with s or
t,and O = U \ M. The constructor reserves 0.55
for ¢ and 0.30 for s. With residual R = .15, define

g = min(R/2,.01|0]), (10)
~ fmin(10,(R— g)/IM]), |M] >0,
0, |M| =0,
(1D
ro=R—g—|M|h. (12)
For p € U, the residual weight is
_ g 0

where a fraction on an empty group contributes
zero. This matches the implementation’s resid-
ual redistribution before rounding and final sam-
pler normalization. For Persian-to-English, the
unrounded weights in order (fa,en,es,he,zh,ar) are
(.30, .55,.0466,.0466, .01, .0466). Here 1[] is
the indicator function. With P, ;; the nonempty
prompt pool, the probability of selecting row j
from language pool p is

m(p|s,t)

»Ss

1<j < |Ppsgl-
(14)
If pools are unavailable, 7 is renormalized over

the available pools. The six-language assignment
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Figure 6: Realized question/answer language coverage. Left: complete-answer QA. Right: all answering variants.

Color uses a logarithmic count scale.

Gold outlines mark the two Spanish-target cells whose complete-answer

directives incorrectly request English (1,961 records). Zero cells indicate absent exported combinations.

has full theoretical support, but observed cover-
age must be measured from instantiated prompts
rather than inferred from the formula.

D.2 Partition audit

Streaming comparison of raw source strings finds
zero exact train—test source overlaps. After col-
lapsing whitespace, two test source texts match
training sources, corresponding to 0.0055% of the
test partition; neither occurs in the 300-item judge
subset. This is a narrow source-text audit: it does
not prove absence of semantic duplicates, topic
overlap, overlap with reverse inputs, or exposure
during pretraining. The split is by record rather
than by topic or Wikipedia article. We retain this
distinction when interpreting generalization.

E Training and serialization

The final stage uses PEFT 0.17.1 (Hugging Face,
2025), Transformers 4.55.4 (Wolf et al., 2020),
PyTorch 2.7.1+cul26, Datasets 3.6.0, Tokenizers
0.21.1, and DeepSpeed 0.16.9 with ZeRO stage
0. AdamW (Loshchilov and Hutter, 2019) param-
eters are 51 = .9, B2 = .999, and e = 10~ 8. Train-
ing uses 4,096-token sequences, response-only su-
pervision, checkpoints every 600 steps, and inter-
nal evaluation every 200 steps. The final adapter
has no bias adaptation, DoRA, or rank-stabilized
LoRA. The saved configuration of the continued
cross-lingual adapter also uses dropout .005 de-
spite a different value in the nearby YAML.
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For a text-only example, the serialized prefix is
shown schematically belows; literal line breaks sep-
arate fields:

<bos><start_of_turn>user
[system instruction]

[source text]<end_of_ turn>
<start_of_turn>model
[target text]<end_of_turn>

W =W, + %BjAj, (15)
where W) € R%.i %% is projection j with input
dimension d; ; and output dimension d, ;, A; €
R7*dij and Bj € R%.i X" are trainable factors,
is adapter rank, and « is its scale (Hu et al., 2022).
The saved adapters use r 256, o« = 512, and
dropout 0.005. These standard LoRA settings are
implementation choices; the method’s supervision
relations are given in the main text.

The model’s 34 text layers have hidden size
2,560, eight query heads, four key/value heads,
and MLP intermediate size 10,240. The multi-
modal checkpoint retains its vision components,
although final-stage adaptation affects only text
projections. The nominal 4B size identifies the
Gemma model family. For the adapted projections,
the parameter count is

Niora =T Z(di,j+do,j)
J

= 476,839,936. (16)

Each layer contributes two 2,560 x 2,048 attention
projections, two 2,560 x 1,024 projections, and
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Figure 7: Training lineage. The translation stage starts a new adapter on the merged cross-lingual model. Phase 2
combines system-directed answering with translations of multilingual answer texts; phase 3 specializes the merged

model on independent synthetic translations.

Setting Wikipedia adaptation Cross-lingual SFT  Translation SFT
Training examples 3,399,664 30,153,102 658,267
Internal validation examples Not established 302 7
Epochs / optimizer steps 1/13,280 1/6,544 1/3,429
CUDA processes 4 6 2
Per-device batch / accumulation 16/4 12/ 64 12/8
Effective batch 256 4,608 192
Peak learning rate 1074 1074 1074
Schedule / warmup fraction cosine /.05 cosine /.05 cosine /.05
Seed 111 42 42
Runtime (hours) 59.99 306.90 27.45
Adapter handling new on public base continue previous new after merge

Table 10: Executed settings from training logs and generated model cards. Counts have stage-specific semantics
and should not be added as unique documents. Current nearby YAMLs may describe other runs; logged values

take precedence.

three 2,560 x 10,240 MLP projections, up to trans-
position. Summing their input/output dimensions
over 34 layers verifies the adapter count.

F Maetrics and results by language

Language codes are ar (Arabic), zh (Chinese), en
(English), he (Hebrew), fa (Persian), and es (Span-
ish). Direction tables keep source and target dis-
tinct. Target summaries give each of the five in-
coming directions equal weight; they are direction-
macro summaries, not recomputed pooled cor-
pora. Judge dimension scores remain on a 0—100
scale and are not calibrated accuracy percentages.
All raw model responses are retained for scor-
ing, including quotation wrappers. The machine-
readable artifacts include metric signatures and
sample counts. Writing My ; for the score of di-
rection (s, t), the target-language summary is

1
Mﬁtzg Z Ms,t‘ (17)

seL\{t}

61

Pooled corpus chrF++ is 60.77 for Gemma 3 4B
IT, 71.13 for Gemma 3 12B IT, and 77.30 for
HEXABEE-4B. These differ from the direction-
macro values in Table 2. Let G index the config-
ured n-gram types, each defined by a unit (char-
acter or word) and an order. For g € G, let H,,
Rg, and C; denote corpus hypothesis, reference,
and matched counts. With E = {g € G : H; >
0,Ry > O}, the effective-order averages are

!EI Z IE\ Z

For chrF++, orders include character 1-6 and
word 1-2; chrF uses only the character orders.
SacreBLEU then computes

PR 5=
gBP+R T
with a zero score for an empty effective set or
zero denominator. It aggregates corpus counts be-

fore the harmonic combination, rather than aver-
aging sentence scores. BLEU is computed from

(18)

chrF g = 100(1 + 5?) 2, (19)
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Figure 8: Recorded response-token training loss during
final translation adaptation, with a centered rolling me-
dian over up to 25 logged values for visual guidance.
This is an optimization diagnostic, not a translation-
quality or generalization metric.

clipped corpus precisions p, and total hypothe-
sis/reference lengths c, r:

4
1
BLEU = 100 BP exp (4 nZ::l log pn> . (20

where BP = min(1,exp(l — r/c)) for ¢ > 0,

with SacreBLEU’s exponential smoothing for zero

matches. TER uses the Tercom-style edit search:
Nsub + Ndel + Nins + Nshift

TER = 100 . (21
Nref ( )

Here Ngub, Ngel, Nins, and Ngpifp count substi-
tutions, deletions, insertions, and shifts; Nyt iS
the total reference-token count. This search ap-
proximates the edit sequence with shifts; the score
should not be described as a certified global min-
imum of all possible edit programs. Corpus and
macro aggregation are kept distinct for both met-
rics.

Let f,, be the COMET regression model with
fixed checkpoint parameters w and 7512 its tok-
enizer/encoder truncation operation. For N exam-
ples, let z;, 9;, and y; denote source, candidate,
and reference text, respectively. The scaled corpus
mean is

100 o A
WZfw(7'512(xi)77512(%)77'512(%))- (22)
i=1

Direction-macro COMET instead averages the 30
direction means. Scaling by 100 does not turn the
regression output into an accuracy percentage.
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Semantics (o) » o) =
Terminology o | K2 o e
Fluency (o) e ) e
Cohesion o - o ¢
Context o nd o [T 3
Response language o) (K2 o) ¢
Style o e o ¢
Formatting o = ¢ o e
7IO 7I5 8I0 8I5 9IO 9I5 1 (I)O 7IO 7I5 8I0 8I5 9IO 9I5 1 (I)O
Judge score - focused scale Judge score - focused scale

Figure 9: All eight judge dimensions, averaged over the same 300 identities. Both views compare the same three
systems; they remain judgments from one evaluator and are not independent human assessments.

Translation gains across all 30 directions

HexaBee-4B minus each public comparator - corpus chrF++ per direction - higher is better

vs Gemma 34B IT vs Gemma 3 12B IT

FA FA- EN AR ZH HE ES

EN AR ZH HE ES
FA — +11.7...+11.8 FA — |+4.0 FE7E9) EEONE 7208 | +3.9
30
EN . — +10.9.+12.9 +6.6 EN +82 — +8.6. +7.9 +2.9

g AR E. B .a. g AR b | b B
8 g
3 3
5 zn .. - +12.9a S zn 461 450 454 — 441 +47
- 10
HE .+12.8.. — . HE +7.4 +26 +7.2 +10.8 — +3.8
£ .... B £ TR B N

TARGET TARGET

Figure 10: Full-test chrF++ gains of HEXABEE-4B over both public comparison systems across all 30 source—
target directions.
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Target System N BLEU chrF chrF++ TER| COMET Ref. J. No-ref. J.

All 4B IT 36,572 40.70 5891 57.11 51.40 85.88 80.32 81.43
12BIT 36,572 50.54 68.70  66.83 38.89 88.20 91.73 91.97
HEXABEE-4B 36,572 62.03 75.08 73.75 30.05 89.86 92.92 94.10

ar 4B IT 6,120 34.09 6225 5933 56.99 86.64 82.56 81.60
12B IT 6,120 43.14 7043 67.69 44.60 88.52 89.12 89.78
HEXABEE-4B 6,120 56.17 77.09 75.10 33.62 90.17 92.72 93.60

zh 4B IT 6,135 3522 31.87 3097 60.19 84.52 75.22 76.00
12BIT 6,135 40.15 3840 36.57 54.28 87.01 89.92 90.82
HEXABEE-4B 6,135 54.78 50.31 48.67 38.68 90.00 91.82 92.60

en 4B IT 6,010 5528 74.13 7240 36.35 87.40 86.26 86.84
12B IT 6,010 67.16 84.77 83.36 22.59 88.90 94.78 94.42
HEXABEE-4B 6,010 75.06 87.68 86.76 17.00 89.83 93.52 94.66

he 4B IT 6,196 31.94 5498 53.02 59.27 85.87 76.00 78.44
12BIT 6,196 43.32 64.53 62.78 46.14 88.17 91.08 91.40
HEXABEE-4B 6,196 54.71 70.90 69.90 42.17 89.68 93.16 94.30

fa 4B IT 6,069 3244 5757 55.67 59.16 84.81 76.86 77.86
12BIT 6,069 43.61 70.24 68.22 41.59 88.32 91.04 92.60
HEXABEE-4B 6,069 57.43 77.34 7590 31.68 89.91 92.06 94.34

es 4B IT 6,042 5521 7269 7124 36.44 86.02 85.04 87.86
12B IT 6,042 65.85 83.83 8235 24.13 88.29 94.44 92.82

HEXABEE-4B 6,042 74.04 87.18 86.16 17.13 89.57 94.24 95.12

Table 11: Overall and target-language comparisons. Automatic metrics are direction-macro averages on the full
test set; holistic judge means use 300 matched items overall or 50 per target. COMET is scaled by 100; TER
is lower-is-better. Bold marks the best displayed score and underlining the second distinct displayed score within
each group; ties share rank. The adapted model is tinted for easy comparison. These recorded systems use different
inference prompts.

Direction System N BLEU chrF chrF++ TER| COMET Ref.]J. No-ref. J. chrF++;90 TER;o | COMET;,
zh—ar 4BIT 1229 2368 5149  48.28 80.63 84.07 72.60 71.60 37.49 100.59 80.35
12BIT 1229 32.53 6444 6091 61.20 8791 91.60 92.50 62.38 53.76 87.21
HEXABEE-4B 1229 4246 69.06 66.34 57.30 89.15 90.40 93.00 71.36 38.78 88.68
en—ar 4BIT 1213 37.50 66.77  63.77 51.70 87.99 86.50 85.20 65.44 44.06 88.04
12BIT 1213 42.30 68.56  66.09 47.70 87.47 81.10 82.20 57.25 48.09 85.10
HEXABEE-4B 1213 55.60 76.61 74.66 35.72 90.06 93.40 94.10 76.86 27.55 90.48
he—ar 4BIT 1230  39.08 63.41 61.23 48.02 86.42  78.30 74.70 50.31 52.36 80.29
12BIT 1230 51.01 74.60 72.25 32.19 89.30 88.40 87.90 64.18 38.88 84.90
HEXABEE-4B 1230 63.65 80.99 79.44 23.26 90.59 92.60 93.60 69.00 31.11 86.10
fa—ar 4BIT 1228 32.88 63.15 60.05 56.62 87.51 88.70 89.80 68.97 38.75 89.71
12BIT 1228 46.62 72.69  70.14 38.53 89.75  92.60 93.40 73.76 31.76 90.41
HEXABEE-4B 1228 61.00 79.59  78.00 24.43 91.27 94.40 95.10 81.87 20.81 91.55
es—ar 4BIT 1220 37.28 66.41 63.33  47.96 87.21 86.70 86.70 64.12 44.99 88.36
12B IT 1220 43.22 71.87 69.06 43.37 88.15 91.90 92.90 69.86 37.83 88.93
HEXABEE-4B 1220 58.14 79.19 77.07 27.40 89.78 92.80 92.20 76.58 27.15 89.85

Table 12: All systems translating into Arabic. Columns through COMET use the full direction-specific test set (V).
The last 5 columns use the ten shared judge-subset items per direction. Bold/underline mark first/second within
the same direction and metric; TER is lower-is-better.
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Direction System ) chrF chrF++ TER| COMET Ref.J. No-ref.]J. chrF++19 TER;o | COMET;o

ar—zh 4BIT 1201  36.56 32.17  30.93 58.04 83.81 73.60 73.90 22.92 62.38 81.89
12BIT 1201 42.36 39.84  37.13 50.06 86.94 91.80 91.90 30.13 51.75 87.06
HEXABEE-4B 1201 57.09 51.82 49.12 35.01 89.69 93.70 94.20 40.72 35.73 89.56

en—zh 4BIT 1276 3042 2790 27.56 69.42 83.44 8230 82.80 29.76 49.49 83.68
12BIT 1276 32.77 3148 29.94 6791 85.07 91.80 93.50 30.05 44.73 87.02
HEXABEE-4B 1276 50.33 45.82 4530 45.39 90.02 93.00 93.60 44.30 31.80 89.95

he—zh 4BIT 1202 41.02 3825 37.22 51.04 86.17 76.10 77.20 29.02 66.88 84.29
12BIT 1202 44.57 4244 4097 4595 87.67 93.00 93.50 38.94 52.52 87.92
HEXABEE-4B 1202 58.14 53.41 51.80 33.49 89.75 94.20 94.30 50.28 34.08 90.12

fa—zh 4BIT 1251 3895 3574  34.01 53.12 86.19 74.70 75.00 37.67 48.16 83.33
12B IT 1251 45.23 4286  40.58 44.42 88.67 92.10 90.50 46.31 34.15 89.23
HEXABEE-4B 1251 57.23 52.86 50.30 34.91 90.41 94.40 94.60 58.36 23.84 91.03

es—zh 4BIT 1205 29.14 2527 2515 69.33 83.01 69.40 71.10 13.03 71.67 79.39
12B IT 1205 35.84 3537 3424 63.07 86.73  80.90 84.70 17.67 62.46 82.49
HEXABEE-4B 1205 51.11 47.63 46.84 44.61 90.14  83.80 86.30 24.63 44.99 85.80

Table 13: All systems translating into Chinese. Columns through COMET use the full direction-specific test set
(N). The last 5 columns use the ten shared judge-subset items per direction. Bold/underline mark first/second
within the same direction and metric; TER is lower-is-better.

Direction System chrF chrF++ TER| COMET Ref.J. No-ref.]J. chrF++19 TER;o | COMET;o
ar—en 4BIT 1200 5991 75.60  74.32 29.38 86.98  82.00 83.30 64.16 41.19 85.14
12BIT 1200 70.24 86.13  84.97 21.03 88.74  92.40 94.80 81.37 23.10 88.22
HEXABEE-4B 1200 76.36 8832  87.58 16.02 89.58 90.10 94.60 85.46 16.95 89.33
zh—en 4BIT 1213 38.89 64.46  62.03 59.53 86.20 64.40 65.90 53.20 73.92 81.00
12BIT 1213 47.49 7548  72.87 40.65 87.93 95.70 94.90 73.06 39.17 88.17
HEXABEE-4B 1213 58.71 79.80 77.87 32.67 89.16 95.20 95.60 78.02 30.94 89.30
he—en 4BIT 1185 63.49 7780 76.72 28.99 87.63 93.40 92.40 81.10 21.63 87.26
12BIT 1185 73.72 87.81 86.82 16.72 89.22  91.80 89.20 86.07 14.94 87.78
HEXABEE-4B 1185 79.87 90.07 8947 12.54 90.03  90.80 90.00 89.03 10.89 88.69
fa—en 4BIT 1234 5778 7696  75.53 29.13 88.46  95.10 95.40 77.19 27.66 87.40
12BIT 1234 6746 84.48  83.21 20.09 89.29  96.60 95.80 80.82 22.40 87.88
HEXABEE-4B 1234 76.31 88.01 87.22 14.41 90.16 96.70 96.70 85.43 16.07 88.65
es—en 4BIT 1178 56.34 7584  73.42 3473 87.71  96.40 97.20 86.98 16.42 89.07
12BIT 1178 76.88 89.96  88.91 14.43 89.31 97.40 97.40 88.29 13.85 89.11
HEXABEE-4B 1178 84.06 92.21 91.63 9.37 90.24  94.30 96.40 91.34 9.19 89.94

Table 14: All systems translating into English. Columns through COMET use the full direction-specific test set
(N). The last 5 columns use the ten shared judge-subset items per direction. Bold/underline mark first/second
within the same direction and metric; TER is lower-is-better.

Direction System N BLEU chrF++ TER| COMET Ref.]J. No-ref.J. chrF++190 TER;o | COMET;o
ar—he 4BIT 1255 33.86 5536  53.52 55.20 85.90 70.40 66.30 48.01 52.39 84.15
12BIT 1255  48.39 68.91 67.01 37.34 8891 91.70 93.20 70.71 30.88 88.60
HEXABEE-4B 1255 61.41 76.53  75.50 28.87 91.03  93.00 94.70 78.93 20.92 90.49
zh—he 4BIT 1232 19.81 39.55 3842 88.40 82.50 85.00 87.00 53.38 61.20 85.05
12BIT 1232 27.88 48.10 47.27 78.13 85.34  90.30 88.60 58.72 53.58 86.56
HEXABEE-4B 1232 35.82 51.34 51.36 90.09 86.74 93.70 94.70 63.72 46.14 87.24
en—he 4BIT 1216 36.21 61.46  59.13 49.77 87.17 71.20 77.20 59.56 44.59 86.58
12BIT 1216  44.79 65.92  64.17 41.62 88.31  92.60 92.10 64.07 38.82 88.78
HEXABEE-4B 1216 56.73 7334  72.04 3213 89.85 93.40 92.80 71.85 28.26 89.52
fa—he 4BIT 1238 33.83 5893  56.54 5235 87.53  70.40 75.60 54.20 51.63 87.48
12BIT 1238  45.84 69.08  66.79 38.09 89.74  90.10 91.20 72.00 32.67 90.98
HEXABEE-4B 1238 58.38 76.09 74.67 33.36 90.94 92.10 94.50 79.33 23.28 92.35
es—he 4BIT 1255 3599 59.59  57.50 50.63 86.26  83.00 86.10 65.78 53.33 88.65
12BIT 1255 49.71 70.65  68.68 35.51 88.55 90.70 91.90 73.23 29.21 89.87
HEXABEE-4B 1255 61.20 77.18 75.92 26.40 89.85 93.60 94.80 80.26 21.41 90.87

Table 15: All systems translating into Hebrew. Columns through COMET use the full direction-specific test set
(N). The last 5 columns use the ten shared judge-subset items per direction. Bold/underline mark first/second
within the same direction and metric; TER is lower-is-better.
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Direction System N BLEU chrF chrF++ TER| COMET Ref.J. No-ref.J. chrF++,9 TER,;o | COMET,o

ar— fa 4BIT 1228 3296 57.46 5529 56.93 84.60 73.20 75.10 58.50 48.14 84.77
12B IT 1228 45.58 71.82  69.85 40.84 88.30  89.80 92.60 70.16 34.38 89.77
HEXABEE-4B 1228 62.29 80.41  79.05 23.95 90.46  89.50 95.10 80.22 21.59 91.29

zh— fa 4BIT 1208 19.17 4195  40.29 90.09 81.51 51.60 52.70 32.82 98.86 79.60
12B IT 1208 32.94 63.68  61.27 5533 87.85 89.40 91.50 63.25 49.32 89.01
HEXABEE-4B 1208 45.05 69.11 67.38 55.17 89.04 91.00 93.10 69.82 36.28 90.41

en— fa 4BIT 1239 3435 62.41 60.48 52.63 86.10 89.70 88.80 64.17 48.39 87.44
12B IT 1239 42.64 68.48  66.60 41.52 88.24 91.70 91.90 67.09 42.60 88.90
HEXABEE-4B 1239 56.25 76.24  74.81 29.15 90.13  93.00 93.80 76.46 27.69 90.36

he— fa 4BIT 1198 40.23 64.44  62.67 4497 86.19  90.40 91.80 63.53 43.59 86.47
12BIT 1198  50.15 74.71 72.89 33.55 88.98 93.40 94.80 72.82 32.88 88.59
HEXABEE-4B 1198 63.73 81.50  80.26 23.03 90.18  94.50 95.90 78.81 22.59 89.28

es— fa 4BIT 1196 3551 61.60  59.63 51.17 85.67 79.40 80.90 55.27 55.07 84.60
12BIT 1196 46.74 7249 7047 36.71 88.22  90.90 92.20 65.24 43.73 88.41
HEXABEE-4B 1196 59.82 79.44 78.03 27.11 89.71  92.30 93.80 74.01 31.84 90.33

Table 16: All systems translating into Persian. Columns through COMET use the full direction-specific test set
(V). The last 5 columns use the ten shared judge-subset items per direction. Bold/underline mark first/second
within the same direction and metric; TER is lower-is-better.

Direction System N chrF chrF++ TER| COMET Ref.J. No-ref.]J. chrF++19 TER;o | COMET;o
ar—es 4BIT 1257 59.24 7494 7359 30.24 85.60 88.20 91.10 82.38 20.28 87.14
12BIT 1257 68.19 85.36  84.08 20.85 8793 94.10 96.30 86.38 1491 88.39
HEXABEE-4B 1257 77.23 88.55 87.73 14.41 89.37 91.80 94.20 88.63 12.20 88.66
zh—es 4BIT 1173 3240 55.60 53.72 68.49 83.08 81.90 86.20 63.96 53.96 86.22
12BIT 1173 48.63 75.81 73.37 44.50 87.27 93.60 92.90 75.41 35.64 88.58
HEXABEE-4B 1173 58.16 80.03 78.11 31.49 89.03 94.10 94.90 81.32 24.58 89.61
en—es 4BIT 1188 66.60 84.25 82.63 23.34 88.08 93.20 94.90 81.53 22.75 87.87
12BIT 1188 73.09 87.64 86.37 17.24 88.72  94.30 95.90 84.14 19.54 87.99
HEXABEE-4B 1188 79.33 90.12 89.27 1245 89.61 93.90 96.20 86.92 14.98 88.84
he—es 4BIT 1183 5827 71.77  70.79 30.88 85.57 78.40 77.20 58.37 49.60 82.44
12BIT 1183 7149 85.66  84.60 17.18 88.34  96.00 86.70 85.00 30.21 87.60
HEXABEE-4B 1183 79.39 89.05 8843 1191 89.55 96.50 97.00 89.36 11.67 89.92
fa—es 4BIT 1241 59.54 7689 7545 29.25 87.78  83.50 89.90 71.75 27.47 86.37
12BIT 1241 67.83 8470  83.34 20.90 89.22  94.20 92.30 79.56 24.97 86.03
HEXABEE-4B 1241 76.09 88.16 87.27 15.38 90.28 94.90 93.30 84.07 20.04 87.36

Table 17: All systems translating into Spanish. Columns through COMET use the full direction-specific test set
(N). The last 5 columns use the ten shared judge-subset items per direction. Bold/underline mark first/second
within the same direction and metric; TER is lower-is-better.

Reference-assisted judge Reference-free judge
System Sem. Term. b Ctx. Lang. Style Fmt. Sem. Term. “oh. Ctx. Lang. Fmt.
zh—ar 4BIT 720 66.5 738 72.1 71.8 739 68.8 735 741 693 740 7277 727 748 7T1.5 758
12B IT 948 875 942 92.8 938 946 90.5 93.0 951 92.0 91.8 92.6 928 93.6 91.6 94.0
HEXABEE-4B 924 893 952 933 939 948 91.3 96.0 950 92.1 943 938 945 95.0 929 95.0
en—ar 4BIT 91.0 80.2 90.2 91.0 90.1 89.2 855 91.5 880 79.7 885 88.6 866 89.0 850 915
12B IT 833 760 943 945 828 845 813 950 940 885 934 922 932 84.0 912 945
HEXABEE-4B 957 884 97.6 96.1 959 97.1 932 97.3 962 95.0 943 949 953 949 922 955
he—ar 4BIT 79.1 738 803 80.3 795 80.1 77.0 880 77.0 712 774 78.6 76.1 77.0 755 79.8
12B IT 93.8 832 924 912 91.6 903 882 885 90.7 855 889 89.5 89.7 838.1 88.7 88.5
HEXABEE-4B 963 89.7 96.0 94.7 928 95.6 92.0 96.0 953 93.7 948 942 939 951 919 939
fa—ar 4BIT 927 840 93.8 929 913 932 899 940 932 83.1 91.1 912 91.1 91.1 884 90.0
12B IT 96.5 87.1 957 955 948 954 92.8 945 958 934 941 942 943 950 929 94.0
HEXABEE-4B 983 91.7 982 975 965 979 950 979 97.0 951 958 953 962 958 942 944
es—ar 4BIT 90.8 81.0 89.6 904 887 879 869 830 89.8 831 87.1 88.8 894 882 869 90.5
12B IT 955 87.6 961 953 947 953 92.0 935 957 93.6 929 928 945 93.8 914 945

HEXABEE-4B 959 898 958 953 948 951 913 950 942 910 929 933 927 940 90.5 94.3

Table 18: Every judge dimension for translations into Arabic, ten shared items per direction. Sem.: semantic
accuracy; Term.: terminology; Flu.: fluency; Coh.: cohesion; Ctx.: contextual appropriateness; Lang.: target-
language adherence; Fmt.: formatting. Scores are model judgments on 0—100 scales, not validated accuracy
percentages. Bold/underline mark first/second within each direction and view; ties at displayed precision share
rank.
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Reference-assisted judge Reference-free judge

System Sem. Term. . Coh. Ctx. Lang. Style Fmt. Sem. Term. Ctx. Lang.
ar—zh 4BIT 758 724 749 737 745 751 72.1 745 767 729 753 744 748 753 724 740
12BIT 95.6 885 94.1 938 947 93.6 90.6 915 951 91.8 944 924 933 924 90.8 915
HEXABEE-4B 959 92.1 965 953 95.6 963 925 964 96.0 940 954 941 945 957 925 95.0
en—zh 4BIT 848 80.5 80.7 8I.1 831 825 80.0 925 86.0 81.7 909 935 842 827 812 945
12B IT 954 904 91.0 924 935 923 888 90.5 960 93.7 932 934 943 939 922 935
HEXABEE-4B 963 90.0 957 941 96.0 962 917 96.0 96.2 925 952 94.0 947 955 924 95.0
he—zh 4BIT 80.6 69.1 80.5 804 804 823 779 815 89.5 794 928 91.0 90.1 827 892 935
12BIT 96.0 919 944 943 949 937 912 93.0 961 940 93.6 935 944 941 929 947
HEXABEE-4B 971 913 965 959 958 964 941 97.0 961 94.0 951 945 942 955 934 95.0
fa—zh 4BIT 765 707 752 759 756 757 720 755 859 823 854 850 756 757 742 8438
12BIT 948 900 949 934 932 953 904 94.0 93.8 87.5 93.1 925 933 94.0 90.8 92.0
HEXABEE-4B  97.0 928 96.4 959 953 965 940 963 961 93.6 96.0 949 956 959 94.6 945
es—zh 4BIT 72.6 633 69.8 71.1 70.6 68.6 664 650 746 685 72.0 723 727 725 70.7 70.0
12BIT 827 79.1 823 824 828 823 79.8 835 863 855 85.6 850 858 89.0 843 84.0

HEXABEE-4B 86.5 82.6 86.7 849 857 864 837 855 874 862 898 868 87.1 894 852 88.0

Table 19: Every judge dimension for translations into Chinese, ten shared items per direction. Sem.: semantic
accuracy; Term.: terminology; Flu.: fluency; Coh.: cohesion; Ctx.: contextual appropriateness; Lang.: target-
language adherence; Fmt.: formatting. Scores are model judgments on 0-100 scales, not validated accuracy
percentages. Bold/underline mark first/second within each direction and view; ties at displayed precision share
rank.

Reference-assisted judge Reference-free judge
System Sem. Term. b . Ctx. Lang. Style Fmt. Sem. Term. b Style
ar—en 4BIT 833 750 850 840 837 851 806 865 862 828 844 843 837 852 813 855
12BIT 951 89.0 955 945 945 955 912 93.0 963 944 955 953 954 957 93.7 945
HEXABEE-4B 912 874 969 969 963 97.1 941 97.0 96.6 94.7 952 945 954 962 935 951
zh—en 4BIT 65.1 615 641 658 649 638 620 755 680 650 750 754 658 66.6 653 76.0
12B IT 979 953 959 969 96.7 96.1 944 952 971 964 948 94.8 950 962 93.1 945
HEXABEE-4B 97.5 93.6 968 96.4 96.7 96.7 94.1 96.0 97.1 964 968 954 959 971 94.6 958
he—en 4BIT 95.6 88.8 964 957 956 97.1 926 950 932 90.7 958 950 945 962 93.6 94.0
12B IT 924 863 97.1 972 951 96.8 935 96.0 903 86.7 959 947 905 952 932 943
HEXABEE-4B 914 884 984 982 927 989 955 985 909 89.1 949 948 91.1 959 937 96.3
fa—en 4BIT 97.5 940 969 97.0 973 97.0 94.1 940 965 958 947 959 962 955 950 95.0
12B IT 984 975 97.6 97.7 987 977 951 958 97.8 964 956 96.0 969 96.7 947 945
HEXABEE-4B 979 973 99.2 979 989 993 951 98.0 982 977 96.7 96.7 974 974 96.1 95.7
es—en 4BIT 99.1 963 97.8 983 984 982 951 96.7 983 98.6 973 973 979 975 96.6 96.0
12BIT 99.7 989 97.0 993 99.6 97.8 955 979 99.0 990 973 97.6 98.7 973 968 96.3

HEXABEE-4B 962 950 975 974 966 97.6 936 98.0 973 964 975 97.7 971 97.6 96.6 975

Table 20: Every judge dimension for translations into English, ten shared items per direction. Sem.: semantic
accuracy; Term.: terminology; Flu.: fluency; Coh.: cohesion; Ctx.: contextual appropriateness; Lang.: target-
language adherence; Fmt.: formatting. Scores are model judgments on 0-100 scales, not validated accuracy
percentages. Bold/underline mark first/second within each direction and view; ties at displayed precision share
rank.
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Reference-assisted judge Reference-free judge

System Sem. Term. Ctx. Lang. . Sem. Term. b . Ctx. Lang. Style Fmt.
ar —he 4BIT 725 640 720 725 720 720 685 830 694 625 695 699 692 700 666 69.5
12B IT 96.0 86.3 94.5 944 950 950 90.0 945 963 929 952 939 94.1 945 923 92.1
HEXABEE-4B 963 88.5 956 962 962 956 93.6 975 97.6 948 958 949 965 959 938 96.5
zh — he 4BIT 89.0 80.8 87.7 887 887 874 860 830 904 848 875 879 89.0 89.1 865 90.0
12B IT 933 86.8 929 91.8 923 929 90.1 912 927 872 89.0 912 887 89.5 869 91.0
HEXABEE-4B 974 905 959 956 96.0 965 933 973 964 948 95.0 953 951 956 932 96.0
en—he 4BIT 72.0 625 795 80.0 745 785 725 855 822 695 795 81.7 80.0 80.0 785 87.0
12BIT 96.6 88.1 948 948 959 938 92.1 93.0 950 9.1 91.6 932 933 924 909 935
HEXABEE-4B 969 912 956 957 96.6 955 924 97.0 95.6 925 928 93.1 939 938 918 955
fa—he 4BIT 720 615 763 775 715 763 725 905 79.0 708 78.6 792 781 80.5 76.1 82.0
12BIT 95.1 840 946 942 923 941 913 955 947 902 924 91.7 926 925 908 94.0
HEXABEE-4B 954 89.0 953 944 949 955 91.1 95.1 96.6 949 94.6 947 959 957 925 95.6
es—he 4BIT 883 787 857 876 86.1 847 835 930 887 822 872 888 882 87.6 867 93.0
12BIT 94.0 86.5 942 93.1 93.8 942 904 94.0 942 90.0 934 926 923 93.1 908 93.0

HEXABEE-4B  97.2 922 96.0 952 951 957 930 975 973 953 953 952 958 955 93.6 96.0

Table 21: Every judge dimension for translations into Hebrew, ten shared items per direction. Sem.: semantic
accuracy; Term.: terminology; Flu.: fluency; Coh.: cohesion; Ctx.: contextual appropriateness; Lang.: target-
language adherence; Fmt.: formatting. Scores are model judgments on 0-100 scales, not validated accuracy
percentages. Bold/underline mark first/second within each direction and view; ties at displayed precision share
rank.

Reference-assisted judge Reference-free judge
System Sem. Term. b Ctx. Lang. Style Fmt. Sem. Term. b Ctx. Lang.
ar— fa 4BIT 770 688 734 748 755 753 710 780 776 741 76.0 763 762 76.6 743 755
12BIT 932 854 941 930 91.1 941 893 945 954 910 95.0 93.5 941 948 918 94.0
HEXABEE-4B 922 857 964 945 94.6 964 920 97.7 97.0 952 96.5 964 968 961 953 96.5
zh— fa 4BIT 515 450 53.0 510 515 515 490 645 550 495 550 550 555 540 530 565
12BIT 914 848 933 924 923 930 900 930 943 898 923 93.1 936 93.6 908 925
HEXABEE-4B  93.6 86.4 951 931 943 954 929 945 952 92.6 94.5 938 946 949 928 96.0
en— fa 4BIT 94.1 857 92.6 929 91.0 914 884 92.0 932 872 887 91.6 90.1 894 873 915
12BIT 954 880 934 938 940 934 907 925 951 923 9L5 926 927 928 894 933
HEXABEE-4B  96.7 903 944 952 952 943 91.8 93.5 963 945 934 940 941 941 92.1 94.0
he— fa 4BIT 948 849 928 933 945 93.1 902 935 947 909 931 934 934 93.1 914 935
12BIT 970 894 955 958 961 956 930 945 965 943 946 955 960 948 944 045
HEXABEE-4B  97.7 909 97.5 969 96.7 973 943 969 98.0 969 963 957 968 965 945 95.0
es— fa 4BIT 82.1 744 802 812 814 80.7 80.0 805 848 794 819 836 827 819 804 83.0
12BIT 955 867 936 937 939 927 908 910 954 918 918 935 941 92.1 912 940

HEXABEE-4B 96.5 88.2 943 954 956 947 929 96.0 962 944 935 934 948 947 922 95.0

Table 22: Every judge dimension for translations into Persian, ten shared items per direction. Sem.: semantic
accuracy; Term.: terminology; Flu.: fluency; Coh.: cohesion; Ctx.: contextual appropriateness; Lang.: target-
language adherence; Fmt.: formatting. Scores are model judgments on 0-100 scales, not validated accuracy
percentages. Bold/underline mark first/second within each direction and view; ties at displayed precision share
rank.
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Reference-assisted judge Reference-free judge

System Sem. Term. . Coh. Ctx. Lang. Fmt. b Ctx. Lang. Style Fmt.
ar—es 4BIT 91.8 80.7 941 922 923 930 89.1 925 944 878 943 940 934 935 925 958
12B IT 97.4 895 98.0 97.1 969 973 939 93.0 985 965 96.6 96.7 97.5 96.6 959 96.0
HEXABEE-4B 950 85.5 96.8 958 96.1 96.1 93.8 968 962 91.6 97.1 957 953 971 943 96.1
zh—es 4BIT 86.1 78.0 85.0 847 854 849 817 835 876 873 856 864 867 864 846 855
12BIT 94 906 957 951 955 955 920 935 958 933 929 936 932 933 915 93.6
HEXABEE-4B 97.5 914 96.6 952 968 963 943 965 96.5 957 948 951 951 959 94.0 948
en—es 4BIT 969 89.8 955 958 957 946 929 935 969 956 953 953 96.6 958 944 950
12B IT 982 90.7 973 972 972 964 94.6 945 983 973 955 97.0 975 962 952 975
HEXABEE-4B 973 91.6 969 973 97.1 968 944 975 975 964 969 962 966 97.0 956 96.2
he—es 4BIT 80.6 750 79.7 80.1 79.6 793 769 955 782 76.8 717 777 713 782 759 805
12BIT 992 936 989 985 986 983 957 957 878 872 86.8 86.8 87.5 867 86.1 85.5
HEXABEE-4B  99.1 97.5 983 982 99.0 989 946 99.0 981 98.0 982 97.6 981 984 958 958
fa—es 4BIT 84.6 812 945 932 887 939 873 925 925 909 948 929 924 949 91.6 91.0
12BIT 975 940 963 96.8 955 965 925 940 950 926 953 933 924 955 9L5 910

HEXABEE-4B 98.1 94.2 964 97.0 971 97.7 933 961 962 938 940 941 931 951 91.6 945

Table 23: Every judge dimension for translations into Spanish, ten shared items per direction. Sem.: semantic
accuracy; Term.: terminology; Flu.: fluency; Coh.: cohesion; Ctx.: contextual appropriateness; Lang.: target-
language adherence; Fmt.: formatting. Scores are model judgments on 0—100 scales, not validated accuracy
percentages. Bold/underline mark first/second within each direction and view; ties at displayed precision share
rank.

Reference-assisted judge Reference-free judge
Target System Sem. Term. Flu. Coh. Ctx. Lang. Style Fmt. Sem. Term. Flu. Coh. Ctx. Lang. Style Fmt.
ar 4B IT 85.1 77.1 855 853 843 849 81.6 870 844 783 836 84.0 832 840 815 855
12BIT 928 843 945 939 915 920 89.0 929 943 90.6 922 923 929 909 912 93.1
HEXABEE-4B 957 89.8 96.6 954 948 96.1 92.6 964 955 934 944 943 945 950 923 94.6
zh 4B IT 78.1 712 762 764 768 76.8 73.7 778 825 77.0 833 832 795 778 775 834
12B IT 929 88.0 913 913 91.8 914 882 905 935 905 920 914 922 927 902 91.1
HEXABEE-4B  94.6 89.8 944 932 93.7 944 912 942 944 921 943 929 932 944 91.6 935
en 4B IT 88.1 83.1 83.0 882 83.0 882 849 895 884 86.6 894 89.6 876 882 864 893
12BIT 96.7 934 96.6 97.1 969 968 939 95.6 961 946 958 957 953 962 943 94.8
HEXABEE-4B  94.8 923 97.8 974 962 979 945 975 96.0 949 962 958 954 968 949 96.1
he 4B IT 788 695 802 813 786 79.8 76.6 88.0 819 740 805 815 809 814 789 843
12BIT 95.0 863 942 937 939 940 90.8 93.6 946 903 923 925 922 924 903 92.7
HEXABEE-4B  96.6 90.3 957 954 958 958 927 969 96.7 945 947 946 954 953 93.0 959
fa 4B IT 799 718 784 786 788 784 757 817 8l.1 762 789 800 79.6 79.0 773 80.0
12BIT 945 869 940 93.7 935 938 90.8 93.1 953 91.8 93.0 93.6 94.1 936 915 93.7
HEXABEE-4B 953 883 955 950 953 956 928 957 965 947 948 947 954 953 934 953
es 4BIT 88.0 809 89.8 892 883 89.1 856 915 899 877 8.5 893 893 89.8 878 89.6
12BIT 977 917 972 969 96.7 968 937 94.1 95.1 934 934 935 936 937 920 927

HEXABEE-4B 974 920 970 967 972 972 941 972 969 951 962 957 956 967 943 955

Table 24: All eight judge dimensions in both views, aggregated by target language, with 50 shared examples per
target. All directions receive equal weight.
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Split System N Src. Cand. Ref.

Full 4BIT 36,572 7757 8240 7789
Full 12BIT 36,572 7757 8334 7789
Full HEXABEE-4B 36,572 7757 7743 7789
Judge 4B IT 300 51 52 52
Judge 12BIT 300 51 53 52
Judge HEXABEE-4B 300 51 51 52

Table 25: Texts exceeding the 512-token COMET en-
coder limit. Src., Cand., and Ref. denote source, can-
didate, and reference. Counts can overlap within an
example.

Metric settings. SacreBLEU 2.5.1: one refer-
ence, mixed-case BLEU, exponential smoothing,
no effective order, zh tokenization for Chinese
targets and 13a otherwise. chrF and chrF++
use character order six, [ 2, and respec-
tively zero/two word orders, excluding character
whitespace. TER uses lowercase Tercom tokeniza-
tion with normalization, punctuation retained, and
Asian support. The compiled TER beam kernel
preserves the reference operation tie order, beam,
shift limits, and prefix cache; exact edit/length to-
tals match SacreBLEU on all 900 judge-subset
outputs, alongside 2,000 exact score/trace cache
checks and 250 candidate-order checks. The com-
piled complete search additionally matches 500
randomized cases; the reference tokenizer and
search semantics are retained.

COMET. We use
Unbabel/wmt22-comet—-da with unbabel-
comet 2.2.7, official checkpoint revision
2760a223ac95, and verified SHA-256.

Inference uses float32 (batch 32 for full-test
scoring, 16 for the judge subset). Values in tables
are raw scores multiplied by 100 and are not
accuracy percentages. The encoder truncates each
source, candidate, and reference separately at
512 tokens, so long-document suffixes are not
assessed by this metric.

G Evaluation integrity and
reproducibility

The parser used truth-value fallback for the score
field, which turned some explicit zero scores into
nulls in intermediate records. We reparse the orig-
inal judge JSON and recover 11 reference-view
and 13 reference-free zeros for the 4B baseline,
plus one reference-free zero for the 12B base-
line. All 300 items then have valid scores in both
views. Dropping these entries would inflate base-
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line means. The reparsed means agree with the
final flattened score files.

Content identity is the SHA-256 hash of a
canonical JSON list containing source language,
target language, source text, and reference. We
require equality of identity sets before compar-
ing full-test files and before pairing judge scores.
File row indices are not stable identities: asyn-
chronous processing and sampling changed order
across models. For judge recovery, an explicit
JSON field score: 0 remains zero rather than
being treated as a missing value.

Our audit scripts are read-only with respect to
the original training and evaluation artifacts. They
preserve null/empty outputs, pin metric settings,
save directional sufficient statistics where applica-
ble, and produce content-hash IDs without copy-
ing raw evaluation text into the paper package.
The local evidence directory records the actual
training/merge paths and sanitized snapshots for
author verification; those private paths are omitted
from this release. The paper reports a retrospective
analysis of existing translation outputs and newly
computed metrics, not new training runs or newly
collected human labels.
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Abstract

Serial subtitle translation requires work-
specific terminology and translation conven-
tions to be maintained across episodes, de-
spite scarce bilingual supervision. Previously
finalized subtitles provide both adaptation data
and translation memory, but our experiments
show that the benefit of combining super-
vised adaptation and retrieval varies across se-
ries. We introduce SerialDistill, which com-
bines LoRA-based domain adaptation with
retrieval-conditioned on-policy distributional
distillation (OPD). A Qwen3-8B student gen-
erates translation trajectories, while a frozen
Qwen3-14B teacher provides token-level su-
pervision under the same bilingual context re-
trieved exclusively from previously finalized
episodes. On Japanese-to-Chinese translation
across two anime series, SerialDistill improves
over the non-distilled LoRA-8B+RAG base-
line by up to 3.80 chrF and 4.15 BLEU,
measured on pooled held-out episodes. The
student also outperforms the larger retrieval-
augmented teacher, which has not undergone
domain adaptation. These results support
retrieval-conditioned distillation as an addi-
tional adaptation stage for data-scarce serial
subtitle translation.

1 Introduction

Serial subtitle translation is a data-scarce domain-
adaptation task: only a few thousand work-specific
bilingual subtitle pairs are available in our setting,
yet translation must remain consistent in charac-
ter names, terminology, and recurring expressions
across episodes. As episodes are finalized, their
subtitles form a growing translation memory that
is limited in quantity but closely matched to subse-
quent episodes. We therefore ask how a compact
model can effectively exploit this scarce supervi-
sion and historical bilingual context for Japanese-
to-Chinese subtitle translation.

Supervised adaptation can encode work-specific
patterns through low-rank adaptation (LoRA) (Hu

22023110966@stu.hit.edu.cn

et al., 2022), while retrieval-augmented generation
(RAG) makes earlier translations explicitly avail-
able during generation. However, the gains from
their combination vary across series. Combining
LoRA and RAG improves translation on the pri-
mary series, but does not consistently outperform
either component alone on a second series. This
motivates investigating whether teacher supervi-
sion can further improve a domain-adapted student
operating with historical bilingual context.

To address this question, we develop SerialDis-
till, which adapts on-policy distributional distilla-
tion (Agarwal et al., 2024) to serial subtitle transla-
tion. As illustrated in Figure 1, SerialDistill condi-
tions both student generation and teacher supervi-
sion on episode-causal bilingual memory retrieved
exclusively from previously finalized episodes. A
LoRA-adapted student generates translation trajec-
tories under this historical context, and a frozen
teacher provides next-token distributions along the
same student-generated prefixes under identical
context. This couples the distillation process to
the retrieval conditions used at inference time.

We evaluate SerialDistill on two anime series us-
ing a Qwen3-8B student and a Qwen3-14B teacher
(Yang et al., 2025). On the pooled held-out sets,
SerialDistill improves over LoORA-8B+RAG and
achieves the highest chrF, BLEU, and COMET
scores among the evaluated systems on both se-
ries. These results support the additional value of
retrieval-conditioned distillation.

Our contributions are threefold:

* We study data-scarce serial subtitle translation
with bilingual memory restricted to previously
finalized episodes.

* We introduce SerialDistill, combining do-
main adaptation with retrieval-conditioned on-
policy distributional distillation.

» We demonstrate improvements over adapta-
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Stage 1

Stage 2: Retrieval-Conditioned On-Policy Distillation
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Figure 1: Overview of SerialDistill. Qwen3-8B is first adapted with LoRA, then refined through retrieval-conditioned
on-policy distributional distillation. Training examples are shuffled, while each instance accesses only episode-

causal memory from previously finalized episodes.

tion, retrieval, and their direct combination on
the pooled held-out sets of two anime series.

2 Related Work

2.1 Large Language Models for Machine
Translation

Large language models (LLMs) have been eval-
uated for translation across language pairs and
prompting settings (Hendy et al., 2023; Jiao et al.,
2023). For few-shot translation, example quality
and domain relevance influence performance (Vi-
lar et al., 2023; Agrawal et al., 2023). The use
of contextual information has been explored for
document-level and subtitle translation (Wang et al.,
2023; Pramodya et al., 2025). However, effec-
tively exploiting broader context remains challeng-
ing (Jin et al., 2023). Studies of subtitle translation
have also examined context-dependent phenomena
such as deixis, ellipsis, and lexical cohesion (Voita
et al., 2019). Our setting is a domain-specific, low-
resource case in which earlier subtitles remain di-
rectly relevant to later episodes.

2.2 Domain Adaptation and
Parameter-Efficient Fine-Tuning

Fine-tuning on in-domain data is a standard ap-
proach to domain adaptation in neural machine
translation (NMT) (Saunders, 2022). Parameter-
efficient alternatives include lightweight adapter
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modules for pretrained language models and trans-
lation systems (Houlsby et al., 2019; Bapna and
Firat, 2019b). LoRA represents parameter updates
with low-rank matrices (Hu et al., 2022). In sub-
title translation, LoRA can internalize recurring
terminology, conventions, and style; we pair this
parameter adaptation with retrieval to preserve ac-
cess to historical translations.

2.3 Retrieval-Augmented Machine
Translation

Retrieval-augmented machine translation supple-
ments a model with relevant bilingual examples or
external knowledge at inference time; earlier sub-
titles can therefore serve as a translation memory.
Earlier retrieval-based MT methods reuse transla-
tion pieces or retrieve phrase-level context from
bilingual memory (Zhang et al., 2018; Bapna and
Firat, 2019a). At the token level, KNN-MT aug-
ments predictions with a datastore of translation ex-
amples and supports domain adaptation through the
choice of datastore (Khandelwal et al., 2021). More
recent work has studied retrieval for machine trans-
lation in semantic, document-level, and external-
knowledge settings (Bouthors et al., 2024; Peng
et al., 2025; Wang et al., 2025; Lu et al., 2025). Se-
rial subtitles are a natural test bed because finalized
episodes often reuse terminology and expressions.
Our work uses this translation memory to condition
both teacher and student during distillation.



2.4 Knowledge Distillation and On-Policy
Distillation

Knowledge distillation transfers information from
a stronger teacher through generated sequences
or predictive distributions (Hinton et al., 2015).
Sequence-level distillation trains on teacher trans-
lations (Kim and Rush, 2016), whereas token-level
methods preserve richer distributional information.
Recent LLM distillation methods also study the
choice of distribution-matching objectives and the
use of student-generated outputs (Gu et al., 2024;
Ko et al., 2024). Offline methods typically super-
vise fixed teacher trajectories; on-policy distillation
instead lets the student generate trajectories and
obtains supervision on the states it visits (Agarwal
et al., 2024). Our work applies on-policy distri-
butional distillation to data-scarce serial subtitle
translation. We combine a domain-adapted student
with bilingual retrieval restricted to previously fi-
nalized episodes, using the same retrieved context
for teacher and student.

3 Method

3.1 Task Definition and Overview

Given a Japanese subtitle sequence

X = (x1,... (D

axn)’

the model generates the corresponding Chinese
subtitle sequence

YZ(y1,...,yn)- @)
Here, x; and y; denote aligned subtitle segments.
Within an individual target segment y, y; denotes
its ¢-th token.

We consider a serial translation setting in which
each training instance is associated with an episode-
causal retrieval memory. When translating an
example from episode e, the retrieval memory
contains only finalized Japanese—Chinese subtitle
pairs from episodes 1, ..., e — 1. Target subtitles
from the current and future episodes are excluded
from retrieval. Source-side subtitles from future
episodes are also excluded from retrieval in this
evaluated setting.

Our framework, SerialDistill, consists of two
stages. First, Qwen3-8B is adapted to the target
series through supervised fine-tuning (SFT) with
LoRA. Second, the resulting domain-adapted stu-
dent is further refined through retrieval-conditioned
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on-policy distributional distillation from a frozen
Qwen3-14B teacher.

This episode-causal construction aligns retrieval-
conditioned distillation with the assumed serial
translation workflow: the retrieved bilingual ev-
idence excludes the current and future episodes.
This restriction applies to retrieval memory; it does
not impose an episode-by-episode order on param-
eter updates.

3.2 Domain Adaptation with LoRA
We first adapt Qwen3-8B using the available in-

domain bilingual subtitles. LoRA is used for
parameter-efficient supervised fine-tuning, while
the underlying pretrained model remains frozen.
The student is optimized with the standard au-
toregressive response-token objective:

Lspr ==Y logpa(ye | y<t, ). (3)

t

This stage adapts the student to work-specific
terminology, translation conventions, and recurring
linguistic patterns. The resulting Qwen3-8B LoRA
model serves as the initialization for the subsequent
distillation stage.

3.3 Episode-Causal Subtitle Memory

Let the finalized bilingual subtitle set for episode j

be

Nj

=1

D; = {(=, 4"} )
() (

where z,;”’ and yij ) denote the J apanese source and
finalized Chinese translation of subtitle .
When processing episode e, the available trans-
lation memory is
M, = U D;. (5)

j<e
Only subtitle pairs originating from episodes ear-
lier than e are eligible for retrieval; pairs from the
current and future episodes are excluded.
For a current Japanese subtitle x, the retriever
returns up to K highest-scoring bilingual matches
from M.,:

Re(z) = TopK (s yyenr, BM25(z, 2").  (6)

The retrieved bilingual examples and the current
source subtitle are then combined into a single
model context:

Ce(x) = Prompt (Re(:v)7 x) @)
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Figure 2: Role-structured construction of the episode-
causal retrieval prompt. Retrieved bilingual examples
are represented as User—Assistant dialogue turns, fol-
lowed by the current Japanese input. A fixed bilingual
demonstration is omitted for clarity.

Figure 2 illustrates the role-structured prompt
construction used to instantiate Ce ().

This construction makes retrieval strictly causal
with respect to episode order while allowing
the bilingual memory to grow naturally as more
episodes become historical.

Training instances are shuffled for OPD; episode
order constrains retrieval availability rather than
optimization order.

3.4 Retrieval Conditioning

SerialDistill uses a frozen Qwen3-14B model as the
teacher and the LoRA-adapted Qwen3-8B model
as the student.

During distillation, both models receive the same
current source subtitle and the same causal retrieval
context. Their predictive distributions are therefore

pr (Yt | Ce(), y<t) ®)
for the teacher, and
po (Yt | Ce(), y<t) )

for the student.

The teacher contributes the predictive behavior
of the larger model, while the student begins with
work-specific knowledge already acquired through
SFT. The teacher and student operate under iden-
tical retrieval evidence, so teacher supervision is
conditioned on information that is also available to
the student.
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3.5 Retrieval-Conditioned Distillation

Figure 3 summarizes the distillation cycle. Let 6,
denote the student parameters and B, the batch of
training examples at the beginning of cycle c. For
each example x € B,, we first construct its episode-
causal retrieval context C¢(z). The current student
then samples a fresh translation trajectory

V= (f,....970) ~ T2 (| Ce()).  (10)

Here, ﬂgcc’u‘)“t denotes the current student’s sam-
pling policy with temperature 0.7 and top-p 0.9.
Teacher and student distributions used in the KL
objective are computed at temperature 1 over the
full vocabulary, without nucleus truncation. Gen-
erated token IDs and teacher targets are held fixed
during backpropagation.

The frozen teacher evaluates the same student-
generated prefixes under the identical retrieval con-
text:

(1D
(12)

Pr(v) = pr(v | Ce(x),9<1),
b, (v) = po, (v | Ce(), f<i)-

At each response position ¢, let .S; denote the
teacher’s top- K token set. Both models are com-
pressed using the same set. For m € {T,0.}, we
define a distribution over S; U {other}:

pgn(v)7 v E Sta
t
G (V) =91 — Z pt (u), v=other. (13)
u€ Sy

The retained probabilities are not renormalized;
the remaining probability mass forms the residual
category.

The loss for cycle ¢ is computed as the token-
weighted mean KL divergence over all valid re-
sponse tokens in the cycle:

> > D (qggﬁ’t | q;"f)

r€B:teT,

STl ’

$€Bc

L= (14)

where 7, contains response positions whose gen-
erated token IDs are not special tokens. Prompt,
padding, and special-token positions, including
EOS, are excluded from the loss.

Gradients are accumulated over the cycle and
normalized by its total number of valid response
tokens. After gradient clipping, we perform one
AdamW update of the student’s LoRA parameters,
yielding .41. The student backbone and teacher
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Figure 3: Overview of retrieval-conditioned on-policy distillation. Student and teacher share the same episode-causal
RAG context; the teacher provides token-level supervision along student-generated trajectories, and the updated
student generates fresh trajectories in the next optimization cycle.

remain frozen, and optimizer state is preserved
across cycles.

After this update, the next cycle processes a new
batch of training examples and generates fresh tra-
Jectories using the updated student py_, ,. No replay
buffer or fixed teacher-generated trajectory set is
used.

SerialDistill is therefore on-policy at the cycle
level: each batch is generated by the current stu-
dent, while retrieval remains episode-causal for
every training instance.

4 Experimental Setup
4.1 Data and Splits

We use Japanese—Chinese subtitles from a 12-
episode anime series. Lyric cues are excluded from
the primary-series experiments. Dataset usage is
summarized in Table 1.

OPD examples from EP2-9 are shuffled across
episodes, with retrieval restricted to earlier final-
ized episodes for each example. At evaluation time,
the memory grows with episode order: EP10, EP11,
and EP12 use finalized subtitles from EP1-9, EP1-
10, and EP1-11, respectively. Earlier evaluation
episodes enter the bilingual memory only after they
are treated as finalized, and no further parameter

Use Episodes Pairs
SFT / initial memory  1-9 2,687
OPD 2-9 2,448
Development 10 346
Held-out test 11/12 2771212

Table 1: Primary-series episode split and retained non-
lyric pairs.

System Base model LoRA RAG Distillation
Base-8B Qwen3-8B - - -
LoRA-8B Qwen3-8B v - -
RAG-8B Qwen3-8B - v -
LoRA-8B+RAG Qwen3-8B v v -
14B+RAG Teacher Qwen3-14B - v -
SerialDistill Qwen3-8B v v OPD

Table 2: Summary of evaluated systems.

updates are performed. For each evaluated episode,
reference translations from that episode and all fu-
ture episodes are excluded from its retrieval context.
EP11-12 are not used for adaptation, distillation, or
configuration selection. These boundaries prevent
target-episode reference leakage while permitting
reuse of previously finalized translations in the se-
quential workflow.

Cross-series replication. To examine whether
the main finding transfers beyond the primary se-
ries, we independently replicate the SerialDistill
pipeline on a second 12-episode anime series, Gi-
mai Seikatsu, using publicly available Japanese—
Chinese subtitles released by Haruhana Funsub.
The 12-episode dataset follows the same split pro-
tocol as the primary experiment: Episodes 1-9
provide LoRA adaptation and retrieval memory,
EP2-9 provide OPD training instances, EP10 is the
development set, and EP11-12 are held-out tests.
Held-out episodes are evaluated only after training
and configuration are fixed.

4.2 Models and Systems

The evaluated systems are summarized in Table 2.
The Qwen3-14B teacher remains frozen, and
SerialDistill is initialized from the domain-adapted
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Qwen3-8B LoRA model. LoRA-8B+RAG uses
the same initial adapter without distillation. Both
series use this student—teacher configuration.

4.3 Training Configuration

The primary-series experiments are run on a sin-
gle GPU. We first adapt the student to the target
series with LoRA and then refine the same adapter
through retrieval-conditioned on-policy distillation.
During distillation, each optimization cycle uses
fresh student-generated trajectories, while the stu-
dent backbone and teacher remain frozen. Hard-
ware, software versions, and training hyperparame-
ters are reported in Appendix A.3.

4.4 Retrieval and Inference

Both series use sentence-level BM25 and the
episode-causal memory protocol described above.
The number of retrieved examples is specified in
Appendix A.3. The shared translation instruction
contains one fixed bilingual demonstration in addi-
tion to any retrieved examples. We compare dense
semantic retrieval and structured word-level mem-
ory on the primary-series development set in Sec-
tion 5.4.

Evaluation uses deterministic decoding with
thinking disabled and a maximum of 128 new to-
kens; OPD training uses sampled trajectories.

4.5 Evaluation

We report corpus chrF (Popovi¢, 2015), BLEU (Pa-
pineni et al., 2002) computed with SacreBLEU and
Chinese tokenization (Post, 2018), and mean seg-
ment COMET using Unbabel/wmt22-comet-da
(Rei et al., 2020). Major comparisons additionally
use two-sided paired bootstrap resampling for sig-
nificance testing (Koehn, 2004). For the primary-
series teacher comparison and both second-series
comparisons in Table 5, we use 2,000 paired resam-
ples of subtitle segments with random seed 42.

5 Results
5.1

Table 3 summarizes the main results on the EP10
development set and the held-out EP11-12 test sets.
On EP10, both LoRA and retrieval improve over
the base model, and their combination improves all
three metrics over either component alone.
Retrieval-conditioned on-policy distillation fur-
ther improves over LORA-8B+RAG by 0.72 chrF
and 1.20 BLEU on the pooled held-out set (Table 5).

Main Results
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SerialDistill also surpasses the larger 14B+RAG
teacher across chrF, BLEU, and COMET on both
EP11 and EP12.

The same trend holds on the pooled 489-example
test set. SerialDistill exceeds the teacher by 3.60
chrF, 6.80 BLEU, and 0.0067 COMET, with the
pooled differences reaching statistical significance
(Table 5). This consistency across episodes and
metrics indicates that the improvement is not driven
by a single test split.

5.2 Cross-Series Replication

To test whether the main SerialDistill result is spe-
cific to the primary series, we independently repli-
cate the pipeline on Gimai Seikatsu. As shown in
Table 4, SerialDistill achieves the strongest pooled
performance and preserves the student-over-teacher
pattern on both held-out episodes.

On the pooled EP11-12 set, SerialDistill im-
proves over the corresponding non-distilled LoRA-
8B+RAG baseline by 3.80 chrF and surpasses the
14B+RAG teacher by 2.46 chrF. All three metric
improvements over LoORA-8B+RAG are signifi-
cant at p < .001; against the teacher, chrF and
BLEU are significant at p < .001 and COMET at
p = .001. Table 5 summarizes the pooled gains
over the non-distilled student and the teacher for
both series.

5.3 Teacher Retrieval Ablation

We examine teacher-side retrieval on the primary
series. The ablated variant removes retrieved exam-
ples only from the teacher input during distillation;
student retrieval and the episode-causal evaluation
protocol are retained in both variants.

As shown in Table 6, teacher retrieval improves
chrF by 1.09 and BLEU by 1.12. The chrF gain is
statistically significant (p = .014; two-sided paired
bootstrap, 2,000 resamples, seed 42). These results
support the value of providing historical bilingual
evidence to the teacher during distillation.

5.4 Retrieval Strategy Comparison

To assess the choice of retrieval strategy, Table 7
compares sentence-level BM25, dense semantic
retrieval, and word-level structured memory using
Qwen3-8B without LoRA on the primary-series
development set. The difference between BM25
and dense retrieval is not statistically significant,
whereas the structured memory does not improve
over the simpler sentence-level approach.



Development: EP10

Held-out Test: EP11

Held-out Test: EP12  Held-out Test: EP11+12 pooled

System chrF BLEU COMET chrF BLEU COMET chiF BLEU COMET chiF BLEU COMET
Base-8B 24.60 28.43  .8286 23.80 28.43  .8207 23.87 27.62  .8153 23.83 28.07 8184
LoRA-8B 32.19 37.18 8569 36.93 42.38  .8753 37.75 4248 8708 37.29 42.43 8733
RAG-8B 3371 3826 8590 3839 37.70  .8735 34.60 3932 8702 3675 38.39 8721
LoRA-8B+RAG 3559 40.58  .8645 4326 4732 8867 38.13 4348  .8785 4098 456l 8832
14B+RAG Teacher 34.34 37.66  .8630 39.41 40.64  .8806 36.46 39.24  .8754 38.11 40.01 8784
SerialDistill 36.94 42.48 8723 43.42 d8.00 8883 39.55 44.78 8809 4170 d46.81 8851

Table 3: Main results on EP10 development and EP11/12 held-out tests. The pooled column is computed on the

concatenated 489-example held-out set.

Development: EP10

Held-out Test: EP11

Held-out Test: EP12  Held-out Test: EP11+12 pooled

System chrF BLEU COMET chrF BLEU COMET chrF BLEU COMET chrF BLEU COMET
Base-8B 16.98 17.99 7877 19.04  20.94 .8017 18.26 19.86 7945 18.69 20.45 7983
LoRA-8B 22.03 2539 8162 19.87 2293 8177 2250 26.31 8179 21.03 24.48 8178
RAG-8B 21.61 23.16 8066 21.22 23.49 .8086 25.11 28.05 8215 2294 25.55 .8146
LoRA-8B+RAG  23.76 27.33 8117 19.56 22.76 8056 24.35 28.29 8215 21.68 25.31 .8130
14B+RAG Teacher 22.16 23.02 8097 22.18 22.99 8115 24.07 25.54 8166 23.02 24.12 .8139
SerialDistill 23.85 27.08 8136 22.70 25.83 8183 28.99 33.64 8306 25.48 29.46 8240

Table 4: Cross-series replication on Gimai Seikatsu. EP10 is the development set, EP11 and EP12 are held-out test
sets, and the pooled column is computed on the concatenated 672-example EP11-12 test set.

These results suggest that increasing retrieval
complexity does not necessarily improve transla-
tion quality in this setting. Because BM25 achieves
comparable downstream performance with a sim-
pler retrieval mechanism, we use sentence-level
BM25 in the final SerialDistill system.

5.5 Qualitative Analysis

To complement the quantitative comparisons, Fig-
ure 4 presents three illustrative translations from
LoRA-8B+RAG and SerialDistill. In (a), SerialDis-
till recovers the omitted description of the project’s
scale. In (b), it preserves the source statement about
insufficient awareness of a crisis rather than recast-
ing it as the addressee’s failure to notice the crisis.
In (c¢), it translates the reference to a battlefield
smell without adding the unsupported specification
of blood.

(a) Omission: LORA+RAG misses key information, while OPD recovers it.
| chizroxmnsgi. FEMLFOBEORTH |

Japanese

[8BLoRA+RAG | REFHMAD 85 FMFHEH

8B OPD + RAG AR TRET H AT 85 FNHER

(b) Semantic error: LORA+RAG misinterprets the subject, while OPD preserves the meaning.
| o0, AETRHBMBHED BUOTEBD EHAD |

Japanese

i
[sBlora+rac | mun, EARRBEANGNG?

[ssoporrac | s, FEmmMBETHE? = |

LoRA+RAG adds content, while OPD removes it.
BEOAWHIHLTIZIZTATVS L

(<)

Japanese

B

|
)

S O ST T, A
8B LoRA + RAG | BTEEARRENNRGHHOMER
¥

SBOPD+RAG | THMERAREATRERBHNE

Figure 4: Qualitative examples comparing LoRA-
8B+RAG and SerialDistill (labeled OPD in the figure).
The examples illustrate omission, semantic error, and
unsupported additions in the adapted student output, to-
gether with the corresponding SerialDistill corrections.
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6 Discussion

6.1 Student-Teacher Performance
Comparison

On the pooled held-out sets, SerialDistill’s advan-
tage over the 14B+RAG teacher is observed un-
der two different starting conditions. On the pri-
mary series, LORA-8B+RAG already outperforms
the teacher before distillation and improves fur-
ther afterward. On Gimai Seikatsu, the same base-
line starts below the teacher in chrF and COMET,
whereas the distilled student surpasses it on all
three metrics. In both cases, the student combines
prior adaptation to the target series with supervision
from the larger teacher, which has not undergone
domain-specific fine-tuning.

This pattern suggests that the teacher’s own trans-
lation scores do not fully capture its usefulness as a
source of supervision. In SerialDistill, the teacher
provides next-token guidance along the adapted stu-
dent’s generated prefixes under the same retrieved
bilingual context. Such guidance may complement
the translation patterns acquired during supervised
adaptation, helping the student improve beyond
both its initial performance and the teacher’s inde-
pendently generated translations.

The examples in Figure 4 illustrate changes ac-
companying the aggregate gains: recovery of omit-
ted information, preservation of intended meaning,
and avoidance of unsupported details.



chrF BLEU COMET
Series Comparison baseline A P A D A P
Primary LoRA-8B+RAG +0.72 < .001 +1.20 < .001 +.0019 < .001
14B+RAG Teacher  +3.60 < .001 +6.80 < .001 +.0067 .042
Gimai Seikatsu LoRA-8B+RAG +3.80 < .001 +4.15 <.001 +.0110 < .001
14B+RAG Teacher  +2.46 < .001 +534 < .001 +.0102 .001

Table 5: SerialDistill gains on the pooled EP11-12 test sets (489 and 672 examples for the primary and second series,
respectively). Positive A indicates improvement over the comparison baseline. The p values are from two-sided
paired bootstrap tests. Deltas use unrounded scores where available; the primary LoORA-8B+RAG comparison uses

the reported baseline scores.

chrf  BLEU COMET

40.17  45.06 8811
41.26  46.18 8819

Teacher retrieval

Without
With

Table 6: Teacher-retrieval ablation on the pooled
primary-series EP11-12 test set. These training runs are
independent of the main experiment in Table 3.

Retrieval chrF  COMET
Sentence BM25 33.71 .8590
Dense top-2 33.81 8602
Structured word-level 32.47 .8575

Table 7: Retrieval comparison for Qwen3-8B without
LoRA on the primary-series EP10 development set.
Bold marks the highest score in each column.

6.2 Implications for Serial Translation

Combining adaptation and retrieval improves over
either component alone on the primary-series
pooled test set, while its benefits vary across met-
rics on Gimai Seikatsu. Distillation adds gains in
both settings, yielding the highest pooled scores on
all three metrics in each series.

Previously finalized subtitles support adaptation
and retrieval, while teacher supervision enables fur-
ther training without additional parallel examples.
The gains observed with a few thousand training
pairs in each series support this approach to data-
scarce domain adaptation.

At inference time, the 8B student translates with
retrieval alone. The final system retains the model
size and inference structure of LoORA-8B+RAG,
fitting a workflow that reuses completed subtitles
for subsequent episodes.

7 Conclusion

SerialDistill combines LoRA adaptation with
retrieval-conditioned on-policy distillation in a se-
rial subtitle translation workflow. On both evalu-
ated Japanese-to-Chinese anime series, it improves
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over LORA-8B+RAG and surpasses the unadapted
14B+RAG teacher on pooled held-out chrF, BLEU,
and COMET. Previously finalized subtitles sup-
ply adaptation data and episode-causal retrieval
memory, while teacher guidance adds supervision
without additional parallel examples. The resulting
8B student translates with retrieval alone at infer-
ence time. These findings support distillation as
an additional adaptation stage under the evaluated
bilingual-history setting.

Limitations

Our experiments evaluate Japanese-to-Chinese sub-
title translation in two anime series, using finalized
translations of earlier episodes as retrieval memory.
Evaluation across additional language pairs, gen-
res, and translation-memory conditions would help
establish the broader applicability of SerialDistill.

Due to time constraints, we have not conducted
cold-start experiments in which no previously trans-
lated episodes are available for training or retrieval.
Our results therefore apply to settings with an ex-
isting work-specific bilingual history. Evaluating
performance from an initially empty memory as
translations accumulate is an important direction
for future work.

The evaluation combines automatic MT metrics
with qualitative analysis of individual translations;
a systematic human evaluation remains to be con-
ducted. Such an evaluation would assess termi-
nology consistency and context-sensitive meaning
across episodes, alongside translation adequacy
and fluency, and quantify the occurrence of the
improvements illustrated by the qualitative exam-
ples.
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A Appendix

A.1 Detailed Dataset Statistics

Episode Primary series Gimai Seikatsu Experimental role
1 239 282 SFT and initial retrieval memory
2 288 423 SFT, OPD, and retrieval memory
3 335 470 SFT, OPD, and retrieval memory
4 305 335 SFT, OPD, and retrieval memory
5 295 313 SFT, OPD, and retrieval memory
6 309 300 SFT, OPD, and retrieval memory
7 252 453 SFT, OPD, and retrieval memory
8 348 354 SFT, OPD, and retrieval memory
9 316 349 SFT, OPD, and retrieval memory
10 346 344  Development
11 277 360 Held-out test
12 212 312 Held-out test

Table 8: Episode-level dataset statistics. Counts are computed from the dataset files and corresponding audit records.

Aligned subtitle pairs by episode
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Figure 5: Episode-level distribution of usable aligned subtitle pairs in the two series. Dashed boundaries separate

the training, development, and held-out test portions.

This appendix reports the episode-level statistics
underlying the two-series experiments. Table 8
gives the exact counts of usable aligned subtitle
pairs, and Figure 5 shows how these counts vary
across episodes in the two series. For the primary
series, the counts exclude lyric cues; for Gimai
Seikatsu, they correspond to the valid aligned pairs
recorded by the dataset audit.

A.2 On-Policy Distillation Diagnostics

Table 9 summarizes the primary-series OPD trace
in consecutive cycle ranges, while Figure 6 shows
the cycle-level fluctuations in KL and gradient
norm. Each row is computed from the saved per-
cycle log. KL is token-weighted within each cycle;
the table reports arithmetic means of the cycle-
level KL values and pre-clipping gradient norms.
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Coverage is the teacher probability mass retained
by its top-64 token set, shared with the student;
mean coverage averages the cycle means, and min-
imum coverage is the lowest token-level value in
the range. These diagnostics describe optimization
behavior and were not used to select a checkpoint
on the held-out test episodes.

Mean KL decreases from 1.4092 in Cycles 1-10
to 0.8537 in Cycles 71-77. At the same time, the
retained top-64 set accounts for more than 99.99%
of the teacher probability mass on average in every
range.



Table 9:

Cycles Examples Mean KL Mean grad. norm  Mean coverage (%) Min. coverage (%) Response tokens

1-10 320 1.4092 2.3147 99.9946 96.9318 2,274
11-20 320 1.2840 2.1207 99.9961 97.2676 2,181
21-30 320 1.1872 2.1202 99.9954 98.2997 2,182
31-40 320 1.2077 2.2150 99.9949 94.4799 2,412
41-50 320 1.0819 1.9129 99.9961 98.2002 2,131
51-60 320 1.0099 1.8003 99.9967 98.8558 2,184
61-70 320 0.9189 1.7747 99.9950 95.2910 2,128
71-77 208 0.8537 1.6327 99.9970 98.6739 1,363

Primary-series OPD diagnostics aggregated from the 77 saved optimization cycles. The final range contains

208 examples because the last cycle contains the remaining 16 of the 2,448 training instances.

0.5

Token-weighted KL divergence

T T T T T T T 1

1Gradient norm i)%fore clipping

T T T T T T T 1
1 10 20 30 40 50 60 70 77

Optimization cycle

Figure 6: Cycle-level primary-series OPD optimization traces. The upper panel shows the token-weighted KL
objective; the lower panel shows the gradient norm before clipping.
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A.3 Training and Retrieval Configuration

Table 10 lists the hardware, software, and training
settings for the primary series, together with the
retrieval setting shared by both series. Dataset sizes
and splits are given in Tables 1 and 8.

Setting Value

Primary series: hardware and software

GPU One NVIDIA GeForce RTX 5090 (32 GB)
Numerical precision bf16

Gradient checkpointing Enabled

PyTorch 2.11.04cul28

Transformers 5.16.1

PEFT 0.20.0

Primary series: supervised adaptation

LoRA configuration Rank 16; oo = 32; dropout 0.05
LoRA target modules g-_proj, k_proj, v_proj, o_proj, gate_proj, up_proj, down_proj
Training epochs 1

Optimizer AdamW

Learning rate 2x107*

Batch size 1

Gradient accumulation 8 steps

Maximum sequence length 512 tokens

Learning-rate schedule Cosine

Warm-up steps 10

Gradient clipping 1.0

Primary series: on-policy distillation

Optimizer AdamW

Learning rate 5x107°

Optimization cycles 77

Examples per cycle Up to 32

Updates per cycle 1

Rollout micro-batch size 4

Teacher scoring / student update micro-batch size 1/1

Teacher distribution representation Top K7 = 64 tokens plus residual mass
Sampling temperature 0.7

Sampling top-p 0.9

Maximum new tokens 128

Both series: retrieval
Maximum retrieved bilingual examples K=2

Table 10: Primary-series implementation settings and the retrieval size shared by both series.
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Abstract

Existing automatic machine translation evalu-
ation metrics, such as COMETKiwi and Met-
ricX, showed relatively low correlations with
human evaluation in the WAT2025 Patent
Claim Translation/Evaluation Tasks. We pro-
pose a rubric-based LLM-as-a-Judge method
for patent claim translation evaluation. Based
on a patent-specific rubric consisting of five
evaluation dimensions with corresponding
checklist items, we instruct a GPT model to
assess translation quality. On a publicly avail-
able human evaluation dataset derived from
the WAT2025 Patent Claims Translation/Eval-
uation Tasks test set, the proposed method
achieves the highest Pearson and Spearman
correlation coeflicients with human evaluation
among all evaluated methods.

1 Introduction

Patent claim translation is more difficult than gen-
eral translation because of complex sentence struc-
tures, long sentences, and highly specialized tech-
nical terminology. Evaluating patent claim transla-
tions is also challenging because seemingly minor
errors, such as the omission of a limitation or an
incorrect element relationship, may substantially
change the meaning or scope of the claimed inven-
tion.

Although research on patent translation has
a long history, research specifically focusing on
patent claim translation has been relatively limited.
In 2007, a bilingual Japanese—English patent par-
allel corpus was created by Utiyama and Isahara
(2007) for the NTCIR-6 patent retrieval task (Fu-
jii et al., 2007). More recently, Nagata et al.
(2024) built JaParaPat, a Japanese—English paral-
lel patent corpus containing over 300 million sen-
tence pairs, aligning every part of the patent docu-
ments including titles, abstracts, descriptions, and
claims. Several previous studies on patent transla-
tion have focused on constructing patent corpora
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rather than developing patent-translation-specific
methods, e.g., COPPA V2.0 (Junczys-Dowmunt
et al., 2016), ParaPat (Soares et al., 2020) and
JaParaPat. Moreover, relatively little research has
focused specifically on patent claim translation
evaluation. In 2025, Nakazawa et al. (2025) or-
ganized the first shared task focusing on patent
claim translation at WAT2025. However, the or-
ganizers of WAT2025 reported that automatic met-
rics, such as COMETKiwi (Rei et al., 2023) and
MetricX (Juraska et al., 2024), showed low correla-
tions with human evaluation. Correlations between
general machine translation (MT) LLM-as-a-Judge
such as GEMBA (Kocmi and Federmann, 2023b,a)
and human evaluation were not reported.

To develop an automatic patent claim translation
evaluation method that correlates better with hu-
man evaluation, we propose an LL.M-as-a-Judge
method to assess translation quality based on a
patent-specific rubric and checklist. The experimen-
tal results show that the proposed method achieves
higher correlations with WAT2025 human evalua-
tion than COMETKiwi, MetricX, GEMBA-DA and
GEMBA-MQM.

In summary, (1) we develop a rubric-based LLM-
as-a-Judge method specific to patent claim transla-
tion evaluation, which achieves the highest correla-
tions with human evaluation among the evaluated
methods. (2) We evaluate several automatic met-
rics on WAT2025 human evaluation data, including
LLM-as-a-Judge methods and neural metrics such
as COMETKiwi and MetricX. (3) We compare the
performance of GPT-5.2 and GPT-4 using the same
LLM-as-a-Judge methods.

2 Related Work

2.1 Automatic Evaluation of MT

BLEU (Papineni et al., 2002) is a traditional au-
tomatic MT evaluation metric that measures MT
quality based on modified n-gram precision and a

Proceedings of the 13th Workshop on Asian Translation (WAT 2026), pages 84-103
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brevity penalty. Rei et al. (2020) proposed COMET,
a neural MT evaluation metric based on multilin-
gual pretrained language models. COMET uses
information from the source text and the reference
translation to evaluate MT quality and achieves a
high correlation with human judgments. Rei et al.
(2022) then presented COMETKiwi, a reference-
free MT evaluation metric based on the COMET
framework. Freitag et al. (2022) reported that neu-
ral evaluation metrics such as COMET outperform
overlap-based metrics such as BLEU.

2.2 GEMBA-DA and GEMBA-MQM

To investigate the use of LLMs for MT quality as-
sessment, Kocmi and Federmann (2023b) devel-
oped GEMBA. One of its prompt variants, GEMBA-
DA, uses a GPT model to directly assess translation
quality by assigning a score.

Unlike GEMBA-DA, GEMBA-MQM (Kocmi
and Federmann, 2023a) uses a GPT model to iden-
tify and classify translation errors into error cate-
gories and severity levels based on the Multidimen-
sional Quality Metrics (MQM) framework used
by Freitag et al. (2021). Specifically, GEMBA-
MQM classifies translation errors into categories
such as accuracy, fluency, and terminology. It also
marks each translation error as critical, major, or
minor, with default weights of 25, 5, and 1, re-
spectively. Table 1 shows the error severity levels
and categories. The prompt for GEMBA-MQM
includes three few-shot examples.

Both methods take the source text and the MT
output as input. GEMBA-DA can optionally use
a reference translation, whereas GEMBA-MQM
is reference-free. Both methods use predefined
prompts. The output of GEMBA-DA is a direct
assessment (DA) score, whereas the outputs of
GEMBA-MQM are error annotations and a negative
score calculated based on the number of translation
errors and their severity levels.

2.3 LiTransProQA

Zhang et al. (2025) proposed LiTransProQA, an
LLM-based question-answering metric for literary
translation evaluation. It provides a prompting
template and a list of evaluation questions. The
prompt instructs the LLM to answer the questions
with “yes,” “no,” or “maybe,” which are mapped to
scores of 1, 0, and 0.5, respectively. LiTransProQA
achieves adequacy performance comparable to that
of trained linguistic students, showing its poten-
tial for literary translation evaluation. Inspired by
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Error Severity
Critical

Error Category

* Accuracy

* Fluency

* Terminology

* Style

* Locale convention
(omitted from the general
GEMBA-MQM prompt)

 Other

* Non-translation

Same as above

Same as above

Major
Minor

Table 1: GEMBA-MQM Error Severity Levels and Cat-
egories.

LiTransProQA, we develop a patent-claim-specific
checklist with three answer options and a score-
mapping rule with the assistance of coding agents.

2.4 Patent Claims Translation/Evaluation
Task at WAT2025

Nakazawa et al. (2025) organized the WAT2025
Patent Claims Translation/Evaluation Tasks, the
first shared task concentrating on patent claim trans-
lation.

The test set consisted of claims from applications
without a corresponding application in the target
language when the source texts were distributed
to the participants and translations from six MT
systems. Three of them were submissions from
participants: an open-weight LLM trained using
continual pretraining and supervised fine-tuning
on JaParaPat (Azami et al., 2025), and two GPT-5-
based systems using prompt engineering (Edamatsu
et al., 2025). The other three anonymous MT sys-
tems were a general MT system, a patent-specific
MT system, and an open-weight LLM.

A subset of the test data was manually evaluated
using human evaluation criteria modified from the
MQM-based framework of Freitag et al. (2021) for
patent translation. However, the organizers also
reported issues with the quality of the MQM-based
human annotations. Therefore, in this study, we
use the human evaluation scores and evaluate their
correlations with automatic evaluation scores.

3 Proposed Method

3.1 Prompt for Proposed Method

The proposed method, Patent-Rubric-Checklist, as-
sesses translation quality using a rubric specific to
patent claim translation evaluation.

Notably, the evaluation dimensions and the check-
list items are mainly developed with the assistance



of Copilot. We instructed Copilot to design a check-
list for patent claim translation evaluation with refer-
ence to LiTransProQA by providing general trans-
lation criteria such as semantic equivalence and
fluency, as well as patent-specific constraints includ-
ing the number of claim elements and their logical
relationships, the structure of the claim as a single
sentence, and consistency of terminology. More-
over, we tried to improve the prompt with ChatGPT
because we assumed that it is stronger than Copilot.

First, the prompt for the proposed method in-
structs a GPT model to evaluate each checklist item
according to the rubric. As shown in Figure 1, the
first part of the prompt describes the task setting
for patent claim translation evaluation and specifies
the required evaluation procedure. Specifically, the
prompt instructs the GPT model to answer each
checklist item as follows:

* “yes”: no problem
* “partial”: minor or weakening problem
* “no”: clear or serious problem

Second, the prompt presents the rubric consisting
of the five evaluation dimensions and their corre-
sponding checklist items for patent claim transla-
tion evaluation, as shown in Figure 2. Lines 23-27
define Dimension [A] Content Fidelity, which eval-
uates the preservation of the core inventive idea
and technical functions or effects, as well as the
absence of hallucinated technical content. Lines
29-33 define Dimension [B] Element Coverage,
which evaluates the translation of the claim ele-
ments, as well as the preservation of element rela-
tionships, quantities, ranges, or conditions. Lines
35-42 define Dimension [C] Claim Scope & Logi-
cal Constraints, which evaluates the preservation of
claiming scope, the correct attachment of constraint
clauses, and the preservation of coordination and
modification relations. Lines 44-50 define Dimen-
sion [D] Claim Form & Syntactic Requirements,
which evaluates whether the translation is written
as a single sentence claim, preserves the claim type,
maintains consistent antecedent basis, and avoids
narrative or explanatory prose style. Lines 52-56
define Dimension [E] Fluency & Grammaticality,
which evaluates the grammar correctness, stylistic
appropriateness, and readability.

Third, the prompt presents the input and the out-
put formats, shown as Figure 3. The prompt in-
structs the GPT model to return the answers to the
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checklist items with justifications and an overall
explanation in JSON format.

3.2 Scoring Process

We map the checklist answers to 1.0 for “yes,” 0.5
for “partial,” and 0.0 for “no.” For each evaluation
dimension, we average the mapped scores of its
checklist items to obtain a dimension score, denoted
by A through F in Equation 1. We then aggregate
the dimension scores using the following weighted
formula:

rule_based_score = 100 x (0.25A + 0.25B

+0.25C +0.15D + 0.10E)
€]
Specifically, the weights assigned to each dimen-
sion in Equation 1 were suggested by Copilot.

4 Experiment Setup

4.1 Dataset

In this study, we use a manually annotated dataset'
derived from the WAT2025 patent claims trans-
lation evaluation test set?. The test set contains
26 documents with 70 claims for the Japanese-to-
English (JA-EN) direction and 30 documents with
81 claims for the English-to-Japanese (EN-JA) di-
rection. The JA—EN set contains outputs from six
MT systems and the EN-JA set contains outputs
from four MT systems. No reference translations
are provided for either language direction. The
human evaluation dataset contains scores and an-
notations for the MT outputs of 13 documents with
28 claims in each language direction from the test
set described above.

4.2 Prompting Methods

In our experiments, we use three prompting meth-
ods to evaluate the translation quality. Both
GEMBA-DA and GEMBA-MQM are existing
LLM-as-a-Judge methods for MT evaluation devel-
oped by Kocmi and Federmann (2023b,a), whereas
Patent-Rubric-Checklist is developed in this study
for patent claim translation evaluation.
In summary:

* GEMBA-DA: Directly assigns a score ranging
from O to 100 based on meaning and grammar
(baseline).

'https://github.com/Tzawa/pat-claim-trans
*WAT2025 Patent Claims Translation/Evaluation Tasks


https://github.com/Tzawa/pat-claim-trans
https://sites.google.com/view/pat-claims-trans-2025/

1 You are an expert evaluator of MACHINE TRANSLATION OF PATENT CLAIMS.

2

3 Your task is to evaluate the translation quality using a

4 rubric-based evaluation framework,

5 implemented explicitly as a CHECKLIST.

6

7 This is NOT general prose.

8 The input is a PATENT CLAIM, which has strict legal and structural constraints.

9

10 You must:

11 (1) Answer ALL checklist questions below using:

12 - "yes" (no problem)

13 - "partial" (minor or weakening problem)

14 - "no" (clear or serious problem)

15 (2) For each question, provide a short justification.

16 (3) Provide a brief explanation of the evaluation result.

17 (4) Evaluate SOURCE vs HYPOTHESIS only; no reference is provided.

18

Figure 1: Prompt for Patent-Rubric-Checklist, Part 1: Task Setting and Evaluation Procedure.

19 ———————————m e

20 CHECKLIST (PATENT-CLAIM-SPECIFIC)

2] mmmmmmmmmm———m——————

22

23 [A] CONTENT FIDELITY (Meaning Preservation)

24

25 Al. Is the core inventive idea (what is being claimed) preserved?

26 A2. Are the technical functions or effects preserved without distortion?

27 A3. Is the translation free from hallucinated technical content not present in the
source?

28

29 [B] ELEMENT COVERAGE (Completeness)

30

31 B1l. Are all essential claim elements translated (no omissions)?

32 B2. Are relationships between elements (having, connected to, arranged on, etc.)
preserved?

33 B3. Are quantities, ranges, or conditions (e.g. "at least one", numerical ranges)
preserved?

34

35 [C] CLAIM SCOPE & LOGICAL CONSTRAINTS (CRITICAL)

36

37 Cl1l. Is the claiming scope preserved?

38 (e.g., "comprising" vs "consisting of", "characterized in that")

39 C2. Are constraint clauses correctly attached?

40 (e.g., "wherein", "HiREOOM~")

41 C3. Are coordination vs modification relations preserved?

42 (e.g., A and B that each have C, NOT A and (B that has C))

43

44 [D] CLAIM FORM & SYNTACTIC REQUIREMENTS

45

46 D1. Is the translation written as a SINGLE SENTENCE claim?

47 D2. Is the claim type preserved (apparatus / method / composition, etc.)?

48 D3. Is antecedent basis consistent?

49 (a/the/said, HiFt~)

50 D4. Does the translation avoid narrative or explanatory prose style?

51

52 [E] FLUENCY & GRAMMATICALITY

53

54 El1. Is the translation grammatically correct in the target language?

55 E2. Is it stylistically appropriate for patent claims?

56 E3. Is the sentence readable and not excessively awkward or ambiguous?

57

Figure 2: Prompt for Patent-Rubric-Checklist, Part 2: Rubric and Checklist Items.
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58 —mmmmmmm—mmmm e

59 INPUT FORMAT

60 --— -

61 {source_lang} source patent claim:

62 "{source_segl}"

63

64 {target_lang} translated patent claim:

65 "{target_segl}"

66

67 ————————————————————

68 OUTPUT FORMAT (JSON ONLY)

69 ———m——m—m—

70

71 {{

72 "checklist_answers": {{

73 "A1": {{"answer": "yes", "justification": "Short justification."}},
74 "A2": {{"answer": "yes", "justification": "Short justification."}},
75 "A3": {{"answer": "yes", "justification": "Short justification."}},
76 "B1": {{"answer": "yes", "justification": "Short justification."}},
77 "B2": {{"answer": "yes", "justification": "Short justification."}},
78 "B3": {{"answer": "yes", "justification": "Short justification."}},
79 "C1": {{"answer": "yes", "justification": "Short justification."}},
80 "C2": {{"answer": "yes", "justification": "Short justification."}},
81 "C3": {{"answer": "yes", "justification": "Short justification."}},
82 "D1": {{"answer": "yes", "justification": "Short justification."}},
83 "D2": {{"answer": "yes", "justification": "Short justification."}},
84 "D3": {{"answer": "yes", "justification": "Short justification."}},
85 "D4": {{"answer": "yes", "justification": "Short justification."}},
86 "E1": {{"answer": "yes", "justification": "Short justification."}},
87 "E2": {{"answer": "yes", "justification": "Short justification."}},
88 "E3": {{"answer": "yes", "justification": "Short justification."}}
89 1},

90 "overall_explanation": "Brief explanation of the evaluation result in 1-2 sentences."
91 }}

Figure 3: Prompt for Patent-Rubric-Checklist, Part 3: Input and Output Formats.

e GEMBA-MQM: Detects translation errors,
labels their category and severity, and calcu-
lates a score based on error severities (base-
line).

* Patent-Rubric-Checklist: Instructs a GPT
model to evaluate translation quality based on
a rubric with five evaluation dimensions and
corresponding checklist items. Then maps the
checklist answers to numerical values and cal-
culates the final score outside the LLM using
predefined weights (proposed method).

The figures in Appendix A provide the detailed
prompts for GEMBA-DA and GEMBA-MQM.

To facilitate comparison with the human eval-
uation score, GEMBA-DA score, and our pro-
posed method’s score, we convert the negative raw
GEMBA-MQM score into a final score as follows:

final_score = 100 + 4 x GEMBA-MQM_score
(2)
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where final_score denotes the final score, and
GEMBA-MQM_score denotes the negative raw
score calculated from the GEMBA-MQM anno-
tations.

Furthermore, we use GPT-5.2 (OpenAl, 2025)
and GPT-4 (OpenAl et al., 2024) as judge models
for different prompting methods.

4.3 Evaluation Metrics

We use Pearson’s correlation coefficient® and Spear-
man’s rank correlation coefficient* as evaluation
metrics in our experiments. Pearson correlation
measures the linear relationship between automatic
evaluation scores and human evaluation scores,
while Spearman correlation measures the mono-
tonic relationship between them.

Furthermore, we conduct permutation tests® for
both Pearson and Spearman correlations to com-
pare our proposed method with GEMBA-DA and
GEMBA-MQM. All three methods use GPT-5.2.

3SciPy documentation for pearsonr

*SciPy documentation for spearmanr
3 SciPy documentation for permutation_test


https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.pearsonr.html
https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.spearmanr.html
https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.permutation_test.html

5 Results and Analysis

5.1 Correlations with Human Evaluation

We compute Pearson and Spearman correlations
between human evaluation scores and the scores
produced by GEMBA-DA, GEMBA-MQM, and
our proposed method, Patent-Rubric-Checklist, us-
ing both GPT-4 and GPT-5.2. We also con-
duct the same correlation analysis for reference-
free MetricX-24 and COMETKiwi. Specifically,
we use Unbabel/wmt23-cometkiwi-da-x1% and
google/metricx—24—hybrid—x1—v2p67 in our
experiments. For MetricX-24, we negate the scores
when computing correlations so that higher scores
indicates better quality. As shown in Table 2 ,
for the JA—EN direction, all correlations between
automatic evaluation scores and human evalua-
tion scores are positive and statistically significant
(p < 0.050rp < 0.01). However, for the EN-JA di-
rection, the Spearman correlation of COMETKiwi
and both the Pearson and Spearman correlation for
reference-free MetricX-24 and all the LLM-as-a-
Judge methods using GPT-4, are not statistically
significant. In particular, although GEMBA-MQM
using GPT-4 shows negative Pearson and Spearman
correlations, neither is statistically significant. Our
proposed method, Patent-Rubric-Checklist using
GPT-5.2, achieves the highest Pearson and Spear-
man correlations in both translation directions. Ad-
ditionally, we observe that results for the JA-EN di-
rection yield higher correlations than those for EN—
JA direction. We also observe that GPT-5.2 yields
higher correlations than GPT-4 for all prompting
methods.

We conduct permutation tests between the pro-
posed method and GEMBA-MQM using GPT-
5.2, the proposed method and GEMBA-DA us-
ing GPT-5.2, as well as reference-free MetricX-
24 and COMETKiwi. For the JA-EN direction,
the difference in Spearman correlation between
Patent-Rubric-Checklist and GEMBA-DA, both us-
ing GPT-5.2, is statistically significant (p < 0.01),
whereas the difference in Pearson correlation is
not. Similarly, the difference in Spearman correla-
tion between Patent-Rubric-Checklist and GEMBA-
MQM, both using GPT-5.2, is statistically signif-
icant (p < 0.05), whereas the difference in Pear-
son correlation coefficient is not. The differences
in Pearson and Spearman correlations between
reference-free MetricX-24 and COMETKiwi are

®Unbabel/wmt23-cometkiwi-da-x1
" google/metricx-24-hybrid-x1-v2p6
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not statistically significant.

For the EN-JA direction, the differences in Pear-
son and Spearman correlations are not statistically
significant between Patent-Rubric-Checklist and
either GEMBA-DA or GEMBA-MQM, all using
GPT-5.2. The differences in both correlations be-
tween reference-free MetricX-24 and COMETKiwi
are not statistically significant either.

5.2 Dimension Ablation Study

To further analyze the performance of Patent-
Rubric-Checklist using GPT-5.2, we conduct a di-
mension ablation study by computing the Pearson
and Spearman correlations for prompt variants con-
taining only one dimension. Specifically, to analyze
the effect of each dimension, we remove the other
four dimensions and their corresponding checklist
items from the prompt shown in Figure 2. We also
revise the output format shown in Figure 3 to match
the revised rubric. The prompt variants with a sin-
gle dimension are provided in Figures 611 in Ap-
pendix A. Additionally, we set the weight of the
single dimension to 1.0. We make these modifica-
tions with the assistance of ChatGPT.

Table 3 shows the Pearson and Spearman correla-
tions between human evaluation scores and scores
calculated using prompt variants with GPT-5.2. In
both translation directions, the prompt variant con-
taining only dimension A achieves the lowest Pear-
son and Spearman correlations. Surprisingly, al-
though dimensions D and E are assigned relatively
lower weights in Equation 1, the prompt variant
containing only dimension E achieves the highest
Pearson correlation, while the variant containing
only dimension D achieves the highest Spearman
correlation in both translation directions.

We additionally present case studies illustrat-
ing differences between the judgments of dimen-
sions A—C and D-E in Appendix B. The single-
dimension scores for dimensions D and E correlate
more strongly with human evaluation scores, sug-
gesting that the human evaluation may be more
sensitive to the quality aspects captured by dimen-
sions D-E (claim form, syntactic requirements, and
fluency & grammaticality) than to those captured
by dimensions A—C (content fidelity, element cov-
erage, and claim scope & logical constraints). How-
ever, based on the available data and results, we
cannot determine why the single-dimension scores
for dimensions D and E achieve higher correlations
with human evaluation scores.


https://huggingface.co/Unbabel/wmt23-cometkiwi-da-xl
https://huggingface.co/google/metricx-24-hybrid-xl-v2p6

Methods Pearson’s r Spearman’s p
ja—en en—ja ja—en en—ja
COMETKiwi 0.2880™ " 0.1860™ 0.2703*~ 0.1810
MetricX-24 (reference-free) 0.2436** 0.1397 0.2945** 0.1770
GEMBA-DA (GPT-4) 0.3753** 0.1391 0.3664** 0.0806
GEMBA-DA (GPT-5.2) 0.4685** 0.1996* 0.4210** 0.3017**
GEMBA-MQM (GPT-4) 0.2989** -0.0297 0.4535** -0.1291
GEMBA-MQM (GPT-5.2) 0.5533** 0.2461** 0.4741** 0.3135**
Patent-Rubric-Checklist (GPT-4) 0.1906* 0.1329 0.2691** 0.1034
Patent-Rubric-Checklist (GPT-5.2)  0.6214™* 0.3767** 0.5931** 0.4417*

*p < 0.05, "*p < 0.01.

Table 2: Pearson and Spearman Correlations between Automatic Evaluation Scores and Human Evaluation Scores.

Rubric Setting Pearson’s r Spearman’s p
ja—en en—ja ja—en en—ja

Full 0.6214™~ 03767 0.59317F 04417
Only A 0.4331** 0.2853** 0.4788**  0.3862**
Only B 0.4856™* 0.3352**  0.4878**  0.4039**
Only C 0.5621** 0.3835** 05477 0.4619**
Only D 0.6275** 0.5239**  0.6050**  0.5032**
Only E 0.6314™* 0.3535**  0.6102**  0.3874**

*p < 0.05, **p < 0.01.

Table 3: Dimension Ablation Study of Patent-Rubric-Checklist (GPT-5.2) using Pearson and Spearman Correlations.

5.3 Comparison of Evaluation Results Using
GPT-4 and GPT-5.2

We observe that GPT-5.2 achieves higher Pear-
son and Spearman correlations with human eval-
uation than GPT-4 for all LLM-as-a-Judge meth-
ods. Specifically, for the JA-EN direction, Patent-
Rubric-Checklist using GPT-5.2 achieves Pearson
and Spearman correlations that are 0.4308 and
0.3240 higher, respectively, than those achieved
using GPT-4. We find that Patent-Rubric-Checklist
using GPT-4 assigns a score of 100 to all transla-
tions produced by MT systems 2, 3, and 5, indicat-
ing that all checklist answers are “yes”.

For the EN-JA direction, Patent-Rubric-
Checklist using GPT-5.2 achieves Pearson and
Spearman correlations that are 0.2438 and 0.3383
higher, respectively, than those achieved using
GPT-4. We find that Patent-Rubric-Checklist using
GPT-4 assigns a score of 100 to all translations
produced from MT systems 1 and 2.

In contrast, when using GPT-5.2, we do not ob-
serve Patent-Rubric-Checklist assigning a score of
100 to all translations from any single MT system
in either translation direction. Furthermore, the
overall proportion of translations receiving a score
of 100 using GPT-4 as the judge model is notably
higher than that using GPT-5.2 (92.26% vs. 2.98%
for JA—EN and 98.21% vs. 5.36% for EN-JA).

Table 4 presents an example of the checklist an-
swers produced by the two GPT models and cor-
responding externally calculated rule-based scores
for the same translation. For the same MT output,
GPT-4 answers “yes” to all checklist items, while
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GPT-5.2 answers “yes” to only one of them. Conse-
quently, the rule-based scores calculated from the
two GPT models’ checklist answers are substan-
tially different. In particular, although the English
translation consists of multiple sentences, GPT-4
fails to detect this error when answering checklist
item D1.

6 Discussion

The novelty of our proposed method is that we
prompt the GPT model with a rubric consisting
of five evaluation dimensions and corresponding
checklist items designed specifically for patent
claim translation evaluation. The prompt for our
proposed method is for Japanese—English transla-
tion evaluation. To adapt the prompt to other lan-
guage pairs, it is important to design a rubric that re-
flects the language-pair-specific characteristics for
patent claim translation evaluation. For example,
we can provide patent claims, examples of transla-
tion errors or human evaluation criteria in the target
language pair to the LLM and instruct it to analyze
important evaluation aspects and adapt the rubric,
including its checklist items, to the target language
pair. The results of this study suggest that design-
ing a rubric with the assistance of coding agents
may be a practical approach to patent claim trans-
lation evaluation, since documents explaining the
guidelines for filing U.S. patent applications and
differences between Japanese and U.S. patents are
widely available on the internet.

Moreover, the MT outputs in the human evalu-
ation data provided by the WAT2025 organizers
include translations generated by a GPT-5-based



Source Text

[FASRIE 1] KTE N CHIFRASHTRTENCE S 2 & S ClE SN, w2 Ll e 32 & v il MRl e 3 2 i 2 M3 2 M e, aiicrEmS
DWHNCACE 241, ATRCEFTFICIES 2 8l v | ATRCAARIC3EE X, ATRCER N CRIRCERRO BT TANCIER % & & b I HTRLEIIR D A 77 AN e
FlENAEHD T aRSE2 AL, ARCEHERE D (AR RER T r R 5 v | JELHEN TR 7 1 < 710 LTI KR 0D 72 v dundh
AT S BRI FNCIES 5 & & HICHIFLETTANCES S A, AR 2 353 2 DA M v b e, 2 A, ATREBDOR N F
M, BRI HE T HTFCEIAR 2 58 2 WM L TG MANCEE SN, fEtR b7 v AL OAERRD 5 5070 < b 1 o0 f kR
W, MBOFRER +Z v MELOMERRE L B D | ATRCEER 28 2 X 5 IKEA AN T AN LT, B RAAmEICA R b 10D
HIELA by PARES ATV S, HEERE,

MT Output

[Claim 1] A propulsion device comprising: a cylindrical portion arranged with its axis extending in a forward-rearward direction submerged below the water
surface, with one end positioned upstream and the other end positioned downstream to form a flow channel; an axis portion arranged inside the cylindrical
portion and extending along the axis direction; a propeller mounted on the axis portion, having multiple propeller blades extending radially along the axis
direction and arranged circumferentially around the axis, capable of rotating about the axis; and multiple struts positioned either forward or rearward of the
propeller within the flow channel, extending radially and arranged circumferentially to support the axis portion. The multiple struts extend vertically and are
arranged symmetrically with respect to a vertical symmetry line passing through the axis direction. At least one angle interval between the struts differs
from other angle intervals between the struts. At least one strut is positioned on both sides of the vertical direction relative to a horizontal plane extending

horizontally through the axis direction.

Answer to D1 from Patent-Rubric-Checklist (GPT-4)

"D1": {
"answer": "yes",
"justification": "The translation is written as a single sentence claim."
1,
Answer to D1 from Patent-Rubric-Checklist (GPT-5.2)
"D1": {
"answer": "no",
"justification": "The English claim is written as multiple sentences; patent claims should be a single sentence,
and the source is a single-sentence claim."
1,
Checklist Answers from Patent-Rubric-Checklist (GPT-4) and Rule-Based Score
Al: yes, A2: yes, A3: yes,
Bl: yes, B2: yes, B3: yes,
Cl: yes, C2: yes, C3: yes,
D1: yes, D2: yes, D3: yes, D4: yes,
El: yes, E2: yes, E3: yes
rule_based_score: 100

Checklist Answers from Patent-Rubric-Checklist (GPT-5.2) and Rule-Based Score

Al:
B1:
C1:
D1:
El:
rule_based_score:

partial, A2: partial, A3: partial,

partial, B2: partial, B3: yes,

partial, C2: partial, C3: partial,

no, D2: yes, D3: partial, D4: partial,

partial, E2: partial, E3: partial

54.1666666666666

Table 4: Example Answers from the Proposed Method Using GPT-4 and GPT-5.2.

system (Edamatsu et al., 2025; Nakazawa et al.,
2025). This raises the possibility that the LLM-
as-a-Judge using GPT-4 answered “yes” to every
checklist item when evaluating outputs from these
systems.

7 Conclusion

This study proposed a rubric-based LLM-as-a-
Judge method specific to patent claim translation
evaluation. Specifically, our proposed method in-
structs a GPT model to evaluate MT outputs based
on a rubric consisting of five evaluation dimensions
and corresponding checklist items. On both the
JA—EN and the EN-JA test sets show that our pro-
posed method using GPT-5.2 achieves higher cor-
relations with human evaluation than GEMBA-DA
and GEMBA-MQM using either GPT-4 or GPT-
5.2, suggesting the potential of the rubric-based
LLM-as-a-Judge method for patent claim transla-
tion evaluation. In the dimension ablation study, we
find that the prompt variants containing only dimen-
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sion D and E, which have relatively lower weights
in the proposed method, achieve the highest Spear-
man and Pearson correlations, respectively. We also
observe that GPT-5.2 achieves higher correlations
with human evaluation than GPT-4 for all LLM-
as-a-Judge methods. In particular, all translations
from some MT systems in each translation direction
receive a score of 100 under the proposed method
using GPT-4, indicating that GPT-4 answers every
checklist item with “yes”. In contrast, no similar
pattern is observed in the results obtained using
GPT-5.2. Moreover, we observe that all automatic
evaluation methods yield lower correlations on the
EN-JA test set than on the JA-EN test set.

Future work will focus on improving the design
of the rubric and checklist items to better align with
human evaluation. We will also optimize the dimen-
sion weights to develop a scoring rule that yields
higher correlation with human evaluation. For ex-
ample, we could use a held-out set to optimize the
dimension weights of the rubric.



Limitations

Although this study suggests the potential of a
rubric-based LLM-as-a-Judge method for patent
claim translation evaluation, several limitations re-
main.

First, the dataset used in this study does not
include reference translations, therefore, the per-
formance of the proposed method when reference
translations are available remains unknown. Sec-
ond, the dataset is limited, only consisting of 28
claims with translations from six MT systems for
the JA-EN direction and 28 claims with transla-
tions from four MT systems for the EN-JA direc-
tion. Third, we run each prompt only once on the
test set, therefore, we cannot assess the stability of
the LLM-as-a-Judge methods. Finally, we use only
GPT-4 and GPT-5.2 as the judge models. Conse-
quently, the performance of the proposed method
using open-weight LLMs such as Qwen and Llama
remains unknown.

References

Haruto Azami, Yin Zhang, Futo Kajita, Nobuyori
Nishimura, and Takehito Utsuro. 2025. UTSK25 at
WAT?2025 patent claims translation/evaluation task.
In Proceedings of the Twelfth Workshop on Asian
Translation (WAT 2025), pages 30-34, Mumbai, In-
dia. Association for Computational Linguistics.

Taishi Edamatsu, Isao Goto, and Takashi Ninomiya.
2025. Ehime-U system with judge and refinement,
specialized prompting, and few-shot for the patent
claim translation task at WAT 2025. In Proceedings
of the Twelfth Workshop on Asian Translation (WAT
2025), pages 16-29, Mumbeai, India. Association for
Computational Linguistics.

Markus Freitag, George Foster, David Grangier, Viresh
Ratnakar, Qijun Tan, and Wolfgang Macherey. 2021.
Experts, errors, and context: A large-scale study of
human evaluation for machine translation. Transac-
tions of the Association for Computational Linguis-
tics, 9:1460-1474.

Markus Freitag, Ricardo Rei, Nitika Mathur, Chi-kiu Lo,
Craig Stewart, Eleftherios Avramidis, Tom Kocmi,
George Foster, Alon Lavie, and André F. T. Martins.
2022. Results of WMT22 metrics shared task: Stop
using BLEU — neural metrics are better and more
robust. In Proceedings of the Seventh Conference
on Machine Translation (WMT), pages 46—68, Abu
Dhabi, United Arab Emirates (Hybrid). Association
for Computational Linguistics.

Atsushi Fujii, Makoto Iwayama, and Noriko Kando.
2007. Overview of the patent retrieval task at the
ntcir-6 workshop. In NTCIR.

92

Marcin Junczys-Dowmunt, Bruno Pouliquen, and
Christophe Mazenc. 2016. Coppa v2. 0: Corpus of
parallel patent applications building large parallel cor-
pora with gnu make. In 4th Workshop on Challenges
in the Management of Large Corpora Workshop Pro-
gramme, pages 15-19.

Juraj Juraska, Daniel Deutsch, Mara Finkelstein, and
Markus Freitag. 2024. MetricX-24: The Google
submission to the WMT 2024 metrics shared task.
In Proceedings of the Ninth Conference on Machine
Translation, pages 492—-504, Miami, Florida, USA.
Association for Computational Linguistics.

Tom Kocmi and Christian Federmann. 2023a. GEMBA-
MQM: Detecting translation quality error spans with
GPT-4. In Proceedings of the Eighth Conference
on Machine Translation, pages 768—775, Singapore.
Association for Computational Linguistics.

Tom Kocmi and Christian Federmann. 2023b. Large lan-
guage models are state-of-the-art evaluators of trans-
lation quality. In Proceedings of the 24th Annual
Conference of the European Association for Machine
Translation, pages 193-203, Tampere, Finland. Euro-
pean Association for Machine Translation.

Masaaki Nagata, Makoto Morishita, Katsuki Chousa,
and Norihito Yasuda. 2024. JaParaPat: A large-
scale Japanese-English parallel patent application cor-
pus. In Proceedings of the 2024 Joint International
Conference on Computational Linguistics, Language
Resources and Evaluation (LREC-COLING 2024),
pages 9452-9462, Torino, Italia. ELRA and ICCL.

Toshiaki Nakazawa, Takashi Tsunakawa, Isao Goto,
Kazuhiro Kasada, Katsuhito Sudoh, Shoichi
Okuyama, Takashi Ieda, and Masaaki Nagata. 2025.
Findings of the first patent claims translation task at
WAT2025. In Proceedings of the Twelfth Workshop
on Asian Translation (WAT 2025), pages 1-15,
Mumbai, India. Association for Computational
Linguistics.

OpenAl. 2025. Introducing GPT-5.2. https://
openai.com/index/introducing-gpt-5-2/.

OpenAl, Josh Achiam, Steven Adler, Sandhini Agar-
wal, Lama Ahmad, Ilge Akkaya, Florencia Leoni Ale-
man, Diogo Almeida, Janko Altenschmidt, Sam Alt-
man, Shyamal Anadkat, Red Avila, Igor Babuschkin,
Suchir Balaji, Valerie Balcom, Paul Baltescu, Haim-
ing Bao, Mohammad Bavarian, Jeff Belgum, and
262 others. 2024. Gpt-4 technical report. Preprint,
arXiv:2303.08774.

Kishore Papineni, Salim Roukos, Todd Ward, and Wei-
Jing Zhu. 2002. Bleu: a method for automatic eval-
uation of machine translation. In Proceedings of
the 40th Annual Meeting of the Association for Com-
putational Linguistics, pages 311-318, Philadelphia,
Pennsylvania, USA. Association for Computational
Linguistics.

Ricardo Rei, Nuno M. Guerreiro, José Pombal, Daan van
Stigt, Marcos Treviso, Luisa Coheur, José G. C. de


https://doi.org/10.18653/v1/2025.wat-1.3
https://doi.org/10.18653/v1/2025.wat-1.3
https://doi.org/10.18653/v1/2025.wat-1.2
https://doi.org/10.18653/v1/2025.wat-1.2
https://doi.org/10.18653/v1/2025.wat-1.2
https://doi.org/10.1162/tacl_a_00437
https://doi.org/10.1162/tacl_a_00437
https://doi.org/10.18653/v1/2022.wmt-1.2
https://doi.org/10.18653/v1/2022.wmt-1.2
https://doi.org/10.18653/v1/2022.wmt-1.2
https://research.nii.ac.jp/ntcir/workshop/OnlineProceedings6/NTCIR/78.pdf
https://research.nii.ac.jp/ntcir/workshop/OnlineProceedings6/NTCIR/78.pdf
https://emjotde.github.io/publications/pdf/mjd2016coppa.pdf
https://emjotde.github.io/publications/pdf/mjd2016coppa.pdf
https://emjotde.github.io/publications/pdf/mjd2016coppa.pdf
https://doi.org/10.18653/v1/2024.wmt-1.35
https://doi.org/10.18653/v1/2024.wmt-1.35
https://doi.org/10.18653/v1/2023.wmt-1.64
https://doi.org/10.18653/v1/2023.wmt-1.64
https://doi.org/10.18653/v1/2023.wmt-1.64
https://aclanthology.org/2023.eamt-1.19/
https://aclanthology.org/2023.eamt-1.19/
https://aclanthology.org/2023.eamt-1.19/
https://aclanthology.org/2024.lrec-main.826/
https://aclanthology.org/2024.lrec-main.826/
https://aclanthology.org/2024.lrec-main.826/
https://doi.org/10.18653/v1/2025.wat-1.1
https://doi.org/10.18653/v1/2025.wat-1.1
https://openai.com/index/introducing-gpt-5-2/
https://openai.com/index/introducing-gpt-5-2/
https://arxiv.org/abs/2303.08774
https://doi.org/10.3115/1073083.1073135
https://doi.org/10.3115/1073083.1073135

Souza, and André F. T. Martins. 2023. Scaling up
CometKiwi: Unbabel-IST 2023 submission for the
quality estimation shared task. In Proceedings of the
Eighth Conference on Machine Translation, pages
841-848, Singapore. Association for Computational
Linguistics.

Ricardo Rei, Craig Stewart, Ana C Farinha, and Alon
Lavie. 2020. COMET: A neural framework for MT
evaluation. In Proceedings of the 2020 Conference on
Empirical Methods in Natural Language Processing
(EMNLP), pages 2685-2702, Online. Association for
Computational Linguistics.

Ricardo Rei, Marcos Treviso, Nuno M. Guerreiro,
Chrysoula Zerva, Ana C Farinha, Christine Maroti,
José G. C. de Souza, Taisiya Glushkova, Duarte Alves,
Luisa Coheur, Alon Lavie, and André F. T. Martins.
2022. CometKiwi: IST-unbabel 2022 submission for
the quality estimation shared task. In Proceedings
of the Seventh Conference on Machine Translation
(WMT), pages 634—645, Abu Dhabi, United Arab
Emirates (Hybrid). Association for Computational
Linguistics.

Felipe Soares, Mark Stevenson, Diego Bartolome, and
Anna Zaretskaya. 2020. ParaPat: The multi-million
sentences parallel corpus of patents abstracts. In
Proceedings of the Twelfth Language Resources and
Evaluation Conference, pages 37693774, Marseille,
France. European Language Resources Association.

Masao Utiyama and Hitoshi Isahara. 2007. A Japanese-
English patent parallel corpus. In Proceedings of Ma-
chine Translation Summit XI: Papers, Copenhagen,
Denmark.

Ran Zhang, Wei Zhao, Lieve Macken, and Steffen Eger.
2025. LiTransProQA: An LLM-based literary trans-
lation evaluation metric with professional question
answering. In Proceedings of the 2025 Conference on
Empirical Methods in Natural Language Processing,
pages 29099-29121, Suzhou, China. Association for
Computational Linguistics.

A Prompts Used for Each Method in
Experiments

This appendix presents the prompts used for
GEMBA-DA, GEMBA-MQM and dimension ab-
lation study in our experiments, as shown in Fig-
ures 4-11

B Case Studies for Dimension Ablation

We select two cases for each translation direc-
tion based on the scores obtained using the single-
dimension prompt variants: one where the av-
erage single-dimension score across dimensions
A—C exceeds that across dimensions D-E by the
largest margin, and one in which the average single-
dimension score across dimensions D-E exceeds
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that across dimensions A—C by the largest margin.
The five dimensions A—E concern [A] Content Fi-
delity, [B] Element Coverage, [C] Claim Scope &
Logical Constraints, [D] Claim Form & Syntactic
Requirements, and [E] Fluency & Grammaticality.
Tables 5-8 present the four selected examples. All
calculations use unrounded values, while the scores
reported in the tables are rounded to two decimal
places.

In both cases where the average score for dimen-
sions D-E is lower than that for dimensions A-C,
the translation fails to preserve the single-sentence
structure of the patent claim (D1: no). Moreover,
in the EN-JA example where the average score for
dimensions A—C is higher than that for dimensions
D-E (Table 7), the same sentence-splitting also af-
fects the judgment for C1, resulting in an answer of
“partial”, because, according to the LLM’s expla-
nation, splitting the claim may marginally blur the
intended single-claim constraint framing.
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Score the following translation from {source_lang} to{target_lang} on a continuous
scale from 0 to 100, where a score of zero means "no meaning preserved" and score
of one hundred means "perfect meaning and grammar".

2
3 {source_lang} source: "{source_segl}"
4 {target_lang} translation: "{target_segl}"
5 Score:
Figure 4: Prompt for GEMBA-DA.
1 (system) You are an annotator for the quality of machine translation. Your task is to
identify errors and assess the quality of the translation.
2
3 (user) {source_lang} source:
4 ~~"{source_seg} "
5 {target_lang} translation:
6 "~ {target_seg} "
7
8 Based on the source segment and machine translation surrounded with triple backticks,

10

11
12

identify error types in the translation and classify them. The categories of errors
are: accuracy (addition, mistranslation, omission, untranslated text), fluency (
character encoding, grammar, inconsistency, punctuation, register, spelling), style
(awkward), terminology (inappropriate for context, inconsistent use), non-
translation, other, or no-error.
Each error is classified as one of three categories: critical, major, and minor.
Critical errors inhibit comprehension of the text. Major errors disrupt the flow, but
what
the text is trying to say is still understandable. Minor errors are technically errors,
but do not disrupt the flow or hinder comprehension.

Figure 5: Prompt for GEMBA-MQM.

N I = Y o S

e e
[ Y N N S =)

You are an expert evaluator of MACHINE TRANSLATION OF PATENT CLAIMS.

Your task is to evaluate the translation quality using a

rubric-based evaluation framework,

implemented explicitly as a CHECKLIST.

This is NOT general prose.

The input is a PATENT CLAIM, which has strict legal and structural constraints.

You must:
(1) Answer ALL checklist questions below using:

- "yes" (no problem)

- "partial" (minor or weakening problem)

"no" (clear or serious problem)

(2) For each question, provide a short justification.
(3) Provide a brief explanation of the evaluation result.
(4) Evaluate SOURCE vs HYPOTHESIS only; no reference is provided.

Figure 6: Shared Part of the Single-Dimension Prompts for Patent-Rubric-Checklist.
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21 [A] CONTENT FIDELITY (Meaning Preservation)

23 Al. Is the core inventive idea (what is being claimed) preserved?
24 A2. Are the technical functions or effects preserved without distortion?
25 A3. Is the translation free from hallucinated technical content not present in the

source?
26
27 -- -—-
28 INPUT FORMAT
29 -- -—-

30 {source_lang} source patent claim:

31 "{source_segl}"

32

33 {target_lang} translated patent claim:
34 "{target_segl}"

35

36 —mmm—mmmm———m——— e

37 OUTPUT FORMAT (JSON ONLY)

38 —mmmmmmmmmmm——— -

39

40 {{

41 "checklist_answers": {{

42 "A1": {{"answer": "yes", "justification": "Short justification."}},
43 "A2": {{"answer": "yes", "justification": "Short justification."}},
44 "A3": {{"answer": "yes", "justification": "Short justification."}}
45},

46 "overall_explanation": "Brief explanation of the evaluation result in 1-2 sentences."
47 1}

Figure 7: Prompt for Patent-Rubric-Checklist with Only Dimension A: Rubric, Checklist Items and Input/Output
Format.
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18 CHECKLIST (PATENT-CLAIM-SPECIFIC)

19 —-——————————————————-

20

21 [B] ELEMENT COVERAGE (Completeness)

22

23 B1l. Are all essential claim elements translated (no omissions)?

24 B2. Are relationships between elements (having, connected to, arranged on, etc.)

preserved?

25 B3. Are quantities, ranges, or conditions (e.g. "at least one", numerical ranges)
preserved?

26

27 -- -—=

28 INPUT FORMAT

29 -- -—=

30 {source_lang} source patent claim:

31 "{source_segl}"

32

33 {target_lang} translated patent claim:
34 "{target_segl}"

35

36 —mmmmmmmom oo

37 OUTPUT FORMAT (JSON ONLY)

38§ —mmmmmmmmm oo

39

40 {{

41 "checklist_answers": {{

42 "B1": {{"answer": "yes", "justification": "Short justification."}},
43 "B2": {{"answer": "yes", "justification": "Short justification."}},
44 "B3": {{"answer": "yes", "justification": "Short justification."}}
45 11,

46 "overall_explanation": "Brief explanation of the evaluation result in 1-2 sentences."
47 3}

Figure 8: Prompt for Patent-Rubric-Checklist with Only Dimension B: Rubric, Checklist Items and Input/Output
Format.
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17 -- —
18 CHECKLIST (PATENT-CLAIM-SPECIFIC)

19 -- -

20

21 [C] CLAIM SCOPE & LOGICAL CONSTRAINTS (CRITICAL)

22

23 Cl. Is the claiming scope preserved?

24 (e.g., "comprising" vs "consisting of", "characterized in that")
25 C2. Are constraint clauses correctly attached?

26 (e.g., "wherein", "HiFEOOM~")

27 C3. Are coordination vs modification relations preserved?

28 (e.g., A and B that each have C, NOT A and (B that has C))
29

30 —mmmmmmmm oo

31 INPUT FORMAT

32 —mmmmmmmmmm e

33 {source_lang} source patent claim:

34 "{source_segl}"

35

36 {target_lang} translated patent claim:
37 "{target_segl}"

38

39 -- -

40 OUTPUT FORMAT (JSON ONLY)

41 -- -

42

43 {{

44 "checklist_answers": {{

45 "C1": {{"answer": "yes", "justification": "Short justification."}},
46 "C2": {{"answer": "yes", "justification": "Short justification."}},
47 "C3": {{"answer": "yes", "justification": "Short justification."}}
48 1},

49  "overall_explanation": "Brief explanation of the evaluation result in 1-2 sentences."
50 }}

Figure 9: Prompt for Patent-Rubric-Checklist with Only Dimension C: Rubric, Checklist Items and Input/Output
Format.
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17 -- —
18 CHECKLIST (PATENT-CLAIM-SPECIFIC)
19 -- ---

21 [D] CLAIM FORM & SYNTACTIC REQUIREMENTS

23 D1. Is the translation written as a SINGLE SENTENCE claim?

24 D2. Is the claim type preserved (apparatus / method / composition, etc.)?
25 D3. Is antecedent basis consistent?

26 (a/the/said, HizE~)

27 D4. Does the translation avoid narrative or explanatory prose style?

29 -- -—=

30 INPUT FORMAT

31 -- -—=

32 {source_lang} source patent claim:

33 "{source_segl}"

34

35 {target_lang} translated patent claim:
36 "{target_segl}"

37

3§ —mmmmmmmmmmmmmm———o

39 QUTPUT FORMAT (JSON ONLY)

40 —mmmmmmmmmmmmmm e

41

42

43 "checklist_answers": {{

44 "D1": {{"answer": "yes", "justification": "Short justification."}},
45 "D2": {{"answer": "yes", "justification": "Short justification."}},
46 "D3": {{"answer": "yes", "justification": "Short justification."}},
47 "D4": {{"answer": "yes", "justification": "Short justification."}}
48 1},

49  "overall_explanation": "Brief explanation of the evaluation result in 1-2 sentences."
50 }}

Figure 10: Prompt for Patent-Rubric-Checklist with Only Dimension D: Rubric, Checklist Items and Input/Output
Format.
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17 -- -—
18 CHECKLIST (PATENT-CLAIM-SPECIFIC)
19 -- -—

21 [E] FLUENCY & GRAMMATICALITY

23 E1. Is the translation grammatically correct in the target language?
24 E2. Is it stylistically appropriate for patent claims?
25 E3. Is the sentence readable and not excessively awkward or ambiguous?

27 - -
28 INPUT FORMAT

29 -- -—

30 {source_lang} source patent claim:
31 "{source_segl}"

33 {target_lang} translated patent claim:
34 "{target_segl}"

35

36 —mmmmmmmmm oo

37 OUTPUT FORMAT (JSON ONLY)

38 —mmmmmmmmm e

39

40 {{

41 "checklist_answers": {{

42 "E1": {{"answer": "yes", "justification": "Short justification."}},
43 "E2": {{"answer": "yes", "justification": "Short justification."}},
44 "E3": {{"answer": "yes", "justification": "Short justification."}}
45},

46 "overall_explanation": "Brief explanation of the evaluation result in 1-2 sentences."
47 }},

Figure 11: Prompt for Patent-Rubric-Checklist with Only Dimension E: Rubric, Checklist Items and Input/Output
Format.
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Source Text

[7A>RIE 3] NADHIFLZ b 7 v FDZhehns, ATRCHERE D O Z AR T I E o835 (N x 2 -
1) AonHfRovThhrciEEh, 1M ENRBTHEIN LT, #iEeR bZ v MR O MAERRE.
N x360,/ (Nx2-1) BEOWTHHrTH S, 5KE1 XX 2 il OHEELRE,

MT Output

[Claim 3] In a propulsion device according to Claims 1 or 2, each of the N aforementioned struts is positioned along one of
the (Nx2 — 1) dividing lines that evenly divide the area around the axis line in a circumferential direction. For N* where 1
=< N’ < N, the angular spacing between the struts is either N’x360/(Nx2 — 1) degrees.

Dimension A

Checklist answers: A1: partial, A2: yes, A3: yes

Opverall explanation: The translation largely preserves the claim’ s technical meaning and mathematical constraints. The
main issue is a minor loss of legal precision regarding whether N’ is explicitly an integer/natural number, which could
slightly broaden interpretation.

Rule-based score: 83.33

Dimension B

Checklist answers: B1: yes, B2: yes, B3: yes

Overall explanation: The translation preserves the claim’ s structural elements, inter-element relationships, and mathe-
matical/conditional limitations. Any wording differences (e.g., “area around the axis line” ) do not materially change the
technical/legal constraints expressed in the source.

Rule-based score: 100.00

Dimension C

Checklist answers: C1: partial, C2: yes, C3: yes

Overall explanation: The translation is structurally faithful and preserves the main logical constraints of the claim. The
only notable issue is a slight potential weakening/ambiguity in expressing the “one of’ set-selection over N’ values as
“either” and as a per-N’ phrasing.

Rule-based score: 83.33

Dimension D

Checklist answers: D1: no, D2: yes, D3: partial, D4: partial

Overall explanation: The translation generally preserves the technical/legal content and claim type, but it violates a key
formal requirement by breaking the claim into two sentences. Minor issues also exist with antecedent tightness and slightly
explanatory phrasing.

Rule-based score: 50.00
Dimension E
Checklist answers: E1: yes, E2: partial, E3: partial

Overall explanation: The translation is grammatically correct and largely understandable, but it is slightly non-idiomatic
for patent-claim style and introduces mild ambiguity/awkwardness in key geometric phrasing and in expressing the set of
allowable angular spacings.

Rule-based score: 66.67
Score Summary

A—C average: 88.89

D-E average: 58.33

Gap: 30.56

Human evaluation score: 50

Table 5: A JA-EN Case Where the Average Single-Dimension Score for Dimensions A—C Is Higher than That for
Dimensions D-E.
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Source Text

[FERIE 1] K€ ORI DD TR TIE A ETRER S 1 IR0 . AIREEE LR T DR S Z e BT E B EDHE
Ao, BELE LIRDEBTE O S Z & AT ERWERE DR DN T HEYTEHPIEER S 2 IR L . 20 X
AIRCER 2 IR EE. AN SN HiE0e %, #iEE 1 IR 2R T 258 1Ak &, BiEdss 1 IRGEZRAH L 2w
B 2RO LD VTN DOREICHII T 2 CHIIE b L BIELEE 2 /g e o, N (NUZ 1 DL Lo
B) HoR—rrk (KIZ2MEOBE) HoR—-1teZ2BAL, AIRNEOR—TFDVWTALDKR— MTAX
NRTED R, MOFTELES 2 IRV ER N TV BRI KEADO R - DV ThArDR—- M2 5HIT 5N x k
<MYy I RHRA v F e, Bl A, BIRCEHIIERE. HARBICB W THERM OISR BT 25813 AT
INTRIRENZE DR & DETEE 1 RRICH I L, KT 7 A NHEADOHASREHELT 258 A T S Nz
Hex D b BRI 2 I 1T 5. ZMZ 20K — FEE,

MT Output

1. An optical node apparatus comprising: a first distribution unit configured to switch an optical path of a specific type of
light; and a second distribution unit configured to switch optical paths of: (i) a specific type of light that can be handled by
the first distribution unit; and (ii) a specific type of light that cannot be handled by the first distribution unit, the second
distribution unit comprising: a light output unit configured to output the input light to at least one of: (i) a first path that
passes through the first distribution unit; and (ii) a second path that does not pass through the first distribution unit; and an
N x k matrix optical switch provided on the second path and having N (N is an integer equal to or greater than 1) ports and
k (k is an integer equal to or greater than 2) ports, each of the k ports being connected to another second distribution unit,
the N x k matrix optical switch being configured such that light input to any one of the N ports is output from any one of
the k ports; wherein: when establishing an optical path between terminals on a wavelength basis, the light output unit is
configured to output the input light to at least the first path; and when establishing an optical path on an optical fiber basis,
the light output unit is configured to output the input light to at least the second path.

Dimension A

Checklist answers: Al: yes, A2: partial, A3: partial

Overall explanation: The translation largely preserves the claimed apparatus and its conditional routing behavior, with
only a minor fidelity risk where the connectivity of the k ports is overstated (universalized) compared to the Japanese,
slightly narrowing/altering the technical scope.

Rule-based score: 66.67

Dimension B

Checklist answers: B1: partial, B2: partial, B3: partial

Overall explanation: The translation largely preserves the claim’ s elements and structure, but it introduces a potentially
material scope change by strengthening the connectivity requirement for the k ports (from ’any of the k ports’ to ’each of
the k ports’), which can affect legal completeness and relationships.

Rule-based score: 50.00
Dimension C
Checklist answers: C1: partial, C2: partial, C3: yes

Overall explanation: The translation mostly preserves the claim’ s structure and functional limitations, but it introduces
a notable scope/logic deviation around the Nxk switch’ s k-port connectivity/output constraint, potentially altering the
claimed network connection requirement.

Rule-based score: 66.67

Dimension D

Checklist answers: D1: yes, D2: yes, D3: partial, D4: yes

Overall explanation: Overall, the translation conforms well to patent-claim form and preserves the apparatus nature and
structure. The main issue is a minor antecedent-basis looseness around “the input light,” which could be tightened for
stricter claim clarity.

Rule-based score: 87.50

Dimension E

Checklist answers: E1: yes, E2: yes, E3: partial

Overall explanation: The translation is fluent and largely conforms to patent-claim English, with correct grammar and
conventional claim drafting patterns. Minor awkward constructions introduce some interpretive ambiguity, but do not
render the claim unreadable.

Rule-based score: 83.33
Score Summary

A-C average: 61.11

D-E average: 85.42

Gap: -24.31

Human evaluation score: 60

Table 6: A JA-EN Case Where the Average Single-Dimension Score for Dimensions D-E Is Higher than That for
Dimensions A—C.
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Source Text

1. A system including a first electronic device and a cell phone, the first electronic device including a processor and a wired
or wireless interface to a network, said first electronic device being adapted to respond to user instructions by changing
device state, the cell phone being equipped with a camera and a touchscreen, characterized in that the first electronic device
lacks buttons by which the user instructions can be entered, the cell phone being adapted to communicate with the first
electronic device over said network, the cell phone further including software instructions adapted to present on the cell
phone touchscreen a user interface including Up and Down buttons by which a user can enter user control instructions for
transmission to said first electronic device to control said device state, the software instructions also including instructions
to obtain identification information corresponding to the first electronic device by decoding information from a 2D machine
readable code on the first electronic device that is sensed by a camera of the cell phone, to thereby authorize the cell phone
to interact with the first electronic device.

MT Output
LE1IOBTFHEBLEREFHTEVI AT LTH- T, %1@ EEII 7oty P e, 2y N —IADOER
it@ﬁﬁ4/& T2—2AREATBY, TOHE1DE %u: PHRICIG U TRBEORREEZZ(LXE 3

ZETIRET 2 LIl Eh, HHEFIEIAIA TRy FRAI ) = PEHENTVWE, KT AL, H 1

éﬁ? RENL—THRREANTEDORX U 2HELTEHT, #HWEFEIYZAY PV =2 2N LTHE 1D
KELBEET I LITEREIN TV IREEZRME T2, 251, HFEFHICE, BTEFOXyFRI7 Y —

/Lklwﬁ%/& 71~X%ﬁ??éi9k@méﬁty7FW17ﬁT#a§hT%D\;®1~ﬁ4/

X—T7 2 —ZNE L TFRE VPRI LNTED, 2—HFREZORXVZHWTE | OB FEEISEEFEL TERE

K2 IS 2 7202 —YHilfHERZ AT 2 Z Z#T%éo;h6®V7FW17ﬁﬁKM\ﬁﬁ%£®ﬁ

AW X o THRAIENSE 1| OBBFEE LD 2 KTHEMGIAIR D ATRED — P S BMEMEHT 22 8I1I2ED, B

1 OB FEEICNGS 2AERZIG T 2R S ENTE D, ZAC X DEBHETNIE | 0B TFEELHA

BT 2 Z 2 2303 2,

Dimension A

Checklist answers: Al: yes, A2: yes, A3: yes

Overall explanation: FHERIIEERIAD FERERCEL: & #EERIRIMR (UL 12 & 2 HlEFERIX(E, 2D o — F&HEW DT K

B ARAIEARE L AT 2Bl LT D . ORI R B AR R AL,

Rule-based score: 100.00

Dimension B

Checklist answers: B1: yes, B2: yes, B3: yes

Overall explanation: The Japanese claim translation is complete and preserves the structural relationships and functional

limitations of the English claim. No material loss of elements, conditions, or inter-element dependencies is observed.

Rule-based score: 100.00

Dimension C

Checklist answers: C1: partial, C2: yes, C3: yes

Overall explanation: The Japanese translation preserves the main claim scope and the logical attachment of limitations,
with correct nesting of functional features. The only notable issue is a mild structural shift by splitting the claim into
multiple sentences around the “characterized” portion, which could marginally blur the intended single-claim constraint
framing.

Rule-based score: 83.33

Dimension D

Checklist answers: D1: no, D2: partial, D3: partial, D4: no

Overall explanation: FZfiNAE B ARIEZELAMNE L TW2 DD, RIXPEBCCHEIS ., FHEOERGE %
AL T\, REraERoO#iFE Y UL TOR— - BB S F. IRNHEEYE RiRdBERo RS ) ?655'
FoTW5,

Rule-based score: 25.00

Dimension E

Checklist answers: E1: yes, E2: partial, E3: partial
Overall explanation: SGERNIZIIMARIF TR HIEBEZX 25—/, fKEE LTI HEl e ERFARHICE D, 7
L — 2 O—{K M - BREBROPHEX AIRRHE > T2,
Rule-based score: 66.67

Score Summary

A-C average: 94.44

D-E average: 45.83

Gap: 48.61

Human evaluation score: 45

Table 7: An EN-JA Case Where the Average Single-Dimension Score for Dimensions A—C Is Higher than That for
Dimensions D-E.
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Source Text

1. A method for unmanned aerial vehicle handover, comprising: determining, by a source base station, that one or more
base stations meet one or more handover conditions based on a measurement report from an unmanned aerial vehicle;
determining, by the source base station, a candidate base station that has completed a handover preparation among the one
or more base stations meeting the one or more handover conditions; handing over, by the source base station, the unmanned
aerial vehicle to the candidate base station meeting the one or more handover conditions; determining, by the source
base station, one or more accessible base stations based on a flight path of the unmanned aerial vehicle and geographical
location information of the one or more accessible base stations; selecting, by the source base station, a base station from
the one or more accessible base stations based on a flight speed, a flight altitude, or the flight speed and the flight altitude
of the unmanned aerial vehicle, wherein the selected base station is to perform a handover preparation operation, and the
accessible base station is a base station that the unmanned aerial vehicle is able to access when flying according to the
flight path; performing, by the source base station, a handover preparation operation for handing over the base station that
is to perform the handover preparation operation; and determining, by the source base station, the base station that has
successfully performed the handover preparation as the candidate base station that has completed the handover preparation.
MT Output

1 DGR DEM R DIEENZERE D S DRE L A — MTESWT 1 OXUIEBD N> R A = ff 2 i3 2
& fc&‘?)&i@”% Ze i, miEt 1 o XIFEED N Fﬂ‘j/‘\%ﬁ:%?ﬁﬁfzﬁ" 1 O FEBOEM)FH D 5 Hy NV R —
U 52 T U7 BEEHOR R UGRS3 © ¥ ¥ fE 1 OSBRI N> F A — Gl i L B LA
ICHTRCIE AR Z N> R —Ng % 2 b b ATRCIEAMTZER O A THER S O 1 D3I D 7 7 & A RJRETR ik
HOJR) D HUEA T BB DT, Rl | D SURBIR® 7 27 A TRE B EHUR 2 SE T 5 2 & b Rl A2
BORITIREL, RATREL, SUIATRCA T R QAT TRZICES W T, fifad 1 DX D 7 7 & X ATRER
HEHF 25 1 DOHMRERINT 5 2 L ThoT, MRS MR, N> FF— NEERBIE 2T 2
B Tcdh D, W7 7 & AATEEREMRIE. ATRLAI TIEEICHE > TRIT T 5 & EICHTGCIEAMIZEE A 7 27 £ 2
ARER IR TH 5, ST 5 O ¥ v A KA — SHERTIE R ST 3 5 JEHBJR T AT LT | A — <o
BEZFATT 5 & & filRi Y R4 — U2 5 1 U CARRIE R & U CL BTG > B — % (R
WRT LRHEMREZRET 22, 280, BAMEEAN Y P4 — AT,

Dimension A

Checklist answers: Al: partial, A2: partial, A3: yes

Overall explanation: The translation largely preserves the claimed method steps and technical dependencies, but it
weakens fidelity by dropping explicit attribution to the source base station and by slightly distorting the phrasing of the
handover-preparation step, which could impact claim clarity/scope.

Rule-based score: 66.67

Dimension B

Checklist answers: B1: partial, B2: partial, B3: yes

Overall explanation: The Japanese translation largely covers the claim steps and preserves key conditions and quantifiers,
but it weakens legal precision by omitting the repeated limitation that actions are performed by the source base station and
by introducing some ambiguity in the handover-preparation-for-handover relationship.

Rule-based score: 66.67

Dimension C

Checklist answers: C1: partial, C2: partial, C3: partial

Overall explanation: The translation largely preserves the claim’ s overall structure and major limitations, but a critical
mid-to-late step concerning the handover preparation operation is rendered with an altered object/relationship, and the
"wherein’ attachments are somewhat entangled, potentially affecting claim logic and scope.

Rule-based score: 50.00

Dimension D

Checklist answers: D1: yes, D2: yes, D3: partial, D4: yes

Overall explanation: £k ¥ LCH—ZD A7 L— 4k LTORRIMRINTE D, FPEME I TF, —F
gggﬁj@H%ﬁ@&%%u&ﬁ@%ﬁ%b\%ﬁﬁ@ﬁ%ﬁtmi%%%*ﬁ%ﬁ@%#ﬁ@ﬁt%ﬁﬁ%
Rule-based score: 87.50

Dimension E

Checklist answers: E1: partial, E2: yes, E3: partial

Overall explanation: FfEFaEKIH e U TOMRIK e HEEEH IIMIEY T, R2FDOEKRDIBRZ 2. W22
FRCiR D320 - BRUGEBIRA R B AR TR G & B RRE T LTV 5,

Rule-based score: 66.67

Score Summary

A-C average: 61.11

D-E average: 77.08

Gap: -15.97

Human evaluation score: 65

Table 8: An EN-JA Case Where the Average Single-Dimension Score for Dimensions D-E Is Higher than That for
Dimensions A—C.
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Machine-Translated Bengali in the Wild: A Provenance Benchmark
and a Detector-Flagged Shift Toward Translation in Common Crawl
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Abstract

Low-resource Asian machine translation draws
on monolingual web text from Common Crawl.
We ask what share of Bengali Common
Crawl a detector flags as machine output, and
whether it moves with translation or genera-
tion. We introduce BanglaGen-Bench, a 2,700-
document Bengali benchmark with human-
written, English-to-Bengali machine-translated
and LLM-generated classes, and a stylometric
detector that needs no Bengali-specific tool-
ing. Translatedness did not transfer between
the two NMT systems we tested: a detector
trained only on NLLB-200 output recognises
mBART-50 output 5.67% of the time, and the
reverse 0.00%, while mixed-system training
reaches 99.3% on held-out documents of a
seen system. A detector trained on dedicated
NMT catches an LLM prompted to translate
20 times in 100, against 97 when the same
model generates. Across four snapshots (2018-
2026), the detector-flagged non-human share
rises from 2.13% to 6.20%, and after 2023 the
flagged movement is on the translation side:
the MT-flagged share climbs from 0.30% to
3.48%, while the LLM-flagged share peaks and
falls. These are flagged shares, not validated
prevalence: on the only independent Bengali
corpus available, which has no translated text,
the detector scores 62.7% against 97.3% in-
benchmark. The benchmark, checkpoints and
scripts will be released.

1 Introduction

Machine translation for Asian languages is built on
monolingual web text. Back-translation converts
target-side monolingual data into synthetic parallel
data (Edunov et al., 2018); bitext mining scores
candidate pairs drawn from crawls; and the pre-
trained models that initialise low-resource systems
are trained on Common Crawl derivatives such
as CCNet (Wenzek et al., 2020), OSCAR (Abadji
et al., 2022) and MADLAD-400 (Kudugunta et al.,
2023). For Bengali and its Indic neighbours, where

Jeba Afia Khan
BRAC University
Dhaka, Bangladesh
jeba.afia.khan@g.bracu.ac.bd

curated parallel data is scarce, the dependence is
heavier still: Samanantar (Ramesh et al., 2022) and
IndicTrans2 (Gala et al., 2023) both lean on web-
derived material, as does NLLB-200 (NLLB Team
et al., 2024).

That pipeline closes on itself if the web is already
machine-translated. Thompson et al. (2024) show,
using multi-way parallelism, that a large share of
web text is MT output and that the effect is worst ex-
actly where data is scarcest. Training on such data
is a form of self-consumption (Shumailov et al.,
2024), and the translationese it carries is known to
distort both models and the test sets used to eval-
vate them (Riley et al., 2020; Zhang and Toral,
2019; Bogoychev and Sennrich, 2019). Audits
of web-crawled multilingual corpora have docu-
mented serious quality problems in low-resource
languages (Kreutzer et al., 2022; Caswell et al.,
2020), but none measures the machine-translated
share of a single Asian language across the period
in which neural MT and instruction-tuned LLMs
both reached scale.

Bengali is an instructive case. It has more than
270 million speakers and an active web presence,
it is a target language in every major Indic MT
effort, and yet no resource separates human-written,
machine-translated and directly LLM-generated
Bengali text. Without that separation one cannot
tell whether a rise in machine-produced web text is
an MT problem or a generation problem — and for a
translation workshop those are different problems
with different remedies. The gap is instrumentation:
before proposing filters for MT training corpora,
we need to be able to measure what is in them.

Research questions. RQ1 (Sections 3—4): can
human-written, machine-translated and LLM-
generated Bengali be told apart when provenance
is known? We introduce BanglaGen-Bench, a
labelled three-class benchmark with a disclosed
multi-system mix per synthetic class, to be released
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with checkpoints and code. RQ2 (Section 5): does
learned translatedness transfer across MT systems,
and across one model’s roles as generator and as
translator? Here every label is known, and transfer
fails twice. RQ3 (Section 6): how do detector-
flagged shares of Bengali Common Crawl change
from 2018 to 2026, and do they move toward trans-
lation or generation? RQ3 concerns predicted la-
bels, not verified provenance; Section 7 reports
the external check that bounds it. None of these
questions is new on its own (Section 2); what is
new is asking them together, for one low-resource
Asian language, with translation and generation
kept apart.

What this paper measures, and what it does
not. No oracle exists for whether a given web
document was machine-produced. Our detector
is trained on constructed classes — text we trans-
lated and text we generated — and applied to text
whose provenance nobody knows, so everything
downstream estimates the share of documents a
particular detector flags, not prevalence; we use
detector-flagged share in that literal sense. The gap
is real: on the only independently labelled Bengali
corpus we could obtain, the detector scores 62.7%
against 97.3% in-benchmark, and that corpus has
no translated text (Section 7), so we call the trend
preliminary. The cross-system results of Section 5
do not share this limit, because there we produced
every document.

2 Related Work

Translationese and its detection. That trans-
lated text is systematically distinguishable from
originally authored text is a long-standing result
(Baroni and Bernardini, 2006; Koppel and Ordan,
2011; Rabinovich and Wintner, 2015), established
mostly on clean, parallel-aligned corpora in high-
resource European languages. Our setting differs
on three axes at once: noisy extracted web text, a
low-resource Asian language with no comparable
resources, and a three-way taxonomy that separates
translation from direct generation. The last matters
because a two-class human-versus-Al scheme can-
not see the flagged composition shift we report in
Section 6.2.

Machine-translated text in MT training data.
Translationese in synthetic data measurably
changes what a system learns (Edunov et al., 2018;
Bogoychev and Sennrich, 2019) and what evalua-

tion measures (Zhang and Toral, 2019); tagging it
explicitly helps (Riley et al., 2020). Thompson et al.
(2024) is the closest prior work to our measure-
ment: they detect MT output on the web through
multi-way parallelism across languages, and find
low-resource languages worst affected. Our ap-
proach is complementary and independent in its
failure modes — monolingual stylometry within one
language, tracked over time, and separating MT
from LLM generation, neither of which multi-way
parallelism addresses. Marie et al. (2021) is the
methodological precedent we try to follow in re-
porting what failed.

Crawl quality for low-resource languages.
Kreutzer et al. (2022) audit web-crawled multi-
lingual datasets and find substantial mislabelling
and low-quality content, concentrated in exactly
the languages that most need the data; Caswell
et al. (2020) document the language-ID failures
underneath. These audits are cross-sectional. He
et al. (2026) find off-the-shelf detectors weak on
LLM-dominant crawl and web data, which is one
motivation for our multi-method audit; Longpre
et al. (2024) study data age, coverage and quality;
Cheng et al. (2025) survey contamination detection
more broadly.

Indic and Bengali resources. IndicCorp (Kak-
wani et al., 2020), Samanantar (Ramesh et al.,
2022), IndicTrans2 (Gala et al., 2023), MADLAD-
400 (Kudugunta et al., 2023) and BanglaBERT
(Bhattacharjee et al., 2022) filter for language, du-
plicates and quality, but none filters for, or reports,
machine-produced source text. That is the practical
gap this paper addresses.

Machine-generated text detection. DetectGPT
(Mitchell et al., 2023) and Binoculars (Hans et al.,
2024) use probability curvature and cross-model
perplexity; both need a strong target-language ref-
erence model, which is harder to obtain for Bengali,
whereas our stylometric method needs none. Wu
et al. (2025) identify out-of-distribution generali-
sation and weak evaluation as the open problems
in this area, and our Section 7 is an instance of
both. MULTITuDE (Macko et al., 2023) and RAID
(Dugan et al., 2024) cover multilingual and adver-
sarial robustness but not Bengali. Ansary (2025),
Islam et al. (2025) and Ammar et al. (2025) report
91-99% on curated two-class Bengali and Urdu
detection; none separates translation from genera-
tion or tests noisy crawl text. Dycke et al. (2026)
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warn that narrow Al classes fail on messier real Al
text, a limitation our classes share and our external
evaluation confirms.

3 BanglaGen-Bench

All three classes are built from, or matched to, the
same pool of Bengali Wikipedia article titles, so
that provenance rather than topic is the primary axis
of variation. Table 1 summarises the composition.

Human-written class. Human text comes from
two sources with strong prior odds against machine
authorship: a stratified, fastText-filtered sample
of CC-MAIN-2018-17, which predates instruction-
tuned LLMs at web scale, and randomly drawn
current Bengali Wikipedia articles, whose editorial
norms make wholesale LLM authorship compara-
tively rare (576 and 324 documents respectively).
Neither is assumed to be free of machine content,
and Section 6.3 treats that assumption as the load-
bearing one it is.

Machine-translated class. The mt class was pro-
duced by translating extracts of English Wikipedia
articles into Bengali (en — bn), matched to the
shared title pool through interlanguage links, ini-
tially with NLLB-200 distilled 600M (NLLB Team
et al., 2024) alone. Each mt document is therefore
a single translation step from an English source, the
same kind of operation that puts machine-translated
Bengali on the web; no round trip through a pivot
language is involved. That configuration failed, in
a way that turned out to be the most transferable
result in the paper; Section 5 reports it. The final
class mixes three systems, each translating English
extracts from topic-disjoint title sets.

LLM-generated class. The Ilm class was di-
rectly prompted, which separates generation from
translation at the point of construction. The dis-
closed mix uses Llama 3.1 8B (Llama Team, Al @
Meta et al., 2024) and Qwen2.5 7B (Qwen Team,
2024), yielding 308 Llama and 592 Qwen doc-
uments. Llama only partly fit the available 4GB
GPU while Qwen?2.5 fit and ran roughly 3.4 x faster,
which produced the uneven split; the constraint is
disclosed rather than presented as a design choice.

Crawl samples and corpus integrity. Four
snapshots run through an identical fetch, clean
and dedup pipeline: CC-MAIN-2018-17 as a pre-
LLM baseline, CC-MAIN-2023-06 as an early post-
ChatGPT point, CC-MAIN-2024-30 as an interme-

Class  Source system / origin n
human CC-MAIN-2018-17 sample 576
Bengali Wikipedia 324
mt NLLB-200 distilled 600M 626
mBART-50 204
Mistral 7B (training only) 70
lIm Qwen2.5 7B 592
Llama 3.1 8B 308
Total 2,700

Table 1: Benchmark composition. All mt documents
are extracts of English Wikipedia articles translated into
Bengali in a single step (en — bn). The multi-system
mix is a consequence of Section 5, not a design pref-
erence: a single-system mt class does not generalise.
The 70 Mistral translations were added after the unseen-
system test of Section 5.2 and are training-only, so no
held-out-system claim is made for Mistral in the de-
ployed detector.

diate one and CC-MAIN-2026-30@ as the current one.
Two integrity passes collapse within-snapshot near-
duplicates (Jaccard 0.5; a government-portal boiler-
plate family disproportionately affected 2018) and
exclude evaluation documents matching or near-
duplicating benchmark construction data. Final
sizes are 6,579 /9,752 /12,281 / 9,823 documents
over 2,453 /3,993 / 4,793 / 4,435 domains. Do-
main, not document, is the statistical unit through-
out (Section 6.4).

4 Detector

Stylometric baseline. The deployed detector is
a linear SVM over word-boundary-aware charac-
ter n-grams (n € {2,3,4}), TF-IDF weighted.
It is deliberately language-agnostic: it requires
no Bengali morphological tooling and no refer-
ence LLM at inference, which is what makes it
portable to other low-resource Asian languages. It
reaches 97.28% test accuracy on the 405-document
test split and 95.5%=0.7% under five-fold cross-
validation. Class balancing left 600 already-
collected documents (200 per class) unused; the
deployed model scores 96.67% on that disjoint
holdout, with per-class recall within 1.5 points of
the primary test, so the confusion matrix is not an
artifact of one split.

A quality-estimation signal, explored and de-
moted. Following Wastl et al. (2025) and un-
supervised quality estimation (Fomicheva et al.,
2020), we also tried an MT-native feature: the
NLLB-200 log-probability of back-translating each
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document’s leading span to English. It adds 0.99
test points, but McNemar’s exact test finds the gain
not significant (p = 0.21875), so it is used for no
result here (Appendix A.1).

Calibration. Test accuracy is near 100% in
the top nine decision-margin deciles and 78.0%
(n=41) in the lowest; Platt-scaled Brier 0.022
against a constant baseline’s 0.026.

Cross-architecture checks. Two transformer en-
coders were fine-tuned on the identical split and ap-
plied to the same snapshots under the same leakage
guard. BanglaBERT (Bhattacharjee et al., 2022) is
Bengali-pretrained and reaches 98.02% test accu-
racy. XLM-R-base (Conneau et al., 2020) is mas-
sively multilingual rather than Bengali-specialised,
fine-tuned by LoRA (Hu et al., 2022) with rank-8
adapters (0.32% of parameters trainable), because
full fine-tuning exceeded a 4GB GPU.

Why no off-the-shelf baseline. Zero-shot detec-
tors such as DetectGPT and Binoculars need a
strong Bengali reference model (Section 2), and
published Bengali detectors are two-class, so none
can score the mt class without retraining on our
classes; the two encoders above are that retrained,
like-for-like comparison.

5 Translatedness Did Not Transfer Across
NMT Systems

This section reports the results whose provenance
labels we control completely, and which therefore
do not inherit the epistemic limit of Section 1. Their
scope is narrow — two NMT systems, one source
language, one domain — so non-invariance is an
existence result: it shows that invariance cannot be
assumed, not how often it fails.

5.1 Single-system training learns a system

‘We built the mt class with NLLB-200 alone, as
most work of this kind would. Evaluated against
held-out mBART-50 (Tang et al., 2021) translations
of the same kind of source material, that detector
recognised 5.67% of them. Trained the other way
round — mBART-50 only, evaluated on NLLB-200
— it recognised none at all (Table 2). Adding 300
topic-disjoint mBART documents to training raised
accuracy on 300 held-out mBART documents to
99.3% (298/300): held-out documents of a system
seen in training, not an unseen system. (This exper-
iment used a larger mBART-50 pool than the 204
documents in Table 1.)

Training configuration Evaluated on Detected
mt class, single system

NLLB-200 only mBART-50 5.67%
mBART-50 only NLLB-200 0.00%
mt class, mixed systems

NLLB + mBART mBART-50" 99.3%
llm class, single system

Llama only Qwen2.5 97.97%
Qwen2.5 only Llama 99.35%

a genuinely unseen system, two roles
Ilm class, Mistral unseen Mistral, generating  97/100
mt class, Mistral unseen ~ Mistral, translating  20/100%

Table 2: Cross-system generalisation. THeld-out docu-
ments from a system present in training, not a held-out
system; the distinction is load-bearing and we do not
elide it. ¥Measured before the 70 Mistral translations
of Table 1 entered training. The last two rows are the
same unseen model in two roles: generation transfers,
translation does not.

The magnitude matters less than the asymme-
try with the llm class, where single-system train-
ing transfers almost perfectly (97.97% and 99.35%
across systems). Whatever the detector learns from
one NMT system’s output is close to disjoint from
what it needs for another’s, while whatever it learns
from one instruction-tuned LLLM largely covers the
next. The natural reading, for the two systems we
tested, is that “machine-translated” as an empiri-
cally learnable category is, at single-system scale,
a set of system-specific artifacts rather than a prop-
erty of the translation process. Detectors, filters
and quality-estimation heuristics built on one NMT
system’s output should be assumed not to hold for
another until tested, and corpus-cleaning pipelines
that report an MT-filtering step should report which
systems that step was calibrated on.

5.2 Dedicated NMT and LLMs-as-translators
are different problems

The last two rows of Table 2 are the result with
the shortest shelf-life and the largest consequences.
Mistral 7B, held out from the Ilm class entirely, is
caught 97 times in 100 when it generates Bengali.
The same model, prompted to translate fresh En-
glish Wikipedia extracts and absent from the mt
class at the time, is caught 20 times in 100 when
it translates into Bengali; half of its translations
are labelled 1lm and 30 of 100 human. One unseen
model, two roles, a nearly five-fold difference in
detectability.

The mt-class repair of Section 5.1 holds for the
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dedicated NMT systems it was trained on and does
not extend to an LLM prompted to translate. We
then added 70 topic-disjoint Mistral translations
to the mt class (Table 1), which repairs this one
model only. Mistral thus plays four roles, which
we keep apart: unseen generator (97/100), unseen
translator before the repair (20/100), source of 70
training translations after it, and one of the para-
phrasers of Section 5.3. Only the first two are
unseen-system results, and the deployed detector
has not been tested on a dedicated NMT system ab-
sent from its training data. As prompting displaces
dedicated NMT, this blind spot widens without any-
thing in the detector changing, so any estimate of
the machine-translated share of web text, ours in-
cluded, understates LLM-produced translation; the
TPR sweep of Section 6.3 treats it as a parameter
(Appendix A.3).

5.3 Paraphrase robustness, and what one
paraphraser revealed

The standard evasion against text-provenance de-
tectors is paraphrase (Krishna et al., 2023; Hu et al.,
2023; Zha et al., 2025). We paraphrased 80 held-
out mt- and llm-class documents with three local
models (Llama 3.1 8B, Qwen2.5 7B, Mistral 7B)
and, on a 16-document subsample, with Claude
Sonnet 5, then re-scored everything.

The result replicates the system-specificity of
Section 5.1 on the attack side. Mistral evaded
the detector 63.75% of the time; Llama and
Qwen evaded it 0% and 1.3% (n=77-78), so a
two-paraphraser evaluation would have concluded
the detector was robust. Train-split augmentation
with 60 extra paraphrases across the three local
models closes Mistral evasion to 0.00%, and ex-
panding the attack to n=247 and n=251 holds
Llama and Qwen evasion at 0.40%, tightening one-
sided Clopper—Pearson upper bounds to 1.91% and
1.88%. Claude Sonnet 5 was never in the augmen-
tation and is the only paraphraser genuinely held
out from selection: evasion falls from 18.75% to
12.5% (n=16), a one-document movement from
which we take the direction and not the magnitude.

The repair has a cost, and it runs along the
MT/LLM axis again. Generalisation to an unseen
LLM generator regresses from 97% to 78%, while
mt-side detection of Mistral-translated text moves
from 20% to 96% — though Mistral is not fully un-
seen there, since 70 mt-class training documents
are Mistral translations (Table 1), none overlapping
this test. Both detector variants will be released:

Snap. n  Raw  ACC Cluster 95% CI
2018 6,579 2.13% 1.50% [0.21%, 2.32%]
2023 9,752 5.65% 3.63% [2.30%,5.72%]
2024 12,281 5.14% 3.11% [1.74%,5.26%]
2026 9,823 6.20% 4.20% [1.92%, 6.31%]

Table 3: Detector-flagged non-human share per snap-
shot. ACC is the 2018-anchored Adjusted Classify &
Count estimate, whose estimand Section 6.3 qualifies;
the rightmost column is its 95% interval under a boot-
strap that resamples domains rather than documents.

=fi= ACC-corrected

=®= Raw flagged share

Flagged share (%)

T T T T
2018 2023 2024 2026

Common Crawl snapshot

Figure 1: Detector-flagged share by snapshot with
cluster-robust 95% intervals, plotting Table 3. The 2018-
t0-2023 step and the 2023-2026 plateau are the two
features every check in this paper tests.

a robustness-for-generalisation trade, not a strict
improvement.

6 Detector-Flagged Shares in Bengali
Common Crawl

We now apply the deployed detector to each snap-
shot and define the detector-flagged share as
the predicted non-human (mt plus 1lm) propor-
tion. Everything in this section is subject to the
caveat of Section 1 and quantified in Section 7: it
measures changes in predicted labels, not verified
provenance, and a rising flagged share may reflect
change on the web, detector errors that move with
the snapshots, or both.

6.1 Rates

The raw rate rises 2.13% — 5.65% — 5.14% —
6.20%, a 2.9 x relative increase from 2018 to 2026,
or 2.8x under ACC. Every comparison against
2018 is significant (Holm-corrected two-proportion
Z, Pholm =~ 0). Neither 2023-vs-2024 nor 2023-vs-
2026 reaches significance (ppoim = 0.188); 2024-
vs-2026 does (phoim = 0.002), a small naive-rate
rise. Cohen’s h against 2018 is small (h < 0.21),
as it must be for low proportions: a large relative
change in a small absolute share.
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Figure 2: mt-flagged against llm-flagged share (Wilson
95% CI). The shaded 2023-2026 span is where the two
move in opposite directions, which the combined rate
of Figure 1 hides. Only the mt-side rise survives the
matched-length retrain of Appendix A.7.

The plateau is not a power artifact. For the tight-
est post-2023 pair, 2024-vs-2026, a two-proportion
power calculation puts the smallest step detectable
at 80% power under the Holm worst-case threshold
at 0.83 percentage points, and no observed post-
2023 gap approaches it.

6.2 The composition shift the combined rate
hides

Tested apart, the two flagged shares move in oppo-
site directions, and for this venue that is the result.

The mt-flagged share rises monotonically
(0.30% — 1.90% — 1.98% — 3.48%), is signif-
icant against 2018 throughout (ppoim ~ 0), is flat
across 2023-vs-2024 (phoim = 0.663), and rises
in both 2023-vs-2026 and 2024-vs-2026 (phoim <
10~19). The lIm-flagged share rises and then falls
(1.82% — 3.75% — 3.16% — 2.72%), also signif-
icant against 2018, with declines across 2023-vs-
2024 (Phoim = 0.032) and 2023-vs-2026 (phoim <
10~3) but not 2024-vs-2026 (Phoim = 0.055).

The 2024-t0-2026 rise in the combined flagged
share therefore comes from the mt side. A two-
class human-versus-Al scheme would miss this in-
version entirely. It also survives the strongest inter-
nal challenge we could mount: under the matched-
length retrain that replaces the llm class entirely
with length-matched documents (Appendix A.7),
the mt-side rise persists across seeds while the llm-
side movement does not. Read conservatively, we
can defend the mt-side rise in what the detector
flags, not the llm-side trajectory; whether the web
itself holds more machine-translated Bengali, no
external corpus available to us can say (Section 7).

6.3 Calibration, and an estimand we do not
claim

Classify-and-count is biased under class imbalance
whenever per-class error rates differ, which is our
situation, so we apply Adjusted Classify & Count
(Forman, 2008), inverting the confusion matrix and
clipping infeasible negative solutions to zero.

The synthetic test-set false-positive rate is 4.48%.
The 2018 snapshot predates both ChatGPT and
GPT-2, so it is all but certainly free of LLM-
generated text by temporal necessity; it nonetheless
flags 2.13% of its documents as non-human (140
of 6,579; 95% CI [1.79%, 2.51%]). The correc-
tion uses the same quantity measured on a vintage-
retrained detector (Appendix A.6), 2.10% (138 of
6,579); the FPR sweep (Figure 3) spans both values
and no conclusion changes between them. The cor-
rection rescales the human row while preserving
the llm:mt misclassification ratio, giving 1.50% /
3.63% /3.11% / 4.20%; the synthetic-FPR alterna-
tive gives 1.13% / 3.02% / 2.43% / 1.99%. With
the 2018 anchor every post-2018 year is significant
against 2018 (pproim < 0.004); with the synthetic
FPR only 2023 is. The later years remain mutually
indistinguishable (phoim > 0.09, rising to > 0.58
under cluster-robust testing). Across 31 swept FPR
values from 2% to 5%, 2018 stays below all later
years with a minimum 0.86-point gap (Figure 3),
well powered throughout (Appendix A.2), though
the later years’ relative order flips across the sweep,
which reinforces that they are not separable.

The anchor is class-asymmetric, and we do not
pretend otherwise. Chronology rules out LLM
generation in 2018. It does not rule out machine
translation. Statistical MT, templated automation
and text-spinning all predate 2018 and would have
been on the Bengali web then. The two components
of the 2.13% are therefore not equally well identi-
fied. Any 2018 document flagged 11m must be a
false positive, so that component is a direct mea-
surement of the human-to-1lm error rate. A 2018
document flagged mt may be a correct detection of
pre-neural machine translation, so that component
is only an upper bound on the human-to-mt error
rate, and treating all of it as error subtracts real
signal along with noise.

Two consequences follow. First, the combined
ACC figure has a mixed estimand and should be
read as a bound rather than a point estimate; using
an FPR that is too high depresses every corrected
rate, so the levels in Table 3 are conservative, and

109



the FPR sweep shows the ordering is insensitive to
the choice anywhere in 2-5%. Second, the 2026
end of the mt-side trend is understated for an un-
related reason: LLM-produced translation was de-
tected at 20 in 100 before the targeted Mistral repair
(Section 5.2). A properly identified estimate would
calibrate the two classes separately against Ben-
gali text of known provenance; no such corpus was
available to us, and we do not claim that number.

Bounding the sensitivity side. No real-text or-
acle grounds the true-positive rate either, so we
bound rather than assume it. The llm-class syn-
thetic TPR of 100% updates to the third-party esti-
mate of 97% directly. The mt-class synthetic TPR
of roughly 96% diverges sharply from the 20%
measured on Mistral-translated text, but that 20%
is the mechanism-specific worst case of Section 5.2
rather than a representative real-world rate, so we
sweep the mixing share w € [0, 1] of real-world
MT behaving like the worst case. The finding
holds across the large majority of the range and
crosses zero only near w ~ (.85, which would
require more than 85% of real Bengali web MT
to come from prompting a general-purpose LLM
rather than from cheaper, faster dedicated NMT
(Appendix A.3).

6.4 What survives

Web documents from the same domain are not in-
dependent, so document-level intervals overstate
precision. We resample each snapshot’s domain
list over 5,000 iterations with a shared per-iteration
confusion-matrix draw (Appendix A.4). Naive in-
tervals widen by 26—-55%; ACC-corrected intervals
by only 2-5%, because confusion-matrix resam-
pling noise from the 405-document test set already
dominates their width. Every significance con-
clusion survives: 2018 stays below all later years
(Photm < 0.004), and among the later years only
2024-vs-2026 separates, and only on naive rates:
under cluster-robust ACC it does not (Phoim =
0.58).

Both alternative architectures place 2018 signifi-
cantly below every later year and agree on the shape
— flat 2023-2024, higher 2026 naive rates — while
disagreeing substantially on level (BanglaBERT
1.08% / 4.40% / 4.01% / 4.90%; XLM-R-LoRA
7.39% / 11.25% / 10.56% / 12.65%). We therefore
treat no architecture’s absolute level as authorita-
tive and read only the shape. Per-document agree-
ment on the three-class label is only fair by Cohen’s

x (0.20-0.28 against BanglaBERT, with 92-97%
identical labels; 0.13-0.24 against XLM-R-LoRA,
with 86-92%), which is what « does at this preva-
lence: chance agreement alone is 82-97% and un-
equal marginals cap the attainable value well below
unity (Appendix A.5). This is mutual consistency,
not independent validation.

Two independent retrains on generators unseen
during the original work — Claude Sonnet 5 (24
training, 16 held out) and Llama 3.2 3B (79 train-
ing, 60 held out) — reproduce the original rates to
within 0.07 and 0.29 points with the identical sig-
nificance pattern (Appendix A.6): the detector is
not of the wrong vintage, though the classes remain
constructed.

Corpus-quality metrics (type-token ratio, dupli-
cate 5-grams, a compression proxy (Shaib et al.,
2025)) move toward lower diversity, and a classi-
fier two-sample test (Lopez-Paz and Oquab, 2017)
separates our human class from the live snapshots
increasingly well (AUC 0.68 — 0.93) — equally
consistent with our training data drifting out of dis-
tribution. Movement is established; its cause is
not.

No method applied to 2018-vs-2026 reverses its
direction (Appendix A.8); only the llm-only per-
class rate fails the matched-length retrain.

A regional split. By top-level domain,
Bangladesh-hosted (. bd) content is flagged more
often than India-hosted (.in) content in every
testable year (11.11% against 4.19% in 2026;
Phoim < 0.001 in 2023, 2024 and 2026). Our
human class is drawn mostly from .bd sources,
so we trust this only because calibration, leave-
one-domain-out and organisation-level checks all
hold (Appendix A.11); it covers only the 10.4% of
documents with a country TLD (Limitations).

A finding that failed its own stress test. A
flagged-share spike in the ChatGPT launch win-
dow survived class-composition and top-k£ domain
checks but dissolved under inverse-propensity do-
main reweighting (Appendix A.12): single-crawl
estimates can manufacture temporal spikes.

7 The External Check, and What It Costs
the Trend

Every result in Section 6 tests internal consis-
tency; none tests the classes against independently
sourced labels. This section does, and its outcome
is the most important caveat in the paper.
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Genre n/class Human Al

Newspaper Article 159 98.7%  38.4%
Scientific Abstract 81 18.5% 81.5%
Email 27 333% 63.0%
Poem 15 60.0% 100.0%
Short Story 15 60.0% 93.3%
Office Order 3 33.3% 100.0%

Table 4: Per-genre accuracy on the independently la-
belled dataset of Ansary (2025). Human is the share
of human-labelled documents predicted human; Al the
share of Al-labelled documents predicted mt or llm. Of-
fice Order, at three documents per class, is too small to
weigh alone.

Among external Bengali provenance corpora we
could locate, a 40,000-document Zenodo corpus
is embargoed until December 2026 and the rest
are paywalled or lack a peer-reviewed description.
The dataset of Ansary (2025) is public: 600 doc-
uments, 300 human and 300 ChatGPT-generated,
matched by genre, independently labelled and tied
to a peer-reviewed paper. Its labels are binary
where our detector predicts three classes and it con-
tains no translation content, so it speaks only to the
human-versus-1lm axis. Taking the most permis-
sive fair reading of correctness for an Al-labelled
document — predicted mt or llm — human recall is
66.7% (200/300), Al recall 58.7% (176/300) and
binary accuracy 62.7% (376/600), against 97.28%
in-benchmark.

The two failure modes are mechanistically dis-
tinct (Table 4). Human-authored Scientific Ab-
stracts carry a dense register of English-loanword
technical terms transliterated into Bengali script,
entirely absent from our human class’s Wikipedia
and CC-2018 distribution, which plausibly explains
why genuine human text in that genre is so often
called non-human. For Newspaper Article — the
genre closest both to our training register and to
real web content — the low 38.4% Al-catch rate
is not our length confound working in the gen-
erator’s favour: the ChatGPT newspaper text is
shorter on average than the paired human text (637
against 1,586 characters), which our documented
length sensitivity should make easier to catch. It
is a style-generalisation gap against an unseen gen-
erator. Of the Al-labelled documents caught, 161
of 176 (91.5%) are predicted Ilm rather than mt, as
expected without translation.

What the check cannot reach. The corpus con-
tains no machine-translated text, so it tests only the

human-versus-non-human axis under distribution
shift and gives no external support to the translation
side of Section 6.2. We know of no independently
labelled corpus of machine-translated Bengali web
text; building one is the most useful next step.

What this permits and forbids. It forbids read-
ing Table 3 as prevalence: internal agreement can-
not repair a 62.7% transfer rate, since the internal
checks share the construction bias that causes it. It
permits the weaker claim we make: a fixed detec-
tor, held constant across four identically processed
snapshots, flags a rising share over time, and the
flagged rise decomposes toward the mt class. It
does not establish a translation-driven shift in the
true composition of the web. A detector can be
badly calibrated in level and still informative in
difference, provided its bias does not move with
the snapshots — an assumption the C2ST result of
Section 6.4 partially undermines. Hence we call
the trend preliminary.

8 Implications for Asian-Language MT
Resources

Three consequences follow for anyone building
MT resources from Asian web text. MT filters
must disclose their calibration systems: a detec-
tor trained on one NMT system’s output recognised
another’s at 5.67% and 0.00% (Section 5.1), so
pipelines that filter machine-translated text should
name the systems the filter was calibrated on, as
they already state language-ID thresholds. LLM
translation is the uncovered case: filters cali-
brated on dedicated NMT miss it (Section 5.2).
The monolingual side may be moving: if even
part of the rise in the mt-flagged share, from 0.30%
to 3.48%), is real, target-side data for Bengali back-
translation holds a growing share of MT output —
the self-consumption setting of Shumailov et al.
(2024), to which synthetic-data quality is sensitive
(Bogoychev and Sennrich, 2019) — and none of the
corpus pipelines of Section 2 measures it.

Limitations

No independently sourced ground truth for real
web text. This is the central epistemic limit, and
it is stated in the abstract, in Section 1 and in Sec-
tion 7 rather than here alone. All detectors in this
paper train on constructed classes; the external
check gives 62.7% against 97.28% in-benchmark,
and it covers only the human-versus-non-human
axis: with no translated text in it, the mt class and
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the translation side of the trend have no external
validation. Vintage retrains address the objection
that the detector is out of date. They do not address
the objection that the classes are constructed.

A held-out-system gap in both directions.

Single-system MT training fails in both directions
(0.00% and 5.67%), unlike single-system LLM
training (97.97%, 99.35%), and that non-invariance
rests on two NMT systems. The 99.3% mixed-
training result is held-out documents, not a held-out
system, and an unseen further NMT system may
fail similarly. The mt-side repair holds for the ded-
icated NMT systems it was trained on, not for an
LLM prompted to translate; the later Mistral repair
covers one model only, and the deployed detector
has not been tested on a dedicated NMT system
absent from its training data.

What the mt class models, and what it may
confound. Every mt document is a single
en — bn translation of an English Wikipedia ex-
tract. Machine-translated Bengali on the web may
also start from source languages other than English,
from registers other than encyclopaedic prose, and
from systems we did not use, commercial MT
among them; the system-specificity of Section 5 is
shown for one source language, one domain and
two NMT systems. Title matching aligns topic
across classes but not content origin: mt documents
carry content first written in English, while human
documents are native Bengali, so part of what sepa-
rates mt from human may be English-origin content
rather than translation artifacts.

Evaluations not reported here. We report the
three-class model throughout; the external check of
Section 7 reads it as two-class by collapsing its mt
and llm predictions, and a directly trained human-
versus-non-human detector is not reported. We
also do not report how source titles are distributed
across training, development and test splits; a title-
grouped re-split would rule out topical leakage be-
tween them. Section 4 explains why no off-the-
shelf detector is compared.

A length confound, partly resolved. The llm
class has a fixed generation cap and is shorter
than the others; a length-only classifier reaches
69.4%+1.8%, above chance, so length contributes
without dominating. Full-class length parity was
measured to be infeasible on the available hard-
ware, so we regenerated 100 documents at a me-
dian 7.2x the original length; 97 of 100 are still

classified llm, with no reciprocal false-positive rise
among human and mt documents in that range
(97.0% and 99.1% still correct). This supports
inference-time robustness and does not remove the
training confound. Crawl document length itself
rises from 2018 to 2026, which should bias the
measured trend downward (Wang et al., 2025).

The regional finding covers a minority of the
corpus. Clear country TLDs cover 10.4% of
the pooled corpus (8.5-15.9% per year). Tar-
geted index-guided collection grew every . in cell
(79—81; 432—448; 653—682; 406—423) while
changing the rate by at most 0.068 points, and
2018 gained two documents from 25 independently
confirmed segments, which indicates a structural
ccTLD ceiling rather than a sampling failure (Ap-
pendix A.9). Proxy geolocation would add bias:
hosting location is not authorship under a CDN,
and language is not country. ccTLD documents
are shorter (3,560 against 4,534 characters), carry
lower human-classification margins (1.76 against
1.99) and are far more government-heavy (33.1%
against 3.4%), as expected when .gov.bd and
.gov. in structurally require a country TLD. The
finding applies to that subpopulation.

Small and partly circular robustness samples.
The paraphrase battery cannot exclude true evasion
near 6% for models showing none at n==80, though
the expansion to n ~ 250 tightens this to under 2%.
Augmentation and attack data share the three local
models; only Claude Sonnet 5 is genuinely held out
from selection, at n=16. Extraction noise leaves
human predictions nearly unchanged (0.0-0.2%
flips at 5% character noise) but makes mt and 1lm
predictions fragile (22.2% and 20.0%), which is
consistent with the thinner minority-class decision
margins found in Section 4.

Scale and sampling. Four time points give a
coarse rather than continuous trend, and 900 bench-
mark documents per class from two or three sys-
tems each is small. Language ID is stable across
snapshots (mean confidence 0.984-0.989, 2.4—
3.4% borderline), and restricting the trend to the
roughly 90 domains common to all four snapshots
preserves the shape while losing power, which
inverse-propensity weighting recovers at the same
conclusion (Appendix A.10).
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Ethics Statement

All text comes from public web sources (Common
Crawl) and from Bengali and English Wikipedia,
consistent with their terms of use for research. We
do not target, collect or release personal or identi-
fying information.

We are conscious of the dual-use potential of
provenance detection for a low-resource language.
A detector flagging likely machine-translated or
LLM-generated Bengali could be repurposed to
suppress or deprioritise non-native speakers, peo-
ple using translation and writing tools as an acces-
sibility aid, or Bengali communities whose style
diverges from our training distribution. The ex-
ternal evaluation in Section 7 makes the risk con-
crete rather than theoretical: 81.5% of genuine
human-authored Bengali scientific abstracts in an
independent corpus were flagged as non-human
by our detector, because their register is absent
from our human class. We will release BanglaGen-
Bench and the detector as research artifacts for cor-
pus analysis and filtering research, and we caution
explicitly against deployment in content moder-
ation or individual-authorship judgements, given
Al-detector false-positive risks and the specific risk
of penalising legitimate non-native or assistive use
of translation and writing tools.
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A Supplementary Material

Full derivations and setups for results summarised
in the main text. Nothing here changes a conclusion
stated in the body.

A.1 Hybrid-signal significance testing

The hybrid concatenates the mean per-token NLLB-
200 back-translation log-probability to the n-gram
matrix as a translation-confidence feature (Table 5).
Its gain over the deployed stylometric model is four
net documents on the 405-document test set, con-
centrated on predicted MT-versus-LLM confusion.
McNemar’s exact test on the MT-versus-LLM cell
involves two discordant pairs (p = 0.5); on the full
test set, six (p = 0.21875). Powering the class-
specific test would require an order of magnitude
more discordant pairs than this split yields. Rather
than bill an unproven effect as a contribution, we
report the signal as explored but not adopted.

Model Dev acc. Test acc.
Stylometric-only (deployed) 95.80%  97.28%
+ transl.-conf. (explored) 96.30%  98.27%

Table 5: Detector ablation on the 2,700-document
benchmark. The stylometric-only model is the one
deployed for every result in this paper; the hybrid is
reported and demoted, not used.

A.2 Minimum detectable effect across the
FPR sweep

The 0.86-point minimum gap of Section 6.3 de-
scribes 2018-vs-2026, whereas the 0.83-point floor
of Section 6.1 describes 2024-vs-2026; the two are
not interchangeable. Recomputing the minimum
detectable effect specifically for 2018-vs-2026 at
each swept FPR (n = 6,579 and n = 9,823) gives
a floor of 0.58-0.69 points across the sweep, so the
observed gap exceeds its own matched floor by a
factor of 1.2—4.0 at every point. Script: scripts/
compute_minimum_detectable_effect.py.

A.3 TPR-sensitivity sweep

The true-positive rate has no equivalent of the
FPR’s chronological anchor: it comes entirely from
the synthetic test set, and no oracle exists for “this
document is definitely machine-produced”. We
therefore bound it. The llm-class synthetic TPR
of 100% is close to the third-party estimate of
97% on Mistral-generated text, so we apply that
update directly. The mt-class synthetic TPR of

w2018 w2023 = 2024

— 2026

DWW s
> W o W
L L L '
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ACC-corrected flagged share (%)

0.5 - 12018 anchor (2.10%) {synthetic test set (4.48%)
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Assumed human-class false-positive rate (%)

Figure 3: ACC-corrected rate as the assumed human-
class FPR sweeps from 2% to 5%. Dotted lines mark
the synthetic-test-set (4.48%) and 2018-anchor (2.10%)
values. 2018 stays below all three later years throughout;
their relative order does not.

roughly 96% diverges sharply from the 20% mea-
sured on Mistral-translated text, but that figure is a
mechanism-specific worst case (an LLM prompted
to translate) rather than a representative rate for
dedicated NMT, on which the mt-class repair holds
(99.3% on held-out mBART-50 documents). We
therefore sweep w € [0, 1], the share of real-world
mt content behaving like the worst case. The find-
ing degrades gradually and crosses zero only near
w =2 0.85. This bounds an unmeasured quantity; it
does not measure it.

A.4 Domain-cluster-robust bootstrap

Each snapshot’s domain list is resampled with re-
placement over 5,000 iterations, routed through the
same 2018-anchored ACC correction used for Ta-
ble 3, with a shared per-iteration confusion-matrix
draw across snapshots so paired tests remain valid.
Naive-rate intervals widen by 26-55% relative to
document-level Wilson intervals; ACC-corrected
intervals by 2-5%, because confusion-matrix re-
sampling noise from the 405-document test set al-
ready dominates.

A.5 Cross-architecture numbers

BanglaBERT gives 1.08% / 4.40% / 4.01% / 4.90%
for 2018 / 2023 / 2024 / 2026 and, like the de-
ployed model, finds 2023-vs-2024 not significant
(Phoim = 0.20) with 2024-vs-2026 significant
(Phoim = 0.004). XLM-R-LoRA gives 7.39% /
11.25% / 10.56% / 12.65%, substantially higher in
level with the same shape (2023-vs-2024 ppoim =
0.103, 2024-vs-2026 phoim =~ 0). Observed three-
class x against the deployed model is 0.20 / 0.26 /
0.28 / 0.28 for BanglaBERT (92.4-97.5% identical
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labels) and 0.13 / 0.23 / 0.24 / 0.22 for XLM-R-
LoRA (86.2-91.9%), for 2018 /2023 / 2024 / 2026.
Cohen’s « is depressed both by prevalence imbal-
ance and by unequal rater marginals. Fixing each
pair’s marginals at the rates above, the largest attain-
able « is 0.67-0.88 for the deployed model against
BanglaBERT, 0.43-0.64 against XLM-R-LoRA
and 0.24-0.53 for BanglaBERT against XLM-R-
LoRA; we read the observed values against those
ceilings rather than against unity.

A.6 Vintage retrains

A frontier model. 24 topic-disjoint training doc-
uments authored by Claude Sonnet 5 plus a dis-
joint 16-document held-out set, produced by direct
prompting through the model’s chat interface; the
sampling configuration was therefore outside our
control. A small local model. Qwen3 (8B and
4B) proved unusable on a 4GB GPU because its
thinking mode consumed the token budget before
any output; Llama 3.2 3B instead generated 79
training and 60 held-out documents directly. Re-
sults. Both retrained detectors classify their held-
out documents with 100% accuracy and reproduce
the deployed detector’s per-snapshot rates to within
0.07 and 0.29 points, with the identical significance
pattern (Section 6.4). The ACC correction of Sec-
tion 6.3 takes its human-class FPR anchor from a
vintage-retrained detector: 2.10% of 2018 docu-
ments flagged (138 of 6,579), against 2.13% (140)
for the deployed detector; the FPR sweep of Fig-
ure 3 covers both values.

A.7 Matched-length retrain and rescore

We trained five detectors in which the llm class
is replaced entirely by 100 matched-length docu-
ments, with human and mt classes drawn as a fresh
100/100 surplus sample per seed, disjoint from the
primary benchmark and the calibration holdout.
All four snapshots were rescored per seed under a
combined leakage exclusion.

Comparison mt-only sig.  llm-only sig.
2023 vs. 2024 1/5 1/5
2023 vs. 2026 5/5 1/5
2024 vs. 2026 3/5 1/5

Table 6: Seeds (of five) in which each Holm-corrected
comparison reaches significance under the matched-
length retrain.

The 2018 llm-only rate stays near zero (0.27—
0.89%, mean 0.49%). Aggregate mt-only rates are

1.72% — 1.64% — 2.16% (2023/2024/2026), the
original shape; llm-only rates are 0.81% — 0.71%
— 0.81%, essentially flat. A length-binned check is
inconclusive at n ~ 25-30 per seed, bin and year.
Data and scripts: results/matched_length_
retrain_rescore. json, scripts/matched_
length_retrain_rescore.py.

A.8 Every method applied to 2018 versus 2026

Table 7 lists every distinct method applied to the
2018-vs-2026 comparison with its primary result.

Check Method / model Pholm

Raw rate, z-test Linear (deployed) ~0

Cluster bootstrap  Linear, naive ~0
Cluster bootstrap ~ Linear, ACC-corr. ~ 0.0032
ACC correction Linear, 2018 FPR 0.004
Cross-architecture BanglaBERT ~0
Cross-architecture  XLM-R-LoRA ~0
Per-class rate mt-only ~0
Per-class rate llm-only* 6.5x107*
Vintage retrain Claude Sonnet 5 ~0
Vintage retrain Llama 3.2 3B ~0
FPR sweep 2%-5% holds

Table 7: Every distinct method applied to the 2018-
vs-2026 comparison, using each method’s primary re-
sult. These are not independent confirmations: all
draw on the same snapshots and several share weights.
*Significant in only two of five seeds under the matched-
length retrain; every other row holds.

A.9 Targeted . in collection

Most of the web uses generic TLDs that do not
encode country, so the ccTLD ceiling is largely
structural. A Common-Crawl-index-guided fetch
targeted WET segments pre-verified to contain . in
pages (random sampling yields only about 1-4%
incidentally). Every year’s .in cell grew and the
rate moved by at most 0.068 points; for 2018, 25
segments each confirmed to contain .in content
added only two documents. Script: scripts/tld_
covariate_comparison.py.

A.10 Upstream filtering and domain
composition

Re-running the sampling-stage fastText language-
ID model on the final corpus gives mean confidence
0.984-0.989 with 2.4-3.4% of documents border-
line, stable across snapshots. Between 34.3% and
38.1% of documents have more than 10% non-
Bengali characters in their first 2,000 characters, as
expected for web text. Restricting the trend to the
roughly 90 domains common to all four snapshots
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(5.9-8.4% of each) loses significance on most com-
parisons but keeps the shape; an inverse-propensity-
weighted alternative (Kish effective n = 1,978-
5,582) reaches the same conclusion with substan-
tially more power.

A.11 Regional split: full artifact checks

Cross-tabulating by top-level domain gives an axis
native to corpus-building practice. Bangladesh-
hosted (. bd) content is significantly more flagged
than India-hosted (.1in) content in every testable
year: 9.06% against 1.85% in 2023, 10.27% against
3.37% in 2024, 11.11% against 4.19% in 2026,
all at phoim < 0.001; 2018 is excluded because
its .in cell (n=79) cannot power the test. Be-
cause the human training class is drawn predom-
inantly from .bd sources, three artifact checks
preceded any trust in this. Calibration: using
2018 as ground truth, false-positive rates are in-
distinguishable across the two namespaces (1.16%
.bd against 1.02% .in, p = 0.90). Leave-one-
domain-out: dropping each contributing domain
in turn preserves the gap across every removal in
all three years (533/533, 437/437 and 393/393 iter-
ations significant). Cluster granularity: a domain-
level test cannot see one operator publishing un-
der several domains, so we re-ran the bootstrap
at document, domain and an organisation-proxy
granularity that groups domains sharing a regis-
trable base name across TLD suffixes; all nine
year-by-granularity combinations remain signifi-
cant (p < 0.001). Support rests on the three to-
gether. The scope caveat travels with the finding:
documents with a clear country TLD are 10.4%
of the pooled corpus, and that subpopulation is
shorter and far more government-heavy than the
rest (Limitations).

A.12 Onset dating: a reversal

We tried to date the onset by bracketing the Chat-
GPT and GPT-4 launches with four extra snapshots.
The launch-window snapshot, CC-MAIN-2022-49,
showed a naive spike of 6.24% (3.51% ACC), sig-
nificantly above its neighbours, and a naive read-
ing would report it as a dateable onset. Class
composition ruled out direct ChatGPT authorship
at that volume; removing the top three domains
moved the rate only to 5.90%, so the spike sur-
vived a coarse check. Inverse-propensity domain
reweighting (Horvitz—Thompson, weights capped
at 10x, Kish effective n = 2,122-4,856) dissolved
it: 6.24% fell to 4.46% and all pairwise compar-

isons became non-significant (ppoim > 0.56). The
verdict is a domain-sampling artifact. The trans-
ferable point is that narrow-window, single-crawl
estimates can manufacture temporal spikes that
top-k domain checks miss and inverse-propensity
reweighting catches. The four larger trend snap-
shots show no comparable artifact under identical
reweighting.
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Abstract

This paper describes the UTSK26 submis-
sion to the WAT2026 Patent Claims Trans-
lation/Evaluation Task for the Japanese-to-
English (JA-EN) and English-to-Japanese (EN—
JA) directions. The task requires participants to
annotate translation errors in machine transla-
tion (MT) outputs of patent claims and to assign
a quality score from 0 to 100 to each transla-
tion. For error annotation, we use GEMBA-
Patent-Hybrid, which combines an LLM-as-a-
Judge method for detecting error spans, cate-
gories, and severities using GPT-5.2 with an-
other method for assigning categories and sever-
ities to encoder-detected error spans. For qual-
ity scoring, we use Patent-Rubric-Checklist,
a rubric-based LLM-as-a-Judge method that
instructs GPT-5.2 to answer patent-specific
checklist items covering five evaluation dimen-
sions and aggregates the answers into a score
with predefined weights. On the training data,
which consist of the human evaluation results
of the WAT?2025 task, Patent-Rubric-Checklist
achieves the highest Pearson and Spearman
correlations with human scores in both direc-
tions among the evaluated methods, including
COMETKiwi, MetricX-24, GEMBA-DA, and
GEMBA-MQM.

1 Introduction

Patent claims are typically written as a single long
sentence with complex structures and highly spe-
cialized terminology, which makes them difficult
to translate. Evaluating their translations is also
challenging, because seemingly minor errors, such
as the omission of a limitation or an incorrect rela-
tionship between claim elements, may substantially
change the scope of the claimed invention. In the
first Patent Claims Translation Task at WAT2025,
Nakazawa et al. (2025) reported that automatic met-
rics such as COMETKiwi (Rei et al., 2023) and
MetricX-24 (Juraska et al., 2024) showed low cor-
relations with human evaluation.

The WAT2026 Patent Claims Translation/Evalua-
tion Task focuses on this evaluation problem. Given
patent claims and their MT outputs, participants an-
notate translation errors with their categories and
severities, and assign a quality score to each trans-
lation. The ultimate goal of the task is to develop
automatic evaluation methods that can accurately
assess patent claim translations.

This paper describes the UTSK26 system for
both the JA-EN and EN-JA directions. Our system
consists of two components:

* Error annotation: GEMBA-Patent-Hybrid,
which combines two methods: one instructs
GPT-5.2 (OpenAl, 2025) to detect error spans,
categories, and severities, while the other in-
structs GPT-5.2 to assign categories and sever-
ities to error spans detected by an encoder
model.

* Quality scoring: Patent-Rubric-Checklist,
which instructs GPT-5.2 to evaluate a transla-
tion with a rubric of five patent-claim-specific
evaluation dimensions and computes the final
score from the checklist answers outside the
LLM.

2 Task Description
2.1 Task Definition

For each translated claim, participants submit the
following evaluation results in the same JSON for-
mat as the training data:

* Error annotation: Participants mark error
spans in the source text or the MT output,
and assign each span the lowest-level cate-
gory of a three-level error hierarchy and a
severity of either major or minor. The hier-
archy follows the MQM-based criteria (Fre-
itag et al., 2021) adapted for patent translation
in WAT2025 (Nakazawa et al., 2025), whose
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Training Test
JA-EN EN-JA JA-EN EN-JA
Source documents 13 13 2 2
Source claims 28 28 2 3
MT outputs / claim 6 4 5 4
Translated claims 168 112 10 12
Error annotations 1,130 1,017 - -

Avg. quality score 75.5 66.0 — -

Table 1: Statistics of the training and test data.

top-level categories are accuracy, fluency, ter-
minology, style, other, source error, and non-
translation. For example, an incorrect article
is annotated as Article under Accuracy > Mis-
translation.

* Quality scoring: Participants assign a holistic
quality score from 0 to 100 to each translated
claim.

2.2 Data

Table 1 shows the statistics of the data. The train-
ing data consist of the human evaluation results
for a subset of the WAT2025 task data (Nakazawa
et al., 2025).! For each direction, 28 claims from
13 documents were translated by six (JA—EN) or
four (EN-JA) MT systems, and each translation was
annotated with error spans and a quality score. The
test data consist of 10 JA-EN and 8 EN-JA files,
each of which contains a source document and its
MT output. The JA-EN files are derived from two
single-claim source documents, each paired with
five different MT outputs. The EN-JA files are de-
rived from two source documents with three claims
in total, each paired with four different MT outputs.

3 System Description

Our system evaluates each translated claim inde-
pendently. Each line in a text file corresponds to
one claim in the test set. Source and MT claims
are aligned by line number. The original text is
converted into the character-grid format. The grid
text is used to construct input to GPT-5.2 for error
annotation.

3.1 Error Annotation

We use GPT-5.2 and an encoder-based model for
error annotation. For the encoder-based approach,
we employ the token-level QE model introduced
in our previous work (Buma et al., 2025), using

"https://github.com/Tzawa/pat-claim-trans

mDeBERTa-v3-base? as the multilingual encoder.
The model jointly encodes the source sentence and
its machine translation, followed by a token-level
classification layer that predicts an OK/BAD label
for each target token. We then merge consecutive
BAD labels into a single error span and record its
start and end character offsets. We use three meth-
ods for error annotation.

GEMBA-Patent. We input the source and the
MT claims to GPT-5.2. The model outputs the error
annotations in JSON format, including error sides,
tagged error spans, categories, and severities. In
particular, for each error, it outputs the full sentence
with the error span enclosed by <ERROR_START>
and <ERROR_END> error tags. We then derive the
corresponding [start:end] offsets from the tag
positions. Moreover, we provide patent-specific
definitions of the error categories and severities in
the prompt. The prompt allows an empty annota-
tion list when no translation error is detected. The
detailed prompt for GEMBA-Patent is shown in
Figures 1-4 in Appendix A.

Encoder-GEMBA-Patent. We convert the en-
coder’s error spans into the same format as the
error spans output by GEMBA-Patent, where for
each error, the full sentence is output with the er-
ror span enclosed by the error tags. We then in-
put the processed source and MT claims into GPT-
5.2. GPT-5.2 assigns an error category and sever-
ity to each error. As in GEMBA-Patent, we pro-
vide patent-specific definitions of the error cate-
gories and severities in the prompt. The detailed
prompt for Encoder-GEMBA-Patent is shown in
Figures 6-9 in Appendix A.

GEMBA-Patent-Hybrid. For claims whose
GEMBA-Patent outputs that do not satisfy our
predefined format and validation requirements
(invalid outputs), we use the annotations from
Encoder-GEMBA-Patent and map the error
categories and severities from English to the
Japanese labels provided by the task organizers.

Error category. We instruct GPT-5.2 to
output error category labels by joining the
hierarchy levels with hyphens. = We finally
map each English error category label to the
corresponding lowest-level Japanese category.
For example, "accuracy-mistranslation-
numerals/symbols" is mapped to "ZE - L5 ".

"https://huggingface.co/microsoft/
mdeberta-v3-base

120


https://github.com/Tzawa/pat-claim-trans
https://huggingface.co/microsoft/mdeberta-v3-base
https://huggingface.co/microsoft/mdeberta-v3-base

Labels containing an invalid subcategory combi-
nation, such as "accuracy-mistranslation-
inappropriate", are mapped to an empty label,

Severity. For both GEMBA-Patent and Encoder-
GEMBA-Patent, we instruct GPT-5.2 to assign ei-
ther major or minor severity to each error span. A
major error changes or obscures the meaning, claim
scope, an essential claim element, a technical re-
lationship, or essential claim form, whereas a mi-
nor error does not materially affect the meaning or
claim scope.

The prompts for these methods were designed
mainly with the assistance of ChatGPT. Notably,
we provided the patent-specific checklist explained
in Section 3.2 to ChatGPT to help design the
GEMBA-MQM-based prompts for GEMBA-Patent
and Encoder-GEMBA-Patent, including patent-
specific definitions of error categories and sever-
ities.

3.2 Quality Scoring

For quality scoring, we use Patent-Rubric-
Checklist, the same method in our accepted work
to appear at WAT2026 (Fu et al., 2026), which is
a reference-free LLM-as-a-Judge method based
on a rubric specific to patent claim translation
evaluation. Inspired by LiTransProQA (Zhang
et al., 2025), which evaluates literary translations
by having an LLM answer evaluation questions,
the method asks an LLM to answer checklist items
rather than to predict a score directly.

Rubric. Table 2 summarizes the rubric, which
consists of five evaluation dimensions with 16
checklist items in total. [A] Content Fidelity eval-
uates the preservation of the core inventive idea
and technical functions or effects, as well as the
absence of hallucinated technical content. [B] El-
ement Coverage evaluates whether all claim ele-
ments are translated and whether element relation-
ships, quantities, ranges, and conditions are pre-
served. [C] Claim Scope & Logical Constraints
evaluates the preservation of the claiming scope,
the correct attachment of constraint clauses, and
the preservation of coordination and modification
relations. [D] Claim Form & Syntactic Require-
ments evaluates whether the translation is written
as a single-sentence claim, preserves the claim type,
maintains a consistent antecedent basis, and avoids
narrative or explanatory prose style. [E] Fluency

Evaluation Dimension Items Weight
A Content Fidelity 3 0.25
B  Element Coverage 3 0.25
C Claim Scope & Logical Con- 3 0.25
straints
D Claim Form & Syntactic Re- 4 0.15
quirements
E  Fluency & Grammaticality 3 0.10

Table 2: Evaluation dimensions of Patent-Rubric-
Checklist with the number of checklist items and the
weight of each dimension.

& Grammaticality evaluates grammatical correct-
ness, stylistic appropriateness, and readability. The
checklist items were mainly developed with the as-
sistance of Copilot, by providing general translation
criteria such as semantic equivalence and fluency,
as well as patent-specific constraints such as the
number of claim elements and their logical relation-
ships, the single-sentence structure of claims, and
terminology consistency. The prompt was further
refined with ChatGPT.

Prompt. As shown in Figures 10-12 in Ap-
pendix B, the prompt describes the task setting and
evaluation procedure, presents the rubric, and spec-
ifies the input and output formats. Given a source
claim and its MT output, the LLM answers each
checklist item with “yes” (no problem), “partial”
(minor or weakening problem), or “no” (clear or
serious problem), provides a short justification for
each answer and an overall explanation, and returns
them in JSON format.

99 ¢

Scoring. We map the answers “yes,” “partial,”
and “no” to 1.0, 0.5, and 0.0, respectively. For
each evaluation dimension, we average the mapped
values of its checklist items to obtain a dimension
score, denoted by A through E. The final quality
score is then computed outside the LLM with the
following weighted formula:

score = 100 x (0.254 + 0.25B

1
+0.25C + 0.15D + 0.10E) M

The weights in Equation 1 were suggested by Copi-
lot.

3.3 Implementation Details

For both quality scoring and error annotation, new-
line characters are removed from the model input.
For error annotation, the predicted error span off-
sets are mapped back to the original grid text with
newline characters restored.
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4 Experiments

4.1 Setup

Since the test data do not include human evaluation
results, we validate our system on the training data
(Table 1).

Error annotation. We use Encoder-GEMBA-
MQM, a GEMBA-MQM-based method, as the
comparison method for error annotation. We use
the same input format as Encoder-GEMBA-Patent
for GPT-5.2. GPT-5.2 then assigns an error cate-
gory and an error severity to each error. The error
categories are modified to match the annotation
criteria provided by the task organizers, whereas
the error severities are limited to major or minor.
The prompt for this method is also designed with
the assistance of ChatGPT. The detailed prompt
for Encoder-GEMBA-MQM is in Figure 5 in Ap-
pendix A.

We compute span-level precision, recall and F1
on the training data, as well as category and sever-
ity accuracy over matched spans. A predicted span
is considered correct only when its block index,
side, and start/end offsets exactly match those of
a gold span. Matched spans are counted as true
positives, unmatched predicted spans as false posi-
tives, and unmatched gold spans as false negatives.
Category and severity accuracy are computed only
over the matched spans. We compare GEMBA-
Patent-Hybrid with Encoder-GEMBA-Patent and
Encoder-GEMBA-MQM.

Quality scoring. We compute Pearson’s corre-
lation coefficient r and Spearman’s rank correla-
tion coefficient p between the automatic scores and
the human scores of the 168 JA-EN and 112 EN—
JA translated claims. We compare Patent-Rubric-
Checklist with two reference-free neural metrics,
COMETKiwi® (Rei et al., 2023) and MetricX-
24%* (Juraska et al., 2024), and two LLM-as-a-J udge
methods, GEMBA-DA (Kocmi and Federmann,
2023b) and GEMBA-MQM (Kocmi and Feder-
mann, 2023a). For MetricX-24, which outputs error
scores, we negate the scores so that higher is better.
GEMBA-DA directly assigns a score from 0 to 100.
GEMBA-MQM identifies errors with MQM-style
error categories and severities, and we convert its
negative raw score s into 100 4 4s. All LLM-as-

*https://huggingface.co/Unbabel/
wmt23-cometkiwi-da-x1

*https://huggingface.co/google/
metricx-24-hybrid-x1-v2p6

a-Judge methods use GPT-5.2. We also conduct
permutation tests to compare the correlations of
Patent-Rubric-Checklist with those of GEMBA-DA
and GEMBA-MQM. In particular, the submitted
scores are rounded to the nearest integer, whereas
the unrounded scores are used for the correlation
analysis.

4.2 Results
4.2.1 Results on the Training Set

Error annotation. Table 3 shows the span-level
precision, recall and F1 score, as well as category
and severity accuracy over matched spans. Because
Encoder-GEMBA-Patent and Encoder-GEMBA-
MQM use the same error spans, their span-level
precision, recall, and F1 are identical. GEMBA-
Patent-Hybrid generally shows lower span-level
performance than both encoder-based methods in
both translation directions, except for precision in
JA-EN. We notice that the error annotations of
GEMBA-Patent-Hybrid contain a relatively large
number of claims with empty annotations. An
empty annotation list is allowed by the GEMBA-
Patent prompt and indicates that no translation er-
ror is detected, as specified in Figure 4. When
GEMBA-Patent returns an empty annotation list,
the hybrid method treats the output as valid and
therefore does not use the annotations assigned
by Encoder-GEMBA-Patent. As a result, the hy-
brid output contains a relatively large proportion of
claims with empty annotations. Overall, 33.93% of
EN-JA claims and 37.50% of JA-EN claims have
empty annotations in GEMBA-Patent-Hybrid, com-
pared with 0.89% and 11.31%, respectively, in the
encoder-based methods.

Moreover, in the JA-EN direction, Encoder-
GEMBA-MQM achieves the highest category accu-
racy, while Encoder-GEMBA-Patent achieves the
highest severity accuracy. In the EN-JA direction,
Encoder-GEMBA-Patent achieves the highest cate-
gory and severity accuracy.

We also conduct a two-shot experiment to fur-
ther analyze the effects of adding human-annotated
examples and removing the instruction to return
empty annotations on GEMBA-Patent. Its setup
and results are reported in Appendix C.

Quality scoring. Table 4 shows the correlations
between the automatic and human quality scores.
Patent-Rubric-Checklist achieves the highest Pear-
son and Spearman correlations in both directions.
For JA-EN, the differences in Spearman correlation
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JA-EN

Method Precision Recall F1 Category Acc. Severity Acc.
Encoder-GEMBA-MQM (GPT-5.2) 0.040 0.028 0.033 0.406 0.688
Encoder-GEMBA-Patent (GPT-5.2) 0.040 0.028 0.033 0.250 0.719
GEMBA-Patent-Hybrid 0.057 0.011 0.018 0.250 0.667
EN-JA
Method Precision Recall F1 Category Acc. Severity Acc.
Encoder-GEMBA-MQM (GPT-5.2) 0.057 0.039  0.047 0.375 0.675
Encoder-GEMBA-Patent (GPT-5.2) 0.057 0.039  0.047 0.500 0.700
GEMBA-Patent-Hybrid 0.108 0.017  0.029 0.353 0.588
Table 3: Error annotation results on the training data.
JA-EN EN-JA
Method Pearson’s 7 Spearman’s p Pearson’s r Spearman’s p
COMETKiwi 0.2880™" 0.2703** 0.1860" 0.1810
MetricX-24 (reference-free) 0.2436*" 0.2945** 0.1397 0.1770
GEMBA-DA (GPT-5.2) 0.4685™* 0.4210™* 0.1996* 0.3017**
GEMBA-MQM (GPT-5.2) 0.5533** 0.4741** 0.2461** 0.3135**
Patent-Rubric-Checklist (GPT-5.2) 0.6214"* 0.5931" 0.3767"" 0.4417**

*p < 0.05, "*p < 0.01.

Table 4: Correlations between automatic quality scores and human quality scores on the training data.

between Patent-Rubric-Checklist and GEMBA-DA
(p < 0.01) and between Patent-Rubric-Checklist
and GEMBA-MQM (p < 0.05) are statistically sig-
nificant, whereas the differences in Pearson correla-
tion are not. For EN-JA, none of these differences
are statistically significant. In addition, all methods
show lower correlations for EN-JA than for JA-EN.

4.2.2 Results on the Test Set

The organizers evaluate our submitted system on
the test set using gold annotations and gold MQM
scores, which are GEMBA-MQM-style scores cal-
culated from gold annotations. Our quality scor-
ing method achieves the highest correlations with
human evaluation among the evaluated methods,
whereas our error span detection has low recall. Ta-
bles 6-7 in Appendix D show the evaluation results
of our error annotation method and quality scoring
method on the test set as reported by the organizers.
For a more detailed evaluation of the submissions,
see Nakazawa et al. (2026).

4.3 Submission

We submitted the outputs of the system described
in Section 3 for both directions. Because the span-
level precision, recall and F1 were calculated after
submission, they were not used for system selection.
Following GEMBA-MQM, major and minor errors
were assigned weights of 5 and 1, respectively, and
the negative raw score s was converted to 100 4 4s.
At most five errors per claim were counted, with
major errors prioritized over minor errors. The
scores used for system selection were computed

from the intermediate error annotations before la-
bel mapping. We selected GEMBA-Patent-Hybrid
because its scores achieved the highest correlation
with human scores on the training set among the
three evaluated systems. Notably, the choice of scor-
ing process and severity weights was made with
the assistance of ChatGPT. Table 8 in Appendix E
shows Pearson and Spearman correlations between
automatic scores obtained by the three evaluated
systems and human scores on the training data.

5 Conclusion

We described the UTSK26 system for the WAT2026
Patent Claims Translation/Evaluation Task. For
error annotation, we use GEMBA-Patent-Hybrid,
which combines an LL.M-as-a-Judge method that
detects error spans and assigns categories and sever-
ities, with another method that assigns categories
and severities to error spans detected by an encoder
model. On the training data, it generally showed
lower performance than Encoder-GEMBA-Patent
and Encoder-GEMBA-MQM. For quality scoring,
we used Patent-Rubric-Checklist, which instructs
GPT-5.2 to answer patent-claim-specific checklist
items and computes a weighted score from the an-
swers. On the training data, it achieves higher cor-
relations with human scores than COMETKiwi,
MetricX-24, GEMBA-DA, and GEMBA-MQM in
both directions. In future work, we will improve the
quality of error annotation, the design of the rubric
and checklist items, and optimize the dimension
weights to better align with human evaluation.
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Limitations

Limited Validation Data We validate our sys-
tem on the training data, which contain only 28
claims per direction. Therefore, it remains uncer-
tain whether the observed correlations generalize
to other patent claims and MT systems.

Encoder-based QE Model The encoder-based
QE model used for error annotation was trained
on patent-domain data, but its training data did not
include patent claims. This may affect the quality
of the resulting error annotations.

Stability and Reproducibility We run each
prompt only once; therefore, we cannot assess the
stability of the LLM outputs. In addition, our qual-
ity scoring relies on a proprietary LLM, GPT-5.2,
and its performance with open-weight LLMs re-
mains unknown.

Rubric Design The rubric, checklist items, and
dimension weights were designed with the assis-
tance of LLM-based assistants and were not opti-
mized on human evaluation data. The rubric is also
designed for Japanese—English patent claims and
may need to be adapted to other language pairs.

Error Annotation The LLM may output la-
bels containing invalid subcategory combinations,
which are mapped to empty labels and may re-
sult in missing error category annotations. The
GEMBA-Patent-Hybrid method treats an empty an-
notation list from GEMBA-Patent as a valid output
and therefore does not use Encoder-GEMBA-Patent
in such cases. As a result, some claims remain with-
out error annotations even when the encoder-based
method detects errors. Moreover, because newline
characters are removed from the model input (Ses-
sion 3.3), a space within a predicted error span may
be mapped back to a newline character when map-
ping the span offsets back to the original grid text.

Author Contributions

Yingyi Fu Conducted Patent-Rubric-Chesklist
for quality scoring and implemented Encoder-
GEMBA-MQM, Encoder-GEMBA-Patent,
GEMBA-Patent, and GEMBA-Patent-Hybrid for
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Kosei Buma Conducted error annotation using
an encoder-based model.
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A Prompt for Error Annotation

Figures 1-9 show the prompts for error annotation.

B Prompt for Quality Scoring

Figures 10—12 show the prompt for Patent-Rubric-
Checklist.

C Few-shot Experiment

Setup. We additionally conduct a two-shot ex-
periment for error annotation using one human-
annotated claim from each translation direction in
the training set as examples in the prompt. For each
translation direction, among documents containing
only one claim, we select the document that has the
largest number of different error categories in its hu-
man annotations. We convert the selected few-shot
annotations to the same output format as GEMBA-
Patent, excluding annotations with an empty error
category or severity. We evaluate on the remaining
27 claims in each direction. We test two prompt
versions. GEMBA-Patent-fewshot adds the two ex-
amples to the GEMBA-Patent prompt. GEMBA-
Patent-fewshot-v2 additionally removes the instruc-
tion “If no error is detected, return {”annotations”:
[1}.” For both versions, we handle invalid outputs
in the same way as GEMBA-Patent-Hybrid. Fi-
nally, we compare the results of GEMBA-Patent-
fewshot-Hybrid and GEMBA-Patent-fewshot-v2-
Hybrid with GEMBA-Patent-Hybrid, Encoder-
GEMBA-Patent, and Encoder-GEMBA-MQM. For
GEMBA-Patent-Hybrid, Encoder-GEMBA-Patent,
and Encoder-GEMBA-MQM, we recompute the
metrics after excluding the selected claims.

Results. Table 5 shows the span-level precision,
recall and F1 score, as well as category and severity

accuracy over matched spans, on the training data
excluding the claims used as two-shot examples.
Although GEMBA-Patent-fewshot-v2-Hybrid re-
duces the number of claims with empty annotations,
both encoder-based methods achieve the highest re-
call and F1 in both translation directions. GEMBA-
Patent-fewshot-Hybrid achieves the highest preci-
sion in the JA-EN direction, whereas GEMBA-
Patent-fewshot-v2-Hybrid achieves the highest in
the EN-JA direction. GEMBA-Patent-fewshot-
Hybrid achieves the highest category and sever-
ity accuracies for the JA-EN direction, whereas
Encoder-GEMBA-Patent achieves the highest val-
ues for the EN-JA direction.

D Evaluation Results on the Test Set

Tables 67 show the evaluation results on the test
set as reported by the organizers.

E Correlations of Error Annotation
Scores with Human Evaluation

Table 8 shows the Pearson and Spearman cor-
relations between human scores and the au-
tomatic scores derived from Encoder-GEMBA-
MQM, Encoder-GEMBA-Patent, and GEMBA-
Patent-Hybrid on the training set.
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You are an annotator for the quality of patent-claim machine translation. Your task is
to identify errors and assess the quality of the translation.

Figure 1: System Prompt for GEMBA-Patent

O 00 N NN R W N =

[ —
w N = O

14

Evaluate the following translation:

{source_lang} source:
T Ttext
{source_seg}

{target_lang} translation:
ST Ttext
{target_seg}

Identify and classify translation errors using only the following hierarchy. Form each
error label by joining its hierarchy levels with hyphens while preserving spaces
and slashes within each category name.

Figure 2: User Prompt for GEMBA-Patent, Part 1: Input Format and Task Summary.

JA-EN
Method Precision Recall F1 Category Acc.  Severity Acc.
Encoder-GEMBA-MQM (GPT-5.2) 0.037 0.027  0.031 0.429 0.714
Encoder-GEMBA-Patent (GPT-5.2) 0.037 0.027  0.031 0.286 0.750
GEMBA-Patent-Hybrid 0.061 0.012  0.020 0.250 0.667
GEMBA-Patent-fewshot-Hybrid 0.067 0.015 0.024 0.467 0.933
GEMBA-Patent-fewshot-v2-Hybrid 0.064 0.018  0.029 0.368 0.737

EN-JA
Method Precision Recall F1 Category Acc. Severity Acc.
Encoder-GEMBA-MQM (GPT-5.2) 0.059 0.043  0.050 0.368 0.684
Encoder-GEMBA-Patent (GPT-5.2) 0.059 0.043  0.050 0.500 0.711
GEMBA-Patent-Hybrid 0.107 0.018  0.031 0.313 0.563
GEMBA-Patent-fewshot-Hybrid 0.080 0.018  0.030 0.250 0.438
GEMBA-Patent-fewshot-v2-Hybrid 0.084 0.024  0.037 0.333 0.524

Table 5: Error annotation results on the training data, excluding the claims used as two-shot examples.

Direction Annotation/claim Detection F1 Span F1 Severity agreement Pearson’s » Spearman’s rho
JA-EN 3.1 0.111 0.097 0.36 0.65 0.73
EN-JA 4.2 0.139 0.155 0.70 0.38 0.32

Table 6: Evaluation results of our submitted system on the test set.

Direction n Pearson’s r Spearman’s p MAE Mean (Gold/Submitted)
JA-EN 10 0.654 (p=0.0401) 0.727 (p=0.0172) 43.3 34/76
EN-JA 12 0.383 (p=0.2193) 0.320 (p=0.31) 28.2 54/72

Table 7: Correlations, MAE, and mean scores for gold MQM scores and submitted scores on the test set.

JA-EN EN-JA
Method Pearson’s 7 Spearman’s p Pearson’s r Spearman’s p
Encoder-GEMBA-MQM (GPT-5.2) 0.2874** 0.3293** 0.2752** 0.3330™"
Encoder-GEMBA-Patent (GPT-5.2) 0.2992** 0.3562** 0.2040™ 0.2689*"
GEMBA-Patent-Hybrid (GPT-5.2) 0.4927** 0.4591"" 0.3458"" 0.3746™"

*p < 0.05, **p < 0.01.

Table 8: Correlations between scores derived from error annotation and human quality scores on the training data.
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20

21

22

23

24

25
26
27

28
29

32

33
34
35

36

37
38
39

40
41
42
43

44

accuracy (main category)

addition (sub category): the translation adds technical content or claim elements

not present in the source

omission (sub category): the translation omits an essential claim element or other
source content

untranslated text (sub category): source text has been left untranslated

mistranslation (sub category): the translation incorrectly represents the inventive
idea, technical function or effect, element relationship, claim scope, claim type,
or other source meaning

- numerals/symbols (sub-sub category): a quantity, numerical range, condition,

numeral, or symbol is translated incorrectly

- article (sub-sub category): an article or antecedent basis, such as "a," "the,"
or "said," is used incorrectly

- incorrect dependency (sub-sub category): an element relationship, constraint-
clause attachment, coordination, or modification relationship is translated
incorrectly

- unknown dependency (sub-sub category): the dependency or attachment relationship
expressed in the source is not maintained and cannot be determined from the

translation

- ambiguity (sub-sub category): the translation introduces ambiguity not present in
the source, particularly ambiguity affecting element relationships or claim scope

fluency (main category)

punctuation (sub category): punctuation is incorrect, including improper sentence
division when the patent claim should be written as one sentence

spelling (sub category): spelling or capitalization is incorrect

grammar (sub category): the translation is grammatically incorrect in the target
language

register (sub category): the grammatical register is inappropriate for a patent
claim

inconsistency (sub category): the translation contains an internal inconsistency
unrelated to terminology

character encoding (sub category): characters are garbled because of incorrect
encoding

terminology (main category)

inappropriate for context (sub category): a term is non-standard or inappropriate
for the technical or patent context

inconsistent use (sub category): the same technical or claim term is translated
inconsistently

style (main category)

awkward (sub category): the translation is excessively awkward, difficult to read,
or written in narrative or explanatory prose rather than patent-claim style

other (main category): any other translation issue
source error (main category): an error in the source text
non-translation (main category): the output does not constitute a translation for

which distinct errors can be reliably identified

Figure 3: User Prompt for GEMBA-Patent, Part 2: Error Categories.
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54
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58
59
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66
67
68
69
70
71

72

Classify every error as:
- major: an error that changes or obscures meaning, claim scope, an essential claim
element, a technical relationship, or essential claim form

- minor: a limited error that does not materially affect meaning or claim scope
Return JSON only in the following format:
{
"annotations": [
i
"side": "input",
"tagged_text": "preceding context <ERROR_START>exact text span<ERROR_END>
following context",
"text": "exact text span",
"error": "accuracy-mistranslation-article",
"severity": "major"
1}
]
3}

For every annotation:

- "side" must be either "input" or "output".

- "tagged_text" must contain the complete source or translation claim with exactly one
error span enclosed by "<ERROR_START>" and "<ERROR_END>".

- If "side" is "input", create "tagged_text" from the complete source_seg.

- If "side" is "output", create "tagged_text" from the complete target_seg.

- Do not alter any part of the claim except by inserting the error tags.

- "text" must exactly equal the text enclosed by "<ERROR_START>" and "<ERROR_END>".

- "severity" must be either "major" or "minor".

- Output one annotation object per error, with exactly one tagged error in each
complete claim.

If no error is detected, return {{"annotations": []}}.

Figure 4: User Prompt for GEMBA-Patent, Part 3: Error Severities, Output Format, and Task Request.
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11

(system) You are an annotator for the quality of machine translation. Your task is to
identify errors and assess the quality of the translation.

(user) {source_lang} source:
“~"{source_seg}
{target_lang} translation:
" {target_seg}

The source segment and machine translation surrounded with triple backticks contain
exactly one pair of <ERROR_START> and <ERROR_END> tags. The tags enclose a pre-
identified error span. Classify only the error type and severity of this span. Do
not identify any additional errors.

The categories of errors are: accuracy (addition, omission, untranslated text,
mistranslation (numerals/symbols, article, incorrect dependency, unknown dependency
, ambiguity)), fluency (punctuation, spelling, grammar, register, inconsistency,
character encoding), terminology (inappropriate for context, inconsistent use),
style (awkward), other, source error, or non-translation. Join the applicable
category levels with hyphens in the "error" field.

12 Each error is classified as one of two categories: major and minor. Major errors
disrupt the flow, but what the text is trying to say is still understandable. Minor
errors are technically errors, but do not disrupt the flow or hinder comprehension.

13

14 Output only the following JSON:

15

16 "annotations": [

17 {

18 "text": "exact text enclosed by the tags, excluding the tags themselves",

19 "error": "accuracy-mistranslation-article",

20 "severity": "major"

21 13

22 ]

23 }}

Figure 5: Prompt for Encoder-GEMBA-MQM

1 You are an annotator for the quality of patent-claim machine translation. Your task is

to assign an error category and severity to each pre-identified error span.
Figure 6: System Prompt for Encoder-GEMBA-Patent

1 Evaluate the following translation:

2

3 {source_lang} source:

4 ~~"{source_seg} "

5 {target_lang} translation:

6 ~~"{target_seg} "

7

8 Text enclosed by <ERROR_START> and <ERROR_END> is a pre-identified error span. The tags

are markers and are not part of the source or translation. Classify only the

tagged error span. Do not identify additional errors or modify the span. A tagged
source span does not necessarily indicate a source error.

9

10 Use only the following hierarchy. Form the error label by joining its hierarchy levels

11

with hyphens while preserving spaces and slashes within each category name.

Figure 7: User Prompt for Encoder-GEMBA-Patent, Part 1: Input Format and Task Summary.
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12
13
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20
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23
24
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29
30
31
32
33
34
35
36
37
38
39
40

41

accuracy (main category)

addition (sub category): the translation adds technical content or claim elements
not present in the source

omission (sub category): the translation omits an essential claim element or other
source content

untranslated text (sub category): source text has been left untranslated

mistranslation (sub category): the translation incorrectly represents the inventive
idea, technical function or effect, element relationship, claim scope, claim type,
or other source meaning

- numerals/symbols (sub-sub category): a quantity, numerical range, condition,
numeral, or symbol is translated incorrectly

- article (sub-sub category): an article or antecedent basis, such as "a," "the,"
or "said," is used incorrectly

- incorrect dependency (sub-sub category): an element relationship, constraint-
clause attachment, coordination, or modification relationship is translated
incorrectly

- unknown dependency (sub-sub category): the dependency or attachment relationship
expressed in the source is not maintained and cannot be determined from the

translation

- ambiguity (sub-sub category): the translation introduces ambiguity not present in
the source, particularly ambiguity affecting element relationships or claim scope

fluency (main category)

punctuation (sub category): punctuation is incorrect, including improper sentence
division when the patent claim should be written as one sentence

spelling (sub category): spelling or capitalization is incorrect

grammar (sub category): the translation is grammatically incorrect in the target
language

register (sub category): the grammatical register is inappropriate for a patent
claim

inconsistency (sub category): the translation contains an internal inconsistency
unrelated to terminology

character encoding (sub category): characters are garbled because of incorrect
encoding

terminology (main category)

inappropriate for context (sub category): a term is non-standard or inappropriate
for the technical or patent context

inconsistent use (sub category): the same technical or claim term is translated
inconsistently

style (main category)

awkward (sub category): the translation is excessively awkward, difficult to read,
or written in narrative or explanatory prose rather than patent-claim style

other (main category): any other translation issue
source error (main category): an error in the source text
non-translation (main category): the output does not constitute a translation for

which distinct errors can be reliably identified

Figure 8: User Prompt for Encoder-GEMBA-Patent, Part 2: Error Categories.
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Classify every error as:

- major: an error that changes or obscures meaning, claim scope, an essential claim
element, a technical relationship, or essential claim form

- minor: a limited error that does not materially affect meaning or claim scope

Return JSON only in the following format:

a8
"annotations": [
i
"text": "exact text enclosed by the tags, excluding the tags themselves",
"error": "accuracy-mistranslation-article",
"severity": "major"
1}
]
1}

The "text" value must exactly match the text enclosed by <ERROR_START> and <ERROR_END>,
excluding the tags themselves. The "error" value must be one of the defined error
labels, and "severity" must be either "major" or "minor". Do not output any
additional fields or text.

Figure 9: User Prompt for Encoder-GEMBA-Patent, Part 3: Error Severities and Output Format.
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You are an expert evaluator of MACHINE TRANSLATION OF PATENT CLAIMS.

Your task is to evaluate the translation quality using a
rubric-based evaluation framework,
implemented explicitly as a CHECKLIST.

This is NOT general prose.
The input is a PATENT CLAIM, which has strict legal and structural constraints.

You must:
(1) Answer ALL checklist questions below using:
- "yes" (no problem)
- "partial" (minor or weakening problem)
- "no" (clear or serious problem)
(2) For each question, provide a short justification.
(3) Provide a brief explanation of the evaluation result.
(4) Evaluate SOURCE vs HYPOTHESIS only; no reference is provided.

Figure 10: Prompt for Patent-Rubric-Checklist, Part 1: Task Setting and Evaluation Procedure.
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CHECKLIST (PATENT-CLAIM-SPECIFIC)

[A]
Al.
A2.
A3.

[B]

B1.
B2.

B3.

[c]
Ci.
Cc2.

C3.

[p]
D1.
D2.
D3.
D4.

[E]
El.

E2.
E3.

CONTENT FIDELITY (Meaning Preservation)

Is the core inventive idea (what is being claimed) preserved?

Are the technical functions or effects preserved without distortion?

Is the translation free from hallucinated technical content not present in the
source?

ELEMENT COVERAGE (Completeness)

Are all essential claim elements translated (no omissions)?

Are relationships between elements (having, connected to, arranged on, etc.)
preserved?

Are quantities, ranges, or conditions (e.g. "at least one", numerical ranges)
preserved?

CLAIM SCOPE & LOGICAL CONSTRAINTS (CRITICAL)

Is the claiming scope preserved?

(e.g., "comprising" vs "consisting of", "characterized in that")
Are constraint clauses correctly attached?

(e.g., "wherein", "HiFtOOH~")

Are coordination vs modification relations preserved?

(e.g., A and B that each have C, NOT A and (B that has C))

CLAIM FORM & SYNTACTIC REQUIREMENTS

Is the translation written as a SINGLE SENTENCE claim?

Is the claim type preserved (apparatus / method / composition, etc.)?
Is antecedent basis consistent?

(a/the/said, HiFt~)

Does the translation avoid narrative or explanatory prose style?

FLUENCY & GRAMMATICALITY
Is the translation grammatically correct in the target language?

Is it stylistically appropriate for patent claims?
Is the sentence readable and not excessively awkward or ambiguous?

Figure 11: Prompt for Patent-Rubric-Checklist, Part 2: Rubric and Checklist Items.
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91

INPUT FORMAT

{source_lang} source patent claim:
"{source_segl}"

{target_lang} translated patent claim:
"{target_seg}"

{

"checklist_answers": {{
"A1": {{"answer": "yes", "justification": "Short justification."}},
"A2": {{"answer": "yes", "justification": "Short justification."}},
"A3": {{"answer": "yes", "justification": "Short justification."}},
"B1": {{"answer": "yes", "justification": "Short justification."}},
"B2": {{"answer": "yes", "justification": "Short justification."}},
"B3": {{"answer": "yes", "justification": "Short justification."}},
"C1": {{"answer": "yes", "justification": "Short justification."}},
"C2": {{"answer": "yes", "justification": "Short justification."}},
"C3": {{"answer": "yes", "justification": "Short justification."}},
"D1": {{"answer": "yes", "justification": "Short justification."}},
"D2": {{"answer": "yes", "justification": "Short justification."}},
"D3": {{"answer": "yes", "justification": "Short justification."}},
"D4": {{"answer": "yes", "justification": "Short justification."}},
"E1": {{"answer": "yes", "justification": "Short justification."}},
"E2": {{"answer": "yes", "justification": "Short justification."}},
"E3": {{"answer": "yes", "justification": "Short justification."}}

11,

"overall _explanation": "Brief explanation of the evaluation result in

3}

1-2 sentences."

Figure 12: Prompt for Patent-Rubric-Checklist, Part 3: Input and Output Formats.
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Abstract

This paper describes the Ehime-U system sub-
mitted to the Japanese—English Patent Claims
Translation/Evaluation Task at WAT 2026. Our
system predicts translation errors by provid-
ing an LLM with word-level correspondences
between source and target claims. We com-
pare six settings that differ in how these cor-
respondences are obtained and whether they
are used: four Unbalanced Optimal Transport
(UOT)-based alignment methods (Forward, Re-
verse, AND, and OR), one alignment gener-
ated by LLM, and a baseline without align-
ment. We discuss how the choice of word cor-
respondence affects error prediction. Against
the gold reference annotations, under the hy-
perparameter settings used in this study, pro-
viding word correspondences improves error-
detection F1 by up to 3.7 points over the no-
alignment baseline (0.512 vs. 0.475). The im-
provement is category-specific: recall increases
for alignment-dependent error categories but
not for fluency errors. Comparing the two ap-
proaches to obtaining correspondences, we find
that LLM-based alignment covers substantially
more source tokens than the UOT alignments
and achieves a higher F1 score than the best
UOT setting under the hyperparameter settings
used in this study (0.512 vs. 0.486).

1 Introduction

The Ehime University team (Ehime-U) partici-
pated in the Japanese—English Patent Claims Trans-
lation/Evaluation Task at the 13th Workshop on
Asian Translation (WAT 2026) (Nakazawa et al.,
2026). This paper describes the system that pro-
duced our submitted results. Patent claim trans-
lation requires both terminological precision and
structural fidelity (Buma et al., 2025; Nakazawa
et al., 2025). Errors such as omissions, additions,
and mistranslations can change the legal scope of a
claim (Li et al., 2019), making accurate error anno-
tation critical (Lommel et al., 2013). Most existing

{goto.isao.fn,ninomiya.takashi.mk } @ehime-u.ac.jp

systems prompt an LLM to compare the source and
target directly (Kocmi and Federmann, 2023; Lu
et al., 2024). In contrast, our system provides the
LLM with explicit word-level correspondences as
additional input when predicting translation errors.

Our motivation is that many patent-claim errors
are alignment-level phenomena (Li et al., 2019;
Arase et al., 2023). A source content word with no
target counterpart is likely an omission candidate;
a target word with no source counterpart is likely
an addition candidate; a source word aligned to
the wrong target word is likely a mistranslation
candidate. Explicit correspondences make these
patterns visible to the model.

Our contributions are as follows:

* We empirically evaluate the effect of using es-
timated word correspondences in LLM-based
translation error prediction. Against the gold
reference annotations, under the hyperparam-
eter settings used in this study, providing ex-
plicit word correspondences improves error-
detection F1 over the no-alignment baseline,
and the LLM-based alignment, which cov-
ers substantially more source tokens than the
UQOT alignments, achieves the best overall F1
(0.512 vs 0.475 for the baseline). Moreover,
the improvement is selective: recall increases
for alignment-dependent error categories (ac-
curacy and terminology consistency), while
recall for fluency errors remains unchanged.
These results show that, in Japanese—English
patent claim error prediction, the proposed
method using word correspondences is effec-
tive for some error categories such as omis-
sions and mistranslations.

* We compare two ways of estimating word
correspondences: unbalanced optimal trans-
port (Cuturi, 2013; Arase et al., 2023) us-
ing scores produced by an LLLM and LLM-
based alignment estimation. We find that
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LLM-based alignment achieves the highest
F1 (0.512), followed by the best UOT set-
ting, UOT-AND (0.486). These results indi-
cate that, under the hyperparameter settings
used in this study, the LLM we use esti-
mates word correspondences more appropri-
ately than UOT.

2 System Description

Our system consists of three stages: tokenization,
word alignment, and error prediction.

2.1 Tokenization

* Japanese: MeCab in -Owakati mode (Kudo
et al., 2004).

* English: Moses tokenizer (Koehn et al.,
2007).

These token IDs are the atomic units for down-
stream alignment and error annotation.

2.2 Word Correspondence

For each source—target sentence pair, we com-
pute a set of word links. A word link is a correspon-
dence from a source token to one or more target
tokens. We use word links as additional input to the
error-prediction stage: they indicate which source
and target tokens correspond to each other.

We obtain word links with two different meth-
ods. The first estimates a score for each token pair
and solves an unbalanced optimal transport (UOT)
problem on that score. The second asks an LLM to
predicted the alignment directly. We describe the
two methods below.

Unbalanced Optimal Transport-based
Alignment

We estimate word correspondence by first com-
puting a score for each source—target token pair,
and then solving a UOT problem on that score.
We use two alternative scoring methods: an LLM-
based semantic score (the main setting) and a
character-based lexical score (a lightweight fall-
back).

The semantic score is assigned by an LLM. We
present the tokenized source and target as local
token IDs and ask the LLM to return a sparse list
of plausible token pairs with a score s € [0, 1]
(1.0 = exact translation, 0.7 = strong candidate,
0.4 = weak candidate; unlisted pairs are treated as
no correspondence). The full prompt is listed in

Appendix A.1. We convert the scores into a dense
ground cost with C'[i][j] = 1— s for listed pairs and
CTi][j] = 1 for unlisted pairs. Because the score is
assigned by the LLM based on meaning rather than
character overlap, it provides a meaningful signal
for Japanese—English alignment.

As a lightweight fallback, we also compute a
character-based lexical score

simjex (si,t5) =max(0.5 - Jacc(s;, ;)
+0.5 - Lev(si, tj), Syn(si, tj)) N
(D

where Jacc(s;, t;) is the Jaccard similarity of the
character n-gram sets of the two tokens (n = 3),

G (si) N G(2))|

Jacc(s;, t;) = ——F————5
)= i) Ua)

with G(x) the set of character n-grams of token x;

Lev(s;, t;) is the normalized Levenshtein similar-

ity

dist(s;, tj)

Lev(s; t;) =1 — —— 50 0)
(0. 3) = = sl 1]

with dist(-, -) the Levenshtein edit distance (Lev-
enshtein, 1966); and Syn(s;,t;) = 0.9 if the pair
appears in a small Japanese—English function-word
table and O otherwise. Because Japanese and En-
glish use almost disjoint character sets, this score
is only meaningful for numerals, Latin loanwords,
and function words.

The semantic score is the main setting. When the
LLM is unavailable or returns an empty list of token
pairs, we fall back to the character-based lexical
score, which is computed entirely offline. Unless
otherwise noted, all experiments in this paper use
the semantic score.

Whichever score is used, we convert it into a
non-negative ground cost

Cli][j] = 1 —score(s;, t;) € [0,1],  (2)

where score(s;, t;) denotes either the semantic
score s or the lexical score simyex(s;,?;). Both
scores are in [0, 1], so the resulting cost is also in
[0,1]. A smaller cost means a closer correspon-
dence.

Following Cuturi (2013) for the entropy-
regularized formulation, Liero et al. (2018) and
Chizat et al. (2018) for the marginal relaxation with
KL penalties, and Arase et al. (2023) for the un-
balanced transport formulation for word alignment,
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we then solve the entropy-regularized unbalanced
transport problem

m}in{(P, C) — eH(P)

+7(KL(P1|a) + KL(P 1| b)) } 3)

where P € RZ§™ is the transport plan (n and m
are the numbers of source and target tokens, respec-
tively), C'is the cost matrix defined in Equation 2,
a € R" and b € R™ are the uniform marginal
distribution vectors for the source and target to-
kens, respectively. Specifically, their components
are defined as a; = 1/n fori = 1,...,n and
bj = 1/m for j = 1,...,m, ¢ is the entropy
regularization strength, 7 is the marginal relax-
ation strength, H (P) is the entropy of the plan,
and KL(z || y) is the Kullback-Leibler divergence.
P1 cR"and P'1 € R™ are the row and column
sums of P. Their values are given in Section 3.

Each source row P][i, :] is row-normalized into
a distribution over target tokens. A target token
j is linked to source token ¢ when the normal-
ized mass is at least link_threshold; at most
max_links_per_src target tokens are kept per
source token. A source row whose total mass is
below row_mass_f1loor is treated as having no cor-
respondence. The values of these three parameters
are given in Section 3.

From the same cost matrix we derive four align-
ments. Forward (source—target) and Reverse
(target—source) are obtained by solving UOT on
C and on C'T, respectively. AND is the strict inter-
section of the Forward and Reverse link sets, and
OR is their union.

LLM-based Alignment

We use an LLM to estimate word correspon-
dence. In this setting, the LLLM is given the to-
kenized source and target claims and is asked to
produce span boundaries and a token-level align-
ment in a single request. The prompt used for this
alignment is listed in Appendix A.2. The specific
model used is described in Section 3.2.

2.3 Translation Error Prediction Using Word
Alignment

In the error prediction stage, we use an LLM to
predict translation errors. Each input to the LLM
consists of the tokenized source claim, the tok-
enized target claim, the word correspondence list,
and the token IDs of both sides. Each claim is

processed independently: the model receives only
the current claim, and no information from other
claims of the same patent is provided. The LLM
then predicts translation errors, each containing
five parts: the side (input or output), the span
(source side uses source_token_ids, target side
uses target_token_ids), the MQM type (e.g., int
R, BRIk, 303E) (Lommel et al., 2013), and the
severity (/)N or K).

The full prompt is listed in Appendix A.3. It
contains the word correspondence list and asks
the model to examine the source—target correspon-
dence item by item, using each aligned pair as ref-
erence and referring to the definitions of the MQM
error types(e.g., atan, sk ¥, X&), following the
definitions provided in the task Web page', and
finally to predict the errors present in the source
and target. The prompt also contains the complete
token ID lists for both sides, allowing the model
to indicate the span of each error by token ID. We
then map these IDs back to character offsets: that
is, we convert the token IDs produced by the model
into a character range in the corresponding text,
taking the minimum start and the maximum end
across the tokens in the group as the character span
of the error.

The prompt additionally includes one few-shot
example drawn from the training data, to convey
the expected output format. The example is a gold-
annotated block containing a source claim, a target
claim, and a list of MQM errors, rendered in the
same format as the expected output:

SOURCE: <source claim>
TARGET: <target claim>
ERRORS: [{"side":
"error”: ..., "severity":

"text": ...,

S T

The LLM returns a single JSON object with a
quality score and a list of errors. Each error is
specified by side (input or output), token IDs,
verbatim span text, MQM error type, and severity
(/]y or K). We parse and normalize the JSON, and
map the token IDs back to character offsets. The
resulting annotations are written in the same format
as the training data.

2.4 Baseline Translation Error Prediction
without Using Word Alignment

In the no-alignment baseline, no word correspon-
dence is provided. An LLM receives only the

1https://sites.google.com/view/
pat-claims-trans-2026/
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source claim, the target claim, and the token ID
lists, and must infer errors from the raw source—
target comparison. Apart from the instructions re-
garding the use of word correspondence, the base-
line follows the same procedure as described in Sec-
tion 2.3, using the same few-shot example and out-
put format. The complete prompt used for the no-
alignment baseline is provided in Appendix A.3.1.

3 Experimental Setup
3.1 Data

We use test-set files containing Japanese patent
claims and their English translations, provided by
the Japanese—English Patent Claims Translation
Task at WAT 2026. The test set contains 10 claims
for JA-EN and 12 claims for EN-JA.

In the LLM-based error prediction stage, the few-
shot example is drawn from a single gold-annotated
file in the training data:

ja-en_sys1_02_W02024241416. json

This file contains gold MQM annotations for one
Japanese — English patent claim. We use the first
annotated block from this file as the few-shot ex-
ample.

3.2 Models and Parameters

This section summarizes which model is used
for which purpose and lists the parameters of each
model.

For word alignment, the semantic score between
source and target tokens is computed by an LLM.
We use use OpenAl GPT-6 Astra via its API for this
scoring step, with reasoning effort low and temper-
ature 0; the full prompt is listed in Appendix A.1.
Alternatively, the LLM can produce span bound-
aries and a token-level alignment directly in a sin-
gle request, as described in Appendix A.2.

For error prediction, we use OpenAl GPT-6 As-
tra via its API, with reasoning effort 1ow to reduce
latency, and temperature O for deterministic output.

For UOT, we set the entropy regularization
strength to € = 0.05, which controls how smooth
the transport plan is.> We set the marginal relax-
ation strength to 7 = 0.05, which controls how
strongly the source and target marginals are en-
forced.? The link threshold is set to 0.3, the mini-

2Smaller values make the plan closer to a hard assignment;
larger values make it smoother and easier to solve.

3Smaller values relax the marginals more, so a source

token with no counterpart can drop its mass; larger values
approach balanced optimal transport.

System Name Submitted Result Folder

LLM GPT6

BASELINE GPT6-noAlignment
UOT-AND AND

UOoT-0OR OR

UOT-FORWARD  Forward
UOT-REVERSE Reverse

Table 1: Mapping between submitted result folder
names and system names used in this paper.

mum normalized transport mass required to emit a
word link. The row mass floor is set to 0.0, effec-
tively disabling this filter. The maximum number
of links per source token is set to 3.

3.3 System Names

We compare six settings.

LLM Uses word correspondences estimated by an
LLM and predicts translation errors using an
LLM based on the source — target text and the
estimated correspondences.

UOT-AND Estimates word correspondences using
the strict intersection (AND) of the Forward
and Reverse UOT alignments and predicts
translation errors using an LLM based on the
source — target text and the estimated corre-
spondences.

UOT-OR Estimates word correspondences using
the union (OR) of the Forward and Reverse
UQT alignments and predicts translation er-
rors using an LLM based on the source —target
text and the estimated correspondences.

UOT-FORWARD Estimates word correspondences
using the Forward (source—target) UOT
alignment and predicts translation errors us-
ing an LLM based on the source — target text
and the estimated correspondences.

UoOT-REVERSE Estimates word correspondences
using the Reverse (target—source) UOT align-
ment and predicts translation errors using an
LLM based on the source — target text and the
estimated correspondences.

BASELINE Uses no word correspondences and
predicts translation errors using an LLM
based only on the source — target text.

See Section 2.2, Section 2.2, and Section 2.3 for
details. The correspondence between the submitted
result folder names and the system names used in
this paper is shown in Table 1.
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Detection F1 Recall (gold category)
Setting all output span Acc. Term. Flu. Ann/claim Sev. agr. Pearsonr Spearman p
LLM 0.512 0.555 0.283 0.40 034 0.51 11.2 0.47 0.65 0.63
UOT-AND 0.486 0.528 0.254 036 0.17 0.48 11.2 0.46 0.64 0.59
UOT-REVERSE  0.485 0.523 0.276 0.35 0.17 0.51 10.3 0.47 0.60 0.65
UOT-0R 0.482 0.526 0261 035 034 0.52 10.6 0.42 0.61 0.59
BASELINE 0475 0.510 0255 034 0.17 0.51 11.1 0.45 0.63 0.62
UOT-FORWARD 0.454 0.485 0.256 0.28 0.31 0.52 11.0 0.39 0.63 0.56

Table 2: Official results for the Ehime-U submissions to the WAT 2026 Japanese—English Patent Claims Transla-
tion/Evaluation Task. Detection F1 measures error-detection performance against the gold reference. The all setting
counts errors on both the input and output sides, whereas oufput counts only errors on the output (target) side. The
span score is span-level detection F1 at an intersection over union (IoU) threshold of 0.5. Recall is calculated over
gold-reference characters belonging to each MQM category: Acc. denotes accuracy, Term. denotes terminology
consistency, and Flu. denotes fluency. Ann/claim is the average number of submitted annotations per claim. Sev.
agr. is the severity agreement rate over characters marked as errors by both the gold reference and the submission.
Pearson r and Spearman p measure claim-level correlations between the submitted quality scores and the gold
MQM scores, respectively. The gold annotation density is 9.3 annotations per claim for JA-EN. Correlations should
be interpreted with caution because they are calculated over only 10 claims.

Setting Aligned src Null scc Aligned tgt  Null tgt
LLM 3113 1232 2667 399
UOT-AND 1346 2999 1172 1894
UOT-0R 1508 2837 1192 1874
UOT-FORWARD 1508 2837 1190 1876
UOT-REVERSE 1174 1892 1346 1720

BASELINE — — — —

Table 3: Correspondence coverage per setting. “Aligned” counts tokens with at least one link, and “Null” counts
tokens with no link. For UOT-REVERSE, the source columns count English tokens and the target columns count
Japanese tokens, so its totals are not directly comparable to the other rows.

4 Experimental Results forms worst. These results suggest that the choice
of alignment direction and combination strategy

Prediction

We compare the six settings using the official
scores provided in the task organizers’ result re-
port (Nakazawa et al., 2026).

Table 2 summarizes the official results for all six
settings, including character-level and span-level
error-detection F1, category-specific recall, anno-
tation density, severity agreement, and claim-level
score correlations. We count a reference error as
detected if a predicted error span overlaps with it;
a predicted error that overlaps with no reference
error is counted as a false positive.

For character-level detection F1 on both the in-
put and output sides (the all metric), the four UOT
variants achieve an average score of 0.477. The
best UOT setting, UOT-AND, reaches 0.486, out-
performing BASELINE (0.475). LLM achieves the
highest score (0.512), suggesting that the LLM-
based alignment is the most effective of the six
settings under this metric. Among the UOT vari-
ants, UOT-AND (0.486) and UOT-REVERSE (0.485)
perform best, whereas UOT-FORWARD (0.454) per-

The category-specific recall results reveal dif-
ferences across error categories. Compared with
BASELINE, LLM improves recall for accuracy from
0.34 to 0.40 and for terminology consistency from
0.17 to 0.34, while fluency recall remains un-
changed at 0.51. This pattern suggests that word-
correspondence information may be particularly
helpful for identifying accuracy- and terminology-
related errors.

4.2 Correspondence Statistics

Table 3 reports correspondence coverage on both
the source and target sides. “Aligned src” counts
source tokens with at least one link, and “Null src”
counts source tokens with no link; “Aligned tgt”
and “Null tgt” are defined analogously for target
tokens.

Reverse is shown from the target side, so its two
“source” columns count English tokens and its two
“target” columns count Japanese tokens; its totals
are not directly comparable to the other rows.

The statistics show that, under the hyperparam-
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Error label Main category Subcategory Sub-subcategory

AR4E 1 (omission) Accuracy Omission -
KEWER (untranslated text) Accuracy Untranslated text -
18 % Hi L (addition) Accuracy Addition -
FRAR (mistranslation) Accuracy Mistranslation -
(FEER) #E - 35 (numerals/symbols) Accuracy Mistranslation Numerals/Symbols
(FAER) 785 (article) Accuracy Mistranslation Article
GEIR) R D JERR D (incorrect dependency) Accuracy Mistranslation Incorrect dependency
FEER) #%2 D Je 531 BH (unknown dependency) Accuracy Mistranslation Unknown dependency
AR EAREY) GREEER) Terminology Inappropriate for context -
HJFt m. (punctuation) Fluency Punctuation -
7% (grammar) Fluency Grammar -
= Z 572\ (awkward) Style Awkward -
FED—HE% (inconsistent terminology) Terminology Inconsistent use -

Table 4: Mapping of the error labels used in our experiments to the MQM taxonomy.

Setting Top error types

LLM AR (41), AR (25), eta (19)
UOT-AND FURT (40), FRER (26), B (19)
UOT-OR AR (39), FRER (25), T (16)

UOT-FORWARD  FRHET (39), B2ER (24), &3 (16)
UOT-REVERSE  #R3KIT (39), 343K (24), =& (18)
BASELINE AR (39), B4ER (30), LA (18)

Table 5: Top three error types per setting.

Setting Total Major Minor
GOLD 65 40 25
LLM 112 37 75
UOT-AND 112 41 71
UOT-OR 106 36 70
UOT-FORWARD 110 37 73
UOT-REVERSE 103 39 64
BASELINE 111 34 77

Table 6: Error counts per setting. The GOLD row reports
the number of errors annotated in the gold reference.

eter settings used in our experiments, LLM pre-
dicted substantially more correspondences than any
UOT-based setting. On the source side, LLM links
3,113 tokens, whereas the UOT variants link 1,174
—1,508; on the target side, LLM links 2,667 tokens,
compared with 1,172 - 1,346 for UOT variants. Un-
der these experimental conditions, the LLM-based
alignment is considerably denser than the UOT
alignments.

4.3 Error Type Distribution

Table 4 presents the mapping between all error
labels used in our experiments and the correspond-
ing categories in the MQM taxonomy. Table 5 lists
the three most frequent error labels for each set-
ting. The same three labels were the most frequent
across all settings: FR#& 1} (omission), F2aR (mis-
translation), and &3 (article error). gR#kIT was
the most frequent overall, appearing 39-41 times

per setting, indicating that omission was the dom-
inant error type in this dataset regardless of the
alignment setting.

Table 6 compares the number and severity of
errors in the gold reference with those predicted
by the six settings. The gold reference contains
65 annotated errors, including 40 major and 25
minor errors. In contrast, the six settings predicted
between 103 and 112 errors in total, substantially
more than the number of errors annotated in the
gold reference.

Among the six settings, UOT-AND and LLM pre-
dicted the most errors (112 each), whereas UOT-
REVERSE predicted the fewest (103). The number
of predicted major errors ranged from 34 to 41,
with UOT-AND predicting the most (41) and BASE-
LINE the fewest (34). The number of predicted
minor errors ranged from 64 to 77, with BASELINE
predicting the most (77) and UOT-REVERSE the
fewest (64).

Overall, under the hyperparameter settings used
in this study, all six settings predicted more errors
than were annotated in the gold reference. The
predicted error counts and severity distributions
also varied across settings, although the three most
frequent error labels remained the same. The differ-
ences between settings are small overall (Table 5).

4.4 Qualitative Observations

We observe that omission (§R4%7}) and mistrans-
lation (F%&R) errors dominate in every setting, and
that the three most frequent error types are the same
across all six settings. This suggests that the choice
of word correspondence mainly affects the number
of errors the model reports, not the set of dominant
error types. The differences between settings are
small: UOT-AND predicted the most major errors,
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while BASELINE predicted the fewest major but the
most minor errors. The latter is consistent with the
no-alignment baseline flagging more low-severity
issues when it cannot rely on correspondence infor-
mation.

5 Conclusion

We presented a three-stage error prediction sys-
tem for patent claim translations that used word-
level correspondence as auxiliary information. The
first stage tokenized the source and target claims
using language-specific tokenizers. The second
stage predicted word correspondences using five ap-
proaches: four unbalanced optimal transport (UOT)
alignment strategies (Forward, Reverse, AND, and
OR) and one LLM-based alignment method. To-
gether with a no-alignment baseline, these ap-
proaches yielded six experimental settings. The
third stage prompted an LLM to predict MQM er-
rors using the word correspondences, or without
them in the baseline setting, along with one few-
shot example and a filtered correspondence list.

Among the six settings, the LLM-based align-
ment achieved the highest error-detection F1.
It also outperformed the no-alignment baseline
(0.512 vs. 0.475; Table 2). Compared with the
gold reference annotations, the improvement var-
ied across error categories: recall for accuracy and
terminology consistency increased, whereas recall
for fluency errors remained unchanged (Table 2).
The three most frequent error types were the same
across all settings (AR#& 1}, FRFR, and &&; Ta-
ble 5), while the total number of predicted errors
varied only slightly (103—112; Table 6). These
results suggest that word correspondence can im-
prove error-detection performance, particularly for
accuracy- and terminology-related errors, although
the observed performance differences were rela-
tively small and depended on the experimental set-
tings.

Future work includes tuning the unbalanced opti-
mal transport parameters (e, 7, link threshold, and
row mass floor) on development data, and extend-
ing the evaluation to more translation directions.
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A Prompts

This appendix lists the prompts used in the
pipeline. All prompts were issued to GPT-6-Astra
through an OpenAl API with reasoning effort low
and temperature 0. Placeholders in curly braces are
replaced at run time.

A.1 LLM-based Token-Pair Scoring

The UOT score stage asks the model to score how
strongly each source token corresponds to each
target token, so that a downstream UOT solver can
find the globally optimal word alignment.

[System]
You are an expert bilingual patent linguist.

SOURCE LANGUAGE: {source_language}
TARGET LANGUAGE: {target_language}

You are given the tokenized SOURCE and TARGET
as LOCAL token IDs.

Your job is NOT to produce the final alignment.

Your job is to score how

strongly each SOURCE token corresponds to each
TARGET token, so that a

downstream Unbalanced Optimal Transport (UOT)
solver can find the globally

optimal word alignment.

For every SOURCE token that has a plausible
translation in the TARGET, list
the candidate TARGET tokens and a score in [0,
1]:

1.0 this is the exact translation of the
source token

0.7 a strong candidate (synonym,
inflection, or the same term)

0.4 = a weak candidate (related meaning,
part of the same phrase)

omit = not a plausible counterpart
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Rules:

- Score by MEANING, not surface form.
Japanese and English rarely share

characters, so a lexical match is usually
meaningless.

Repeated terms (Hiisc / "the”, HHEL /7 "
output voltage") should be scored

for EVERY occurrence, by syntactic position.

Function words (@, %, 12, 2%, X, &)
usually map to an English

preposition/determiner or to nothing; score
them 0.4-0.7 where a target

counterpart exists.

List at most 5 target candidates per source
token.

You do NOT need to cover every source token;
the solver handles gaps.

Return JSON only:

{"scores"”: [{"source”: @, "target”: 3, "score":
0.93,
{"source”: 1, "target"”: 4, "score":
0.631%}
[User]

SOURCE TOKENS:
{src_listing}

TARGET TOKENS:
{tgt_listing}

Score the plausible source->target token
correspondences.

- List only pairs that are plausible
counterparts.

- Use a score in [0, 1].

- You do NOT need to cover every source token.

Return JSON only.

A.2 Word Alignment

The alignment stage asks the model to produce
span boundaries and a token-level alignment in one
JSON object.

[System]
You are an expert bilingual patent linguist.

SOURCE LANGUAGE: {source_language}
TARGET LANGUAGE: {target_language}

You are given the tokenized SOURCE and TARGET
as LOCAL token IDs.
Do TWO things in ONE answer:

(A) SPAN CONSTRUCTION -- mark, for EACH side
independently, where each

new span begins. Output "source_breaks” / "
target_breaks”: the token

index where each new span begins. Index @
always starts the first span.

(B) TOKEN-LEVEL ALIGNMENT -- state which
SOURCE TOKENS correspond to

which TARGET TOKENS. Use the DIRECT token IDs
you were shown

([sel, [s11, ./ [Tel, [T11,

...), NOT span
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ordinals.

CRITICAL RULES FOR ALIGNMENT:
1. Each alignment entry has EXACTLY ONE source
token in "source_tokens".
2. A source token may map to ZERO, ONE, or TWO
target tokens.
3. ALIGN LEXICAL MEANING, not phrase meaning.
4. For noun phrases, align nouns to nouns and
modifiers to modifiers.
5. Repeated words must be resolved
independently.
6. Match repeated terms by SYNTACTIC POSITION,
not surface proximity.
7. A target token should normally be the
counterpart of AT MOST ONE
source token.
8. Word order may differ.
9. Leave a source token unaligned ([]) ONLY
when it is a Japanese
grammatical particle.

Return JSON only:
{"source_breaks": [0, 2, 3], "target_breaks":

(o, 31,

"alignments”: [{"source_tokens"”: [0], "
target_tokens”: [1]1}, ...1}

[User]

SOURCE TOKENS:
{src_listing}

TARGET TOKENS:
{tgt_listing}

Mark the span boundaries for each side, then
align each SOURCE token to

its direct lexical translation equivalent in
the TARGET.

ONE source token per alignment entry.

ZERO, ONE, or TWO target tokens. Never more
than TWO.

If there is no direct lexical counterpart,
return [].

Search the entire target window; do not rely
on token position.

Return JSON only.

A.3 Error Prediction

The error prediction stage asks the model to re-
port translation errors in the MQM schema. The
prompt contains the source and target claims, the
word correspondence list, the token ID lists, the
MQM error type definitions, and one few-shot ex-
ample.

[System]

You are an expert MQM patent translation
annotator. Output exactly one

JSON object, nothing else.

[User]
Report all translation errors you can identify.

Perform the analysis in multiple passes:
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1. Check every source content word and short
phrase against its

translation.

2. Check every target content word and short
phrase for unsupported

additions.

3. Check numbers, symbols, terminology,
articles, grammar, dependencies,

and punctuation.

4. Check whether any source content is missing
or left untranslated.

5. Check consistency across the whole
translation.

6. After completing all checks, output every
independently identifiable

error.

Do not stop when you find a few errors.
Do not assume that a generally understandable
translation is error-free.

SOURCE ({source_language}):
{source_text}

TARGET ({target_language}):
{target_text}

TOKEN IDS (use these IDs for every error span):
{token_listing}
{alignment_section}

Output shape (exactly this JSON, no prose, no
markdown) :
{"score": 85, "errors": [{"side": "output”,
"target_token_ids": ["T@Q"], "text": "<
verbatim span>",
"error”: "<label>", "severity”: "/IN"}1}

The "score”" must be an integer from @ to 100.
Do NOT output

"start”/"end"; Python computes offsets. For
output errors return

target_token_ids; for input errors return
source_token_ids. Use the

smallest consecutive token ID span covering
the error.

HEEH L = Translation includes information

that is not present in the source and that
is not supposed to be included

R#Y = Translation is missing content from
the source and the omission is
inappropriate.

AFIER = Source text has been left untranslated

AHER = Translaiton does not accurately
represent the source.

GREIRDEE - 525 = Translation errors related
to numerals and symbols.

(FRFR)YEEA = Incorrect use of articles

GEFRDRDJEEED = The adjective phrase or
parallel structure has an incorrect
dependency (please point out the correct
dependency)

GEFRDR D AR = The dependency structure
of the source is not maintained.

GEFRRRDOBEMRM = The translation is more
ambiguous than the source text (e.g. the
source text can be interpreted in two ways




, whereas the translation can be
interpreted in three or more ways).

fJFts = Incorrect punctuation (for locale or
style, including improper sentence
division, since patent claims must be
written in one sentence). 1) An English
text uses a semicolon where a comma should
be used. 2) A two-digit year reference
begins with an open single quote instead
of a close single quote (apostrophe). 3) A
Greek text uses a question mark instead
of the anticipated semicolon to express a
question. 4) German quotation marks are
carried over into English or French target

content.
ARV v = Incorrect spelling or
capitalization.
X% = Problems with grammar, other than
orthography.

SEHEH = Wrong grammatical register (eg,
inappropriately informal pronouns).

—HEMEDKRAN = Internal inconsistency (not
related to terminology)

XFIYa—7 4 ¥% = Characters are garbled
due to incorrect encoding.

AR EAEY) (GREE#EIR) = Terminology is non-
standard or does not fit context.

sED—HEM = Terminology is used

inconsistently.

¥ ZH74\ = Translation has stylistic problems

Z DAttt = Any other issue.

JFiXX L5 — = An error in the source.

JEBHER = Impossible to reliably characterize
distinct errors.

SPAN RULE (very important): for each error,
quote the MINIMAL sub-span

that IS the error -- ONE word or ONE short
phrase. Do NOT quote the

surrounding clause.

Identify all errors you can find.
Example (format only):
{fewshot}

Return exactly one JSON object.

A.3.1 No-Alignment Baseline

The error prediction stage asks the model
to report translation errors in the MQM
schema. The prompt contains the source and

target claims, the token ID lists, the
MQM error type definitions, and one few-
shot example.

\begin{lstlisting}

[System]

You are an expert MQM patent translation
annotator. Output exactly one

JSON object, nothing else.

[User]
Report all translation errors you can identify.

Perform the analysis in multiple passes:
1. Check every source content word and short
phrase against its

translation.
2. Check every target content word and short
phrase for unsupported
additions.
3. Check numbers, symbols, terminology,
articles, grammar, dependencies,
and punctuation.
4. Check whether any source content is missing
or left untranslated.
5. Check consistency across the whole
translation.
6. After completing all checks, output every
independently identifiable
error.

Do not stop when you find a few errors.
Do not assume that a generally understandable
translation is error-free.

SOURCE ({source_language}):
{source_text}

TARGET ({target_language}):
{target_text}

TOKEN IDS (use these IDs for every error span):
{token_listing}

Output shape (exactly this JSON, no prose, no
markdown) :
{"score": 85, "errors": [{"side": "output”,
"target_token_ids": ["T@Q"], "text": "<
verbatim span>",
"error”: "<label>", "severity”: "/I\"}1}

The "score" must be an integer from @ to 100.
Do NOT output

"start”/"end"”; Python computes offsets. For
output errors return

target_token_ids; for input errors return
source_token_ids. Use the

smallest consecutive token ID span covering
the error.

HEEH L = Translation includes information
that is not present in the source and that
is not supposed to be included
R#lY = Translation is missing content from
the source and the omission is
inappropriate.
AFIER = Source text has been left untranslated
AHER = Translaiton does not accurately
represent the source.
GRIRDEE - 525 = Translation errors related
to numerals and symbols.
(FHFR) A = Incorrect use of articles
GEFRDRDJEIED = The adjective phrase or
parallel structure has an incorrect
dependency (please point out the correct
dependency)
GEFRRD AR = The dependency structure
of the source is not maintained.
GEFRRROBEMRM: = The translation is more
ambiguous than the source text (e.g. the
source text can be interpreted in two ways
, Whereas the translation can be
interpreted in three or more ways).
fJEts = Incorrect punctuation (for locale or
style, including improper sentence




division, since patent claims must be
written in one sentence). 1) An English
text uses a semicolon where a comma should
be used. 2) A two-digit year reference
begins with an open single quote instead
of a close single quote (apostrophe). 3) A
Greek text uses a question mark instead
of the anticipated semicolon to express a
question. 4) German quotation marks are
carried over into English or French target

content.
ARV ¥ = Incorrect spelling or
capitalization.
X% = Problems with grammar, other than
orthography.

inappropriately informal pronouns).

—HEMEDKRAN = Internal inconsistency (not
related to terminology)

XFI>a—7 4 ¥% = Characters are garbled
due to incorrect encoding.

AR EAEY) GREE#EIR) = Terminology is non-
standard or does not fit context.

HFEDO—EM: = Terminology is used
inconsistently.

¥ ZH74\ = Translation has stylistic problems

Z DAttt = Any other issue.

JFEXX TS — = An error in the source.

JEBHER = Impossible to reliably characterize
distinct errors.

SPAN RULE (very important): for each error,
quote the MINIMAL sub-span

that IS the error -- ONE word or ONE short
phrase. Do NOT quote the

surrounding clause.

Identify all errors you can find.
Example (format only):
{fewshot}

Return exactly one JSON object.

A.4 Few-Shot Example Format

The few-shot example is a gold-annotated block
rendered in the same format as the expected output:

SOURCE: {truncated source claim}

TARGET: {truncated target claim}

ERRORS: [{"side": ..., "text": ..., "error":
., "severity”: ...}, ...]
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Abstract

We describe GABU, our WAT2026 English-
to-Indic multimodal translation system
(WAT2026 Organizers, 2026), which trans-
lates image grounded English captions into
Hindi, Bengali, Malayalam, and Odia. The
task follows the WAT English-to-Indic mul-
timodal track setup with text only, im-
age captioning, and multimodal tracks
(Parida and Bojar, 2025; Parida et al.,
2024). Our system builds on the pre-
trained, instruction-tuned vision-language
model google/gemma-4-E4B-it. Each in-
put combines a cropped visual region with
the English caption, rendered through a
chat template with a script constrained
translation instruction. We explore two
approaches which includes a zero shot base-
line and a fine tuned approach of the model
using QLORA (rank 64, alpha 128, 4-
bit NF4, double quantization), trained for
3,000 steps due to computational resource
constraints, reflecting our aim to adapt the
model’s existing instruction-following abil-
ity rather than train it from scratch. We
evaluate both systems using BLEU and
CHRF3 under greedy decoding and report
macro averaged scores across the target
languages. The fine-tuned model substan-
tially outperforms the zero shot baseline
and achieves a BLEU score of 43.97 and
69.99 CHRF3 on the test split, and 40.37
BLEU and 68.25 CHRF3 on the challenge
split. These results correspond to improve-
ments of 24.39 BLEU and 18.72 CHRF3
points on the test split, and 16.70 BLEU
and 11.90 CHRF3 points on the challenge
split.

Ramesh Saud
rajusaud245@gmail.com

Sunil Regmi
Kathmandu University
sunil.regmi@ku.edu.np

low resource Indic languages by using paired
visual context alongside source text (Parida
and Bojar, 2025; Parida et al., 2024). The
underlying task builds on the Visual Genome-
derived Hindi and Bengali datasets (Parida
et al., 2019; Sen et al., 2022) and the broader
Multi30K paradigm of image-grounded transla-
tion (Elliott et al., 2016). Visual context is most
valuable where the source caption is ambiguous:
classic examples include polysemous words such
as “court” or “dish”, whose correct Indic render-
ing can depend on the depicted scene. Whether
models genuinely exploit images rather than
improving through regularization or strong tex-
tual priors remains actively debated at the same
time (Wu et al., 2021; Caglayan et al., 2019; Li
et al., 2021). Our work targets the WAT2026
English-to-Indic multimodal task. The system
described here is implemented and evaluated
for four languages: Hindi (hi), Bengali (bn),
Malayalam (ml), and Odia (or). We investigate
how far a modern pretrained vision-language
model can be taken in this setting rather than
engineering a bespoke fusion architecture: first
as a zero shot image grounded translator, then
adapted with parameter efficient fine-tuning
under tight compute constraints. Our contri-
butions are:

e A parameter efficient fine-tuning approach
using QLoRA joint training and over the
four target languages.

e A comparison between zero shot baseline
and finetuning approach.

e An evaluation on BLEU and CHRF3 with
greedy based decoding.

1 Introduction

The English-to-Indic multimodal machine
translation (MMT) aims to improve transla-
tion of image-grounded English captions into
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The adapted system substantially outper-
forms the zero shot baseline on every language
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and split (Section 6.3), with the largest gains
observed where the base model could barely
produce the target script.

2 Related Work

Multimodal translation architectures.
Early neural MMT introduced a doubly atten-
tive decoder that attends to source words and
spatial image features independently (Calixto
et al., 2017). Subsequent Transformer based
MMT proposed multimodal self-attention that
grounds image representations in the source
text to avoid encoding irrelevant visual infor-
mation (Yao and Wan, 2020), building on the
Transformer backbone (Vaswani et al., 2017).
The recent WAT/WMT Indic systems explore
gated fusion of textual and visual encoders
(Hatami et al., 2024), object tags verbalized
as text for a pretrained multilingual backbone
(Gupta et al., 2021), ViT visual tokens pro-
jected into a multilingual LLM with autore-
gressive decoding (Khan et al., 2024), and
InternVL2-derived image context with knowl-
edge distillation (Rajpoot et al., 2024).

English-to-Indic and low resource MMT.
The WAT2025 findings define three tracks (text
only, captioning, multimodal) across Hindi,
Bengali, Malayalam, and Odia (Parida and Bo-
jar, 2025); the WMT2024 low resource MMT
task covers a related English-to-low resource
setting including Indic languages (Parida et al.,
2024). The strong text only multilingual back-
bones are central: IndicTrans2 covers all 22
scheduled Indian languages (Gala et al., 2023),
mBART provides multilingual denoising pre-
training transferable even to unseen pairs (Liu
et al., 2020), and web scale NLLB-style models
demonstrate scaling to 200 languages (NLLB
Team, 2024). Task specific WAT2025 systems
build directly on IndicTrans2 with parameter
efficient adaptation and data correction (text
only track) (Betala et al., 2025), or probe se-
lective CLIP based visual grounding on top of
it (Kumar et al., 2025).

Datasets. Hindi Visual Genome provides
English—Hindi image-caption pairs created by
post editing automatic translations with the
image in view (Parida et al., 2019). Bengali
Visual Genome extends the same methodology
to English—Bengali for both translation and

captioning (Sen et al., 2022). These follow the
Multi30K precedent of pairing images with mul-
tilingual descriptions (Elliott et al., 2016).

When does vision help? Whether visual
context genuinely improves MMT is actively
debated. Controlled studies show models can
exploit images under degraded textual con-
text (Caglayan et al., 2019), while other anal-
yses find gains may stem from regularization
rather than visual grounding (Wu et al., 2021),
and that Multi30K-style references translated
without seeing images weaken visual reliance
(Li et al., 2021). Stronger vision encoders
help when probed carefully (Li et al., 2022),
with contrastive vision-language models such
as CLIP (Radford et al., 2021) widely used
for selective grounding (Kumar et al., 2025).
For language pairs lacking multimodal parallel
data, visual prediction networks that supply
pseudo-visual features enable zero shot cross-
modal transfer (Hirasawa et al., 2023), which
is relevant for very low resource targets.

Parameter efficient adaptation and eval-
uation. Low rank adaptation freezes pre-
trained weights and learns rank decomposed
residual updates that can be merged at de-
ployment without inference latency (Hu et al.,
2022); its quantized variant combines a frozen
4-bit NormalFloat base with double quantiza-
tion and trainable adapters (Dettmers et al.,
2023). For evaluation, BLEU computed follows
the standardized detokenized reporting practice
(Post, 2018), and chrF is the character n-gram
F-score whose beta parameter balances preci-
sion and recall (Popovi¢, 2017). Concretely,
BLEU combines a brevity penalty BP with the
geometric mean of n-gram precisions p,, (Pap-
ineni et al., 2002),

4
BLEU::BP-exp<§:ilqy%>,

n=1

computed here with 13a tokenization, case sen-
sitively, against a single reference. chrF is the
Fj3 score over character n-grams (here 8 = 3,
character order 6 with word-bigram statistics),

(1+p%)PR

Chng = ,52P+R s

where P and R are the averaged n-gram preci-
sion and recall.
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3 Dataset and Preprocessing

3.1 WAT Task Setup

The WAT English-to-Indic multimodal track
setup comprises text only, image captioning,
and multimodal tracks (Parida and Bojar, 2025;
Parida et al., 2024). The WAT2025 instantia-
tion covered English into Hindi, Bengali, Malay-
alam, and Odia (Parida and Bojar, 2025). The
related WMT2024 low resource MMT task cov-
ers a comparable English-to-low resource set-
ting including Indic languages (Parida et al.,
2024). A distinguishing property of this task
family is that captions are attached to rectan-
gular image regions rather than whole images,
so localized visual context is the relevant signal
(Parida and Bojar, 2025). Our submission is a
multimodal, multilingual system that uses the
image, the annotated region, and the English
caption jointly in one model covering all four
languages.

3.2 Languages and Data

We work with the Visual Genome derived cor-
pora for our four implemented languages. The
hindi Visual Genome provides English—Hindi
image-caption pairs created by post editing au-
tomatic translations with the image in view,
together with a challenge subset concentrating
ambiguous words (Parida et al., 2019). The ben-
gali Visual Genome extends the same method-
ology to English—Bengali for both translation
and captioning (Sen et al., 2022). Malayalam
and Odia are covered by the Malayalam Visual
Genome 1.0 and Odia Visual Genome releases
(Parida and Bojar, 2021; Parida et al., 2025).

These follow the Multi30K precedent of pair-
ing images with multilingual descriptions (El-
liott et al., 2016). Our training uses the train
and development splits only whereas test and
challenge material is held out for evaluation
(Table 1). For Odia, no challenge reference
text was released (images only). Therefore,
challenge evaluation covers Hindi, Bengali, and
Malayalam.

3.3 Image Processing

Each annotated bounding box is cropped with
15% contextual padding (clamped to image
bounds; degenerate boxes fall back to the full
image) and converted to an RGB thumbnail
capped at 448 x 448 preserving aspect ratio.

Language Train Dev  Test Challenge
Hindi 28,930 998 1,595 1,400
Bengali 28,930 998 1,595 1,400
Malayalam 28,930 998 1,595 1,400
Odia 28,930 998 1,595 -

Table 1: Dataset statistics.

Only this crop is fed to the model, with text pre-
processing limited strictly to whitespace strip-

ping.
3.4 Region Coordinate Representation

The padded box is additionally expressed on
a 0-1000 scale and inserted into the prompt
as Region coordinates [x1, y1, x2, y2] on
a 0-1000 scale, so the model receives both
the pixels of the region and its normalized lo-
cation. We use annotated region cropping and
coordinates only. There is no object detector
and no learned grounding module beyond the
vision-language model itself.

3.5 Prompt Construction

We render each instance as a single turn chat
message: the system instruction, the region
image, and the user text. The system instruc-
tion states that the model is given a cropped
image region with its location and a short En-
glish caption describing that region, and must
output exactly one line. The caption in the
target language and script only, with no ex-
planation, quotes, English, or romanization.
Target scripts are named explicitly (Devana-
gari, Bengali, Malayalam, Odia). The user text
gives the 0-1000 coordinates, the English cap-
tion, and requests the target language caption.
The reference translation during finetuning is
appended as the assistant turn; at inference
the template ends with the generation prompt.
Formally, with target language L;, cropped re-
gion image C|, normalized box B, and English
caption x, the message sequence is

M = [s(Ly), C, u(B,z,Ly)],

where s is the system instruction, wu the
user text, and the rendered prompt is P =
ChatTemplate(M) with the generation prompt
appended; training appends the reference y as
the assistant turn. The identical template is
used in both approaches, so all measured dif-
ferences are weight effects rather than prompt
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effects. Table 2 summarizes the prompting and
generation settings.

Setting Value

expert-translator framing +
one-line  target-script-only
contract

0-1000 box + English caption
+ target-script cue

cropped 448-px region

none

processor
apply_chat_template, genera-
tion prompt appended

same template + reference as
assistant turn

greedy, max. 32 new tokens
special tokens skipped, whites-
pace collapsed single line
3407 (training only)

System instruction

User text

Image turn
Few-shot examples
Chat template

Training prompt

Decoding
Postprocessing

Seed

Table 2: Prompting and generation settings.

4 Methodology
4.1 System Architecture

Figure 1 shows the implemented pipeline.
Shared input processing turns each Visual
Genome sample (image, bounding box, English
caption) into a padded region crop plus a chat
template prompt carrying the 0-1000 region
coordinates. The both approaches feed this
identical input to Gemma 4 E4B-it (4-bit NF4),
which generates the Indic caption.

4.2 Zero Shot Baseline

The baseline loads google/gemma-4-E4B-it
with its auto processor under 4-bit NF4 quanti-
zation with double quantization and FP16 com-
putation, and scores it without any adapter.
Evaluation covers the test split in all four lan-
guages and the challenge split where reference
text is available (Hindi, Bengali, Malayalam);
the Odia challenge text was not released, so
Odia challenge scoring is skipped. Two isolated
worker processes (one per GPU) generate per-
language outputs with resumable, Hub synced
prediction files.

4.3 Parameter Efficient Fine-Tuning

The fine-tuning adapts the same base model
with LoRA (Hu et al., 2022) under 4-bit quan-
tization (Dettmers et al., 2023). Training
rows from all four languages are flattened into
a single dataset with a single adapter (joint

multilingual training); only train and develop-
ment splits are touched. The collator masks
the rendered prompt and supervises only the
reference translation. The base weights stay
frozen via the PEFT adapter mechanism. The
adapter contributes 139,526,144 trainable pa-
rameters, i.e. 1.73% of the 8,080,626,976 total
parameters, using peft 0.19.1 with QLoRA
because google/gemma-4-E4B-it is already in-
struction tuned. Our objective was to adapt
the model’s existing multimodal instruction-
following ability to English-to-Indic translation
rather than perform extensive task-specific pre-
training. The adapter was trained for 3,000
steps Section 5.

4.4 QLoRA Configuration

The base model is loaded with 4-bit Nor-
malFloat quantization, double quantization,
FP16 computation dtype, and scaled dot-
product attention.

LoRA uses rank 64, alpha 128, dropout 0.05,
no bias, causal LM task type, and targets the
query, key, value, and output projections as
well as the gate, up, and down projections of
the feed-forward blocks. Each adapted weight
matrix takes the form

W' =Wy + < BA,
T

where Wy is the frozen base weight, A and
B are the trainable low-rank factors (r = 64,
a = 128), A is randomly initialized, B starts
at zero so that W’ = W, at the beginning of
training, and dropout is applied to the LoRA
input (Hu et al., 2022).

4.5 Final Model for Evaluation

Training was run for 3,000 steps (Sec-
tion 5), and the resulting best_adapter
checkpoint is merged into the base model
(merge_and_unload) and re-quantized to 4-bit
NF4 at scoring time with the identical worker
configuration, so the final numbers are pro-
duced by the same code path as the baseline.
The evaluation script pulls the adapter from
the Hub head without a pinned revision. The
stored best. json identifies step 3000 (macro
CHRF3 71.59) as the best and final check-
point, so the evaluated adapter corresponds
to that recorded selection artifact rather than
to a pinned Hub revision.
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VG Sample
image + box + EN caption

Zero shot
frozen weights

-

Generation
greedy, 32 tokens

Indic caption
BLEU / CHRF3

!

Region preprocessing G];Tén iat4
15% pad, crop, RGB, 448 px Abit NF4

l T 1
| train | QLoRA fine-tuning !
1 r=64, joint 4-language
{ I

Multimodal input
region + 0-1000 coords + caption

shared input processing

training only path

Figure 1: System architecture.

5 Training and Inference

Table 3 lists the training configuration. Opti-
mization uses 8-bit AdamW with learning rate
10~%, a cosine schedule, and a 0.05 warmup
ratio. Each worker uses per device batch size 1
with gradient accumulation 8, giving an effec-
tive batch size of 16 over two-way data-parallel
training; gradient checkpointing is enabled and
the random seed is 3407. Maximum sequence
length is 1024, with early stopping (patience 3,
threshold 0.001); checkpoints are written every
500 steps (three retained) and pushed, rank-0
only, to a dedicated Hub repository together
with training progress. Training is resumable
from the latest local or Hub checkpoint. Train-
ing ran for 3,000 steps; the step-3,000 check-
point is the one evaluated.

The training objective is causal language
model cross-entropy restricted to the reference
answer tokens. With rendered prompt P and
reference token sequence y = (y1,...,yr), let A
be the positions of the answer tokens (prompt
prefix and padding positions are masked to
—100 by the collator). The loss over the train-
able LoRA parameters @ is

1
ﬁ(@) = 77 ZIOgPQ(yt | y<t7P)7
"A’ te A

with no label smoothing or token reweighting.
The learning rate follows linear warmup for
the first s, = 5% of steps and cosine decay
afterwards:

Irmax - S/Swa

—1“3“ (1 + coswsfs“’) , S>> Suw,

§ < Sy,
Ir(s) =

S—sw

with Irpax = 1074 and S = 3,000 training
steps.

Adapter selection
dev CHRF3, merge !

T

merged

Parameter

Value

Base model
Quantization
LoRA rank / «
LoRA Dropout
Target modules
Optimizer
Learning rate
Scheduler
Warmup

Batch size
Hardware
Gradient check-
point
Max.
length
Training steps

sequence

Early stopping
Checkpoint
lection

se-

Generation

google/gemma-4-E4B-it
4-bit NF4, double quantization
64 / 128

0.05

q, k, v, o, gate, up, down
AdamW (8-bit)

10

cosine

0.05

2 x 1 x 8 = 16 effective
2x T4

enabled

1024

3,000
straint)
patience 3, threshold 0.001

best eval. loss 4+ best macro CHRF3
adapter (step 3,000)

greedy, max. 32 new tokens

(compute-resource  con-

Table 3: Fine-tuning configuration as implemented.

Development monitoring combines forward
loss scoring on a 400 row subset (100 per lan-
guage) with generation scoring on a 200 row
subset (50 per language) at every save. Check-
point selection is dual: the trainer keeps the
best model by development loss, while a sepa-
rate best_adapter directory (with best. json
and metric history) is refreshed whenever macro
CHRF3 improves. Inference in both approaches
is greedy (do_sample=False, at most 32 new
tokens),

U = argmgxpg(w ’ U<t, P),

with special tokens skipped and outputs whites-
pace normalized.
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Setting Value

Splits scored test n=1,595 x 4; challenge
n=1,400 x 3

References dataset target captions, single ref-
erence per row

Predictions per row JSONL (idx, ref, decoded)

+ plain text files

corpus_bleu defaults +
corpus_chrf (8=3)
2 dp; unweighted macro mean over

Metric code

Rounding / ag-

gregation evaluated languages
Dev role (fine- loss subset 400 + generation subset
tune) 200 for selection only

Table 4: Evaluation configuration.

6 Evaluation

6.1 Metrics

We report BLEU computed following the stan-
dardized detokenized reporting practice (Post,
2018), and chrF with beta 3 (CHRF3), the char-
acter n-gram F-score variant (Popovié¢, 2017).
Scores are computed per language and aggre-
gated as unweighted macro means across the
evaluated languages.

6.2 Experimental Setup

The zero-shot baseline is evaluated on the held-
out test split (all four languages) and the chal-
lenge split (Hindi, Bengali, Malayalam). The
fine-tuned adapter was monitored on develop-
ment generation subsets during training and
then evaluated on the same held-out splits. De-
coding is greedy, so reruns are comparable with-
out sampling variance. Final fine-tuned num-
bers come from scoring the merged best adapter
on the full test (1,595 rows per language) and
challenge (1,400 rows per language) splits, us-
ing the same prompt code, generation settings,
row order, and metric code as the baseline. Ta-
ble 4 summarizes the evaluation configuration,
and Table 5 compares the two approach.

6.3 Results

On the development trajectory Table 6 where
macro CHRF3 peaks at step 3,000 (71.59),
which is the last checkpoint reached and there-
fore also the submitted adapter. Final held-out
results are in Table 7.

7 Error Analysis

The both approach uses the same input con-
struction, prompt template, decoding proce-

dure, and evaluation code, the comparison iso-
lates the effect of model adaptation under this
experimental setup. However, without text
only, image mismatch, or region/full image
ablations, the contribution of visual informa-
tion itself cannot be isolated. The test gains
are uneven across languages (Table 7): Odia
shows the largest absolute BLEU gain (-+44.65,
from 5.84 to 50.49) starting from the weak-
est zero shot baseline (CHRF3 37.25 to 72.82),
while Hindi shows the smallest test BLEU gain
(+10.10) starting from the strongest zero shot
BLEU (31.99). Bengali (+18.93) and Malay-
alam (+23.85) fall in between. On CHRF3
the same ordering holds (Odia +35.57, Malay-
alam +16.26, Bengali +15.22, Hindi +47.85).
These are observed patterns, not proof of why
the model behaves this way. On challenge,
Hindi reaches the best metric in our evalu-
ation (50.58 BLEU / 69.68 CHRF3), while
Bengali and Malayalam gains (420.47/+14.10),
(+15.55/+413.03) respectively.

8 Limitations

Our system adaptation uses a single rank-64
adapter, which bounds expressivity relative to
full fine-tuning. Training was limited to 3,000
steps on two T4 GPUs (effective batch size
16, sequence length 1024) due to compute con-
straints; we do not claim this is an optimal
budget or that longer training would not help.
There is no dedicated fusion architecture, so ar-
chitectural ablations are limited. The evaluated
adapter is the recorded step-3,000 checkpoint,
not a pinned Hub revision. Optimizer hyperpa-
rameters beyond learning rate, scheduler, and
warmup use library defaults. Checkpoint se-
lection reuses one 200-row development subset,
and the same image pool underlies all splits by
dataset design. Ablations, multiple seeds, and
human evaluation remain future work.

9 Conclusion

We presented a Gemma 4 E4B-it based English-
to-Indic multimodal translation system with
region aware visual input, a zero shot baseline,
and a quantized LoRA fine-tuning under joint
multilingual training, evaluated with BLEU
and CHRF3 under greedy based decoding be-
cause the base model is already instruction
tuned. We adapted it for 3,000 steps, a prac-
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Property Zero shot baseline

Fine-tuned system

Model
Training data none (eval only)
Training N/A
Prompt
Test macro

Challenge macro

19.58 BLEU / 51.27 CHRF3
23.67 BLEU / 56.35 CHRF3

Gemma 4 E4B-it, NF4, no adapter

Sec. 5 template, greedy 32 tokens

same base + LoRA r64/«128 (139.5M, 1.73%)
train 115,715 + dev 3,992, joint 4-language
3,000 steps, eff. batch 16, 10™* cosine
byte-identical template and decoding

43.97 BLEU / 69.99 CHRF3

40.37 BLEU / 68.25 CHRF3

Table 5: Baseline versus fine-tuned approach.

Step Macro BLEU Macro CHRF3 hi bn ml or

500 43.70 67.20 36.01/59.23  36.81/66.88  49.04/73.38  52.95/69.29
1000 45.82 69.31 34.14/59.31  43.84/70.65 48.04/74.41 57.25/72.87
1500 41.70 65.43 33.60/58.14 45.02/68.44  32.73/63.70  55.47/71.44
2000 45.74 69.09 34.49/58.93  43.33/72.99  50.99/70.60 54.16/73.86
2500 41.67 67.03 39.29/61.54  42.39/74.40  32.09/60.29 52.90/71.88
3000 49.76 71.59 37.78/59.79  49.04/75.36  48.75/72.73  63.47/78.49

Table 6: Development trajectory up to 3,000 steps.

tical training budget under the computational
resources available to us. The adapted system
improves over the zero shot baseline on every
language and split, with test macro gains of
+24.39 BLEU / +18.72 CHRF3 and challenge
macro gains of +16.70 / +11.90, confirming
that parameter efficient adaptation of a frozen
vision language backbone is effective for this
task within this constrained training budget.
Whether further training would yield additional
gains remains an open question.
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Appendix

Zero Shot Fine-Tuned Improvement (A)
Language BLEU CHRF3 BLEU CHRF3 BLEU CHRF3
Test Split
Hindi 31.99 57.44 42.09 65.29 +10.10 +7.85
Bengali 22.67 53.82 41.60 69.04 +18.93 +15.22
Malayalam 17.83 56.55 41.68 72.81 +23.85 +16.26
Odia 5.84 37.25 50.49 72.82 +44.65 +35.57
Macro Avg 19.58 51.27 43.97 69.99 +24.39 +18.72
Challenge Split
Hindi 36.51 61.10 50.58 69.68 +14.07 +8.58
Bengali 17.61 54.36 38.08 68.46 +20.47 +14.10
Malayalam 16.89 53.59 32.44 66.62 +15.55 +13.03
Macro Avg 23.67 56.35 40.37 68.25 -+16.70 +11.90
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Abstract

This paper presents the results and findings of
the 2nd Patent Claims Translation/Evaluation
Task at WAT2026. Building on the first task,
which collected human error annotations for
machine-translated patent claims, this year we
introduce an evaluation task: given the source
claims and the machine translations gathered
last year, participants automatically annotate
translation errors (spans, categories, and severi-
ties) and assign a holistic quality score to each
translation. We received submissions from
three teams covering the Japanese—English (JA—
EN) and English-Japanese (EN-JA) directions.
We evaluated the submissions against the orga-
nizers’ reference annotations in terms of error-
span detection, severity, and quality-score cor-
relation and correlated the results with the de-
sign of each participating system. Our analysis
highlights two observations. First, giving an
LLM explicit word alignments mainly helps it
detect errors that hinge on the source—target cor-
respondence (mistranslation and terminology),
while leaving target-only fluency errors unaf-
fected. Second, locating errors and producing
a good overall quality score behave as largely
independent abilities: the system whose score
correlated best with the reference detected the
fewest errors, because it scored quality with a
module separate from its error annotator.

1 Introduction

Machine translation (MT) based on neural models
and large language models (LLMs) has reached

a level where, in some domains and language
pairs, its output rivals human translation. How-
ever, there is still no universally reliable way to
evaluate MT quality. Even widely used neural met-
rics such as COMET (Rei et al., 2020) have been
reported to behave unstably outside their training
domains (Kocmi et al., 2025). This problem is es-
pecially acute for patent claims, which are long,
single-sentence, structurally complex, and termino-
logically demanding, so that a seemingly small
error—an omitted limitation or a wrong depen-
dency between claim elements—can change the
legal scope of the claimed invention.

The first Patent Claims Translation Task at
WAT2025 (Nakazawa et al., 2025) addressed this
difficulty by collecting human error annotations
and holistic quality scores for machine-translated
Japanese—English patent claims. That study con-
firmed that reference-free automatic metrics corre-
late poorly with human judgments in this domain,
and it produced a set of human-annotated transla-
tion errors intended as training and development
material for automatic evaluation.

Building directly on that effort, the 2nd task
at WAT2026 shifts the focus from translation to
evaluation. The machine translations collected in
the first task serve as the material to be evaluated:
given a source claim and its machine translation,
a participating evaluation system must (i) anno-
tate translation errors with their spans, MQM-style
categories, and severities, and (ii) assign a holistic
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quality score from 0 to 100. The human annotations
from WAT?2025 are released as training data, and
the organizers prepare new reference annotations
on held-out translations as the test set.

This paper reports the task setup and the results
of the three participating teams. Our contributions
are: (1) we define and run the first automatic patent-
claim evaluation task; (2) we propose an evaluation
protocol that compares heterogeneous submissions
against gold reference annotations at the character,
span, severity, and score levels; and (3) we analyze
how the design of each system—in particular, word-
alignment conditioning and the separation of error
annotation from quality scoring—manifests in the
results.

2 Task Definition

The 2nd task is an evaluation task in two transla-
tion directions, Japanese-to-English (JA-EN) and
English-to-Japanese (EN-JA). For each translated
claim, a participating system is given the source
claim and its machine translation (the output of
an MT system collected in the first task) and must
produce, in the same JSON format as the released
training data, the following:

* Error annotation. The system marks error
spans on either the source side (input) or
the MT-output side (output), and assigns to
each span a category from a three-level MQM-
based hierarchy and a severity. The hierar-
chy follows the MQM framework (Lommel
et al., 2014; Freitag et al., 2021) as adapted
to patent translation in WAT2025 (Nakazawa
et al., 2025); its top-level categories are accu-
racy, fluency, terminology, style, other, source
error, and non-translation. For example, an
incorrect article is annotated as article under
accuracy > mistranslation.

* Quality scoring. The system assigns a holis-
tic quality score from O to 100 to each trans-
lated claim.

The reference (gold) annotations are produced
by the organizers in the same format. In the gold
annotations, error spans are marked directly on a
character grid aligned with the source and target
text, categories are drawn from the MQM-based
hierarchy, and severities take three levels (small,
medium, large) including intermediate ranges.

The ultimate goal of the task is to develop auto-
matic evaluation methods that assess patent-claim

Training Test

JA-EN EN-JA JA-EN EN-JA

Source documents 13 13 2 2
Source claims 28 28 2 3
MT outputs / claim 6 4 5 4
Translated claims 168 112 10 12
Error annotations 1,130 1,017 93 66
Avg. quality score 75.5 66.0 34.4° 53.7°

Table 1: Statistics of the training and test data. The train-
ing data are the WAT2025 human-evaluation results; the
test data are newly annotated by the organizers. "The
test average is the reference MQM score derived from
the gold annotations (Section 5), not a human score.

translations as reliably as expert human evaluators,
both by localizing concrete errors and by producing
calibrated quality scores.

3 Data

Table 1 summarizes the data. The training
data are the human-evaluation results of the first
task (Nakazawa et al., 2025): for each direction, 28
claims from 13 documents were translated by six
(JA-EN) or four (EN-JA) MT systems, and every
translation was annotated with error spans and a
holistic quality score, yielding 168 JA-EN and 112
EN-JA annotated translations. These annotations
are released so that participants can develop and
tune their evaluation systems. '

The test data consist of machine translations
held out from the first task, re-annotated by the
organizers to serve as the gold reference for this
year’s evaluation. The JA—EN test set is derived
from two single-claim source documents, each
paired with five different MT outputs (10 trans-
lated claims); the EN-JA test set is derived from
two source documents containing three claims in
total, each paired with four MT outputs (12 trans-
lated claims). Because the gold annotations are pro-
duced on the character grid, every error span can be
mapped to a character range in the source or target
text, which we use for the evaluation described in
Section 5. In total the organizers annotated 93 (JA—
EN) and 66 (EN-JA) errors on the test translations;
the corresponding average reference MQM scores
(Section 5) are 34.4 and 53.7 (Table 1).

4 Participants

Three teams submitted evaluation results (Table 2).
We summarize each system below based on the

"https://github.com/Tzawa/pat-claim-trans
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Team Organization Directions
Ehime-U Ehime University JA-EN
UTSK26 University of Tsukuba  JA-EN, EN-JA
Anonymous  (participant) JA-EN, EN-JA

Table 2: Participating teams and the directions they
submitted.

teams’ system-description papers; Ehime-U and
UTSK26 are analyzed in detail in Section 7.

Ehime-U Wang et al. (2026) predicts translation

errors with an LLM (GPT-6-Astra) that is addi-
tionally given explicit word-level correspondences

between the source and target claims. The intu-
ition is that many patent-claim errors are alignment-
level phenomena: a source word with no target

counterpart is an omission candidate, a target word

with no source counterpart an addition candidate,
and a source word linked to the wrong target

word a mistranslation candidate. The team com-
pares six settings that differ in how the correspon-
dence is obtained: four alignments from Unbal-
anced Optimal Transport (UOT; Arase et al. 2023)—
Forward, Reverse, their intersection (AND) and

union (OR)—one alignment produced directly by

the LLM (GPT6), and a no-alignment baseline

(GPT6-noAlignment). The LLM outputs the er-
ror list and the quality score in a single response.
The team submitted all six settings for JA-EN.

UTSK26 Fu et al. (2026) separates error an-
notation from quality scoring. Error annotation
uses GEMBA-Patent-Hybrid, which combines a
GEMBA-MQM-style prompt (Kocmi and Feder-
mann, 2023) to GPT-5.2 that detects spans, cate-
gories, and severities, with a fallback that labels
encoder-detected spans (Buma et al., 2025) when
the LLM output is invalid. Quality scoring uses
Patent-Rubric-Checklist, a rubric of five patent-
claim-specific dimensions with sixteen checklist
items, whose yes/partial/no answers are aggregated
into a 0—100 score outside the LLM. Crucially, the
quality score is computed independently of the er-
ror annotation.

Anonymous submitted error annotations and
quality scores for both directions but did not submit
a system-description paper. We therefore report its
results without a detailed method analysis, and the
team is anonymized here.

5 Evaluation Methodology

Submissions and gold annotations are compared
at the claim level. Because submissions differ
from the gold in coordinate system (raw-text off-
sets vs. character-grid offsets), in whether the claim
number is included, and in whitespace handling,
raw start/end offsets are not directly compara-
ble. We therefore re-anchor every annotation to a
non-whitespace character position in the gold text:
using each annotation’s verbatim span text together
with its reported offsets, we align the submission’s
non-whitespace character sequence to the gold’s
with a standard sequence-alignment procedure and
map the span onto gold coordinates. As a san-
ity check, evaluating the gold against itself yields
F; = 1.0 on all metrics.
We report the following metrics.

Error detection. Treating each character as
“marked as an error or not,” we compute character-
level precision, recall, and F} (on the input side,
the output side, and combined). Precision is the
fraction of the system’s marked characters that are
also marked in the gold (fewer false alarms); recall
is the fraction of gold-marked characters recovered
(fewer misses). We additionally report a span-level
detection F in which a predicted and a gold span
are matched when their intersection-over-union is
at least 0.5.

Category and severity. Because the gold and
the submissions use different category inventories,
we do not score category identity directly; instead
we report per-gold-category recall (how well each
gold category is located, regardless of the predicted
label) and, where useful, a confusion mapping from
gold to predicted categories. For severity, we report
the agreement rate over characters marked by both
sides.

Quality score. From the gold annotations we de-
rive a reference MQM score in the GEMBA-MQM
style (Kocmi and Federmann, 2023): each error
contributes a weight (small = 1, medium = 3,
large = 5; intermediate ranges take the midpoint;
spans left unlabeled count as minor), the per-claim
penalty is the sum of weights, and the score is
100 4 4 - max(—25, —penalty), so that scores lie
in [0, 100]. We correlate this reference score with
each team’s submitted score using Pearson’s r and
Spearman’s p at the claim level (n = 10 for JA-
EN, n = 12 for EN-JA). We emphasize that the
reference MQM score is a construct of this formula
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and weighting, not a human score, and that the
small sample size makes the correlations indicative
rather than definitive.

6 Results

Table 3 reports the official results. For error de-
tection, the Ehime-U settings lead in JA-EN, with
character-level F between 0.454 and 0.512; the
best setting is GPT6 (the dense LLM alignment).
Anonymous achieves high recall but low preci-
sion (0.302), indicating substantial over-annotation,
whereas UTSK?26 annotates far fewer errors than
the gold (3.1 vs. 9.3 annotations per claim) and con-
sequently has the lowest recall and F;. Span-level
F1 (IoU>0.5) is uniformly lower than character-
level F (0.07-0.28), showing that systems localize
the approximate region of an error more reliably
than its exact boundaries.

For score correlation, the picture is markedly
different from detection. In JA-EN, UTSK26
attains the highest Spearman correlation (0.727)
despite having the weakest error detection, and
Ehime-U/GPT6 achieves the best overall balance
(r = 0.649, p = 0.633). We analyze these two
contrasting outcomes—the effect of alignment on
detection, and the detection—scoring split—in the
next section.

The gold MQM scores derived for the test set av-
erage 34.4 (JA—EN) and 53.7 (EN-JA); submitted
scores are substantially higher on average (around
75 in JA-EN), so absolute score agreement (mean
absolute error) is poor even where the rank correla-
tion is moderate-to-high. This systematic leniency
is discussed in Section 7.

7 Analysis

7.1 Ehime-U: alignment conditioning
selectively helps alignment-level errors

Table 4 breaks the Ehime-U settings down by gold
category. Although the combined F varies only
slightly across settings—consistent with the team’s
own observation that the choice of correspondence
mainly changes how many errors are reported rather
than the dominant error types—the per-category
view reveals a structured effect. Moving from the
no-alignment baseline to the dense LLM alignment
(GPT6) raises Accuracy recall from 0.34 to 0.40
and Terminology recall from 0.17 to 0.34 (roughly
doubling), while Fluency recall is essentially un-
changed (0.51).

This pattern matches the intuition behind the
system: alignment information helps errors that
depend on the source-target correspondence—
mistranslation (Accuracy) and inconsistent
terminology—but offers no help for errors that can
be judged monolingually on the target, such as
fluency. The result thus provides gold-grounded
support for Ehime-U’s central hypothesis that
a subset of patent-claim errors are alignment-
level phenomena. Among the UOT variants,
the sparse-but-reliable intersection (AND) is
strongest, whereas the single-direction Forward
alignment falls below the no-alignment baseline,
suggesting that dense, bidirectional, high-precision
correspondence is the most useful.

7.2 Error localization and holistic scoring
behave as separate abilities

In WMT metric evaluation, error-span detection
and segment-level quality scoring are treated as
distinct subtasks (Freitag et al., 2024; Rei et al.,
2023), and a system can be strong on one without
the other. Our submissions provide a concrete illus-
tration of the same decoupling in the patent-claim
domain. UTSK26 has the lowest detection F} in
both directions, yet its submitted quality score at-
tains the best Spearman correlation with the gold
MQM score in JA-EN (0.727). The explanation
lies in its design: UTSK26 computes the quality
score with Patent-Rubric-Checklist, a rubric eval-
uated independently of the error annotation, so a
sparse or incomplete error list does not prevent the
score from tracking overall quality. This is con-
sistent with the UTSK26 paper’s own report that
the rubric-based score correlates best with human
scores on the training data. By contrast, Ehime-U
emits errors and score from a single prompt, which
yields balanced but not dominant performance on
both axes.

Two implications follow. First, a reliable holis-
tic quality score does not require exhaustive error
localization; the two capabilities can and perhaps
should be optimized separately. Second, if the task
goal includes explainability—pointing to the con-
crete errors behind a score—then UTSK26’s sparse
annotation is a practical weakness. Indeed, its low
annotation density on the test set (Table 3) mirrors
the “empty annotation” behavior the team identifies
in its own paper, where an empty error list from the
LLM is accepted as valid and the encoder-based
fallback is not invoked.
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Ann./ Char-level detection Span F Score corr.
Dir. Team claim Fy P R (IoU>.5) Pearson Spearman
JA-EN  Ehime-U/GPT6 11.2 0512 0.606 0.443 0.283 0.649 0.633
JA-EN  Ehime-U/AND 11.2 0486 0.588 0414 0.254 0.635 0.590
JA-EN  Ehime-U/Reverse 103 0485 0.600 0.407 0.276 0.601 0.652
JA-EN  Ehime-U/OR 10.6 0482 0.584 0410 0.261 0.613 0.590
JA-EN  Ehime-U/GPT6-noAlignment  11.1 0475 0.580 0.402 0.255 0.634 0.623
JA-EN  Ehime-U/Forward 11.0 0454 0.565 0.379 0.256 0.633 0.561
JA-EN  Anonymous 158 0375 0.302 0.494 0.104 0.674 0.364
JA-EN UTSK26 3.1 0.111 0.121 0.102 0.097 0.654 0.727
EN-JA  Anonymous 225 0.154 0.089 0.562 0.071 0.604 0.600
EN-JA UTSK26 4.2 0.139 0.183 0.112 0.155 0.383 0.320

Table 3: Official results per team and direction. “Ann./claim” is the average number of annotations per claim (for
reference, the gold density is 9.3 for JA-EN and 5.5 for EN-JA). Detection is character-level against the gold; score
correlation is between the gold MQM score and the submitted score (n = 10 for JA-EN, n = 12 for EN-JA). Best

values in each column group are in bold.

Det Det  Recall by gold category
Setting R FP™  Acc. Term. Flu.
GPT6 (dense) 0.512 0.555 040 0.34 0.51
UOT-AND 0486 0.528 036 0.17 0.48
UOT-Reverse 0485 0523 035 0.17 0.51
UOT-OR 0482 0526 035 034 0.52
no-align baseline  0.475 0.510 034  0.17 0.51
UOT-Forward 0454 0485 028 031 0.52

Table 4: Ehime-U six settings (JA-EN). “Det F°u*” is
the output-side character F; “Recall by gold category”
is how well the system locates gold errors of each top-
level category (Accuracy, Terminology, Fluency).

7.3 Systematic leniency of submitted scores

Across teams, submitted quality scores are consid-
erably higher than the gold MQM scores (e.g., a
JA-EN gold mean of 34.4 against submitted means
around 75). Because Pearson and Spearman corre-
lations are invariant to such an offset, the moderate
correlations coexist with large mean absolute errors.
This indicates that current systems rank translations
by quality more reliably than they calibrate the ab-
solute score, and it highlights the sensitivity of the
reference MQM score to the severity weighting
and the per-segment clipping at —25 (which places
several heavily penalized claims at 0).

7.4 Reference-score gap between the two
directions

The reference MQM scores differ markedly be-
tween directions (JA—-EN mean 34.4, EN-JA 53.7).
The gap is mechanical: JA-EN test translations
carry about 70% more error annotations per claim
than EN-JA (9.3 vs. 5.5) and a larger share of high-
weight errors (14 large and 5 medium-large, vs.

7 and 8), so the per-claim penalty is larger and
more JA—EN claims hit the —25 floor (three of ten,
vs. one of twelve), pulling the mean down. We
caution against reading this as a general quality
gap between directions: each direction has only
two source documents and 10-12 translations, so
a few heavily penalized claims dominate the av-
erage, and the reference score reflects how many
errors the organizers marked rather than a human
holistic judgment. Indeed, it runs opposite to the
WAT2025 training human scores, where JA-EN
averaged higher than EN-JA (75.5 vs. 66.0; Ta-
ble 1).

8 Discussion

Heterogeneity of submission formats. The sub-
missions varied in coordinate system (raw-text vs.
character-grid offsets), in whether the leading claim
number was retained, and in whitespace, so that
a naive comparison of start/end offsets was im-
possible. We absorbed these differences by re-
anchoring every span to the gold text (Section 5),
but for a shared task a stricter output specification—
fixed coordinate system, a shared category vocab-
ulary, and a fixed set of severity levels—would
make submissions directly comparable and reduce
the risk of scoring artifacts.

Mismatch of category inventories. The gold an-
notations use abstract MQM top-level categories
(accuracy, fluency, terminology), whereas the sub-
missions use finer labels (omission, mistransla-
tion, article, incorrect dependency, etc.). We there-
fore evaluated where errors were found rather than
whether the exact label matched. A confusion map-
ping from gold to predicted categories (produced
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as part of the evaluation) shows, for example, that
the gold accuracy class maps mostly to predicted
mistranslation and dependency errors, and fluency
to article and grammar. For future editions, agree-
ing on a single label set—or an explicit crosswalk
between label sets—would allow category-level
scoring.

Severity granularity. The gold uses three sever-
ity levels (small, medium, large) plus intermediate
ranges, while the submissions use two (major, mi-
nor). The treatment of “medium” in the MQM
score (we used a midpoint weight of 3) directly
affects the reference scores and hence the correla-
tions; aligning the severity scales across gold and
submissions is desirable.

Detection vs. scoring. Error-span detection and
segment-level scoring are already separate subtasks
in WMT metric evaluation (Freitag et al., 2024).
The observation in Section 7.2 suggests that the
patent task should likewise report the two capabil-
ities on separate leaderboards: error localization
(span/character F7, severity) and holistic scoring
(correlation with the reference). A system can be
strong on one and weak on the other, and conflat-
ing them would obscure where the state of the art
actually stands.

Small test set. The current test set is small (10
JA-EN and 12 EN-JA claims). While it is sufficient
to expose qualitative effects—such as the selec-
tive benefit of alignment and the detection/scoring
dissociation—Ilarger and more diverse test data are
needed to draw robust quantitative conclusions and
to compute stable correlations.

9 Conclusion and Future Perspective

We described the 2nd Patent Claims Transla-
tion/Evaluation Task at WAT2026, which reframes
the first task’s translation effort as an evaluation
task: participating systems annotate translation er-
rors and assign quality scores to machine-translated
patent claims, and are compared against the orga-
nizers’ reference annotations. Three teams partici-
pated, covering both translation directions.

Our analysis yields two main findings. First,
conditioning an LLM on explicit word alignments
(Ehime-U) selectively improves the detection of
alignment-dependent errors—accuracy and termi-
nology consistency—while leaving monolingual
fluency errors unchanged, giving gold-grounded

support to the hypothesis that some patent-claim er-
rors are alignment-level phenomena. Second, con-
sistent with the separate error-detection and scoring
subtasks in WMT metric evaluation, error localiza-
tion and holistic scoring behaved as largely inde-
pendent abilities here: a system with a separate
rubric-based scorer (UTSK26) ranked translations
best despite detecting the fewest errors.

In future editions we plan to enlarge and diver-
sify the test set, standardize the submission format
and the category/severity inventories so that sub-
missions are directly comparable, and report error
localization and holistic scoring as separate tracks.
We also intend to use the growing body of human
and reference annotations as training data for more
accurate and better-calibrated automatic evaluation
of patent-claim translation.

Limitations

The findings reported here are subject to several
limitations. The test set is small (10 JA-EN and 12
EN-JA claims), so detection scores and especially
correlations are indicative rather than definitive and
are sensitive to a few rank swaps. The reference
MQM quality score is a construct of this paper
(severity weights small/medium/large = 1/3/5,
ranges at their midpoint, unlabeled spans counted
as minor, and per-segment clipping at —25); the
choice of the “medium” weight and of clipping
affects the reported correlations, and the score is
not a human judgment. Because the gold and the
submissions use different category inventories, we
evaluate error /ocation rather than exact category
identity. Input-side (source) gold annotations are
very sparse (only two in JA-EN), so the input-side
metrics are low-signal and our evaluation is ef-
fectively output-centric. Span-level Fj requires
boundary agreement at IoU > 0.5 and is therefore
conservative; the character-level metric better re-
flects whether an error location was found. Finally,
each system’s LLM output is essentially a single
run, so output stability is not assessed.
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A Re-anchoring Procedure

Submissions differ from the gold in coordinate sys-
tem (raw-text vs. character-grid offsets), in whether
the leading claim number is kept, and in whites-
pace, so a span’s reported start/end cannot be
compared to the gold directly (Section 5). We map
every annotation onto a common coordinate—the
index of a non-whitespace character in the gold
text—as follows.

1. For an annotation, pick the reference string
whose [start:end] slice equals its verbatim
text: the character grid if present, otherwise
the raw text. This identifies which coordinate
system the submission used.

2. Convert the span’s endpoints to non-
whitespace offsets by counting non-
whitespace characters before each endpoint.
This removes all whitespace differences.

3. Build the non-whitespace character sequences
of the submission and the gold for that side
and align them with a standard sequence

161


https://doi.org/10.18653/v1/2023.acl-long.219
https://doi.org/10.18653/v1/2023.acl-long.219
https://doi.org/10.18653/v1/2023.acl-long.219
https://doi.org/10.1162/tacl_a_00437
https://doi.org/10.1162/tacl_a_00437
https://doi.org/10.18653/v1/2024.wmt-1.2
https://doi.org/10.18653/v1/2024.wmt-1.2
https://doi.org/10.18653/v1/2024.wmt-1.2
https://doi.org/10.18653/v1/2025.wmt-1.22
https://doi.org/10.18653/v1/2025.wmt-1.22
https://doi.org/10.18653/v1/2025.wmt-1.22
https://doi.org/10.18653/v1/2023.wmt-1.64
https://doi.org/10.18653/v1/2023.wmt-1.64
https://doi.org/10.18653/v1/2023.wmt-1.64
https://aclanthology.org/2025.wat-1.1/
https://aclanthology.org/2025.wat-1.1/
https://doi.org/10.18653/v1/2023.wmt-1.73
https://doi.org/10.18653/v1/2023.wmt-1.73
https://doi.org/10.18653/v1/2023.wmt-1.73
https://doi.org/10.18653/v1/2020.emnlp-main.213
https://doi.org/10.18653/v1/2020.emnlp-main.213

Dir. Claim Penalty Score
JA-EN 01 19 24
JA-EN 02 9 64
JA-EN 03 19 24
JA-EN 04 50 0
JA-EN 05 17 32
JA-EN 06 6 76
JA-EN 07 0 100
JA-EN 08 25 0
JA-EN 09 42 0
JA-EN 10 19 24
EN-JA 01-1 16 36
EN-JA 01-2 0 100
EN-JA  02-1 20 20
EN-JA 022 6 76
EN-JA  03-1 10 60
EN-JA 03-2 14 44
EN-JA  04-1 11 56
EN-JA 042 0 100
EN-JA 05 11 56
EN-JA 06 47 0
EN-JA 07 15 40
EN-JA 08 11 56

Table 5: Reference MQM penalty and score per test
claim (Eq. 1). Means: 34.4 JA-EN), 53.7 (EN-JA).

matcher (Python’s difflib); matched po-
sitions give a map from submission non-
whitespace indices to gold non-whitespace
indices. This absorbs the claim-number and
minor text differences.

4. Map the span’s non-whitespace endpoints
through this map to obtain its position in the
gold coordinate.

Gold annotations are expressed in the gold coor-
dinate directly (step 3 is the identity). As a sanity
check, evaluating the gold against itself with this
procedure yields /7 = 1.0 on every metric, con-
firming that the re-anchoring is lossless.

B Reference MQM Score

The reference quality score follows the GEMBA-
MQM convention. Each error contributes a severity
weight (small = 1, medium = 3, large = 5; a sever-
ity range, e.g. medium-to-large, takes the midpoint
of its endpoint weights; spans left unlabeled count
as minor). The per-claim penalty is the sum of
weights, and the score is

score = 100 + 4 - max(—25, —penalty), (1)

so that a clipped score lies in [0, 100]. Table 5 lists
the penalty and score for every test claim; EN-JA
files with two claims are shown as file-block.

Dir. Team Acc. Term. Flu. Unlab.

JA-EN  Ehime-U GPT6 040 034 0.51 0.51

JA-EN Ehime-U AND 036 0.17 048 0.53

JA-EN Ehime-U Re- 035 0.17 0.51 0.51
verse

JA-EN  Ehime-U OR 035 034 052 048

JA-EN  Ehime-U GPT6- 034  0.17 0.51 0.51
noAlignment

JA-EN  Ehime-U For- 028 031 052 0.51
ward

JA-EN  Anonymous 030 0.14 0.74 0.83

JA-EN  UTSK26 0.15 0.17 0.06  0.01

EN-JA  Anonymous 042 086 0.96 0.61

EN-JA UTSK26 0.08 0.03 0.17 0.18

Table 6: Per-gold-category recall (Accuracy, Terminol-
ogy, Fluency, Unlabeled).

Gold category  Predicted categories (char counts)

Ehime-U/GPT6

Accuracy mistranslation (190), dependency (157),
numerals/symbols (25), article (21), gram-
mar (17)

Fluency article (128), grammar (21), punctuation
€)]

Terminology mistranslation (17), terminology (17)

Unlabeled omission (99), dependency (78), over-
translation (41), mistranslation (30), ar-
ticle (10)

UTSK26

Accuracy numerals/symbols (73), omission (38),
context/word choice (38), grammar (10)

Fluency omission (12), article (6)

Terminology context/word choice (17)

Unlabeled mistranslation (7)

Table 7: Gold-to-submission category confusion (over-
lapping characters) for two JA-EN systems. Submission
labels are glossed in English (e.g. dependency, over-
translation, omission).

C Per-Category Recall

Table 6 gives, for every team, the recall for each
top-level gold category—how well the system lo-
cates gold errors of that category, regardless of the
predicted label (Section 5). “Unlab.” denotes gold
spans highlighted without a category label.

D Category Confusion (Gold —
Submission)

Because the gold and the submissions use different
category inventories, we do not score label identity;
instead, for characters marked by both sides, we
count which predicted category a gold category
maps to. Table 7 shows this mapping (character
counts) for two representative JA-EN systems. The
gold’s abstract accuracy class maps mostly to the

162



submissions’ concrete mistranslation | dependency
labels, and fluency maps to article and grammar,
confirming that the two inventories are compatible
once the abstraction gap is accounted for.
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