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Abstract

We participated in the constrained (open-
weight) track of the WMT 2026 General MT
Task for the English-to-Japanese and Simpli-
fied Chinese-to-Japanese directions. Our sys-
tem builds on Marco-MT-Algharb, a strong
open-weight translation model from the pre-
vious WMT General MT task. We further
fine-tuned this model to generate more natu-
ral Japanese translations. To this end, we con-
structed a Context-Aware JApanese Linguistic
Acceptability dataset (CAJALA). During an-
notation, human annotators were shown mul-
tiple paraphrased variants of a segment within
its document-level context and asked to select
the most natural one. We then back-translated
the CAJALA dataset to create parallel data
for Direct Preference Optimization (DPO). We
also trained the model to perform fill-in-the-
middle (FIM) translation, in which the model
reconstructs target-side segments from their
surrounding document. At inference, we use
Minimum Bayes Risk (MBR) decoding, fol-
lowed by selective FIM post-editing of low-
quality segments.

1 Introduction

This paper describes REMT’s submission to the
WMT 2026 General MT Shared Task (Kocmi
et al., 2026). We participated in the constrained
(open-weight) track for the En—Ja and Zh—Ja di-
rections. Our system features two key components:
(1) we constructed CAJALA, a dataset that pro-
vides context-aware human preferences for specific
segments within Japanese documents, and further
trained our model on it; and (2) we explored fill-
in-the-middle (FIM) translation for post-editing.
In document-level translation, a translation that
appears natural at the single-segment level may
still fail to maintain the document’s anaphora,
style, terminology, or discourse flow (Maruf et al.,
2021; Lyu et al., 2021). Colloquial and non-
standard expressions also affect naturalness, es-

pecially in domains such as news, social media,
and literature (Michel and Neubig, 2018; Fujii
et al., 2020; Le et al., 2021; Karpinska and Iyyer,
2023). Furthermore, translating technical terms
and proper nouns requires not only contextual nat-
uralness but also consistency (Hasler et al., 2018;
Dinu et al., 2019).

To improve the naturalness of Japanese transla-
tions, we collected human preferences for Japanese
expressions within their document-level context
and used them to train the model. Furthermore,
we investigated the effectiveness of FIM transla-
tion for correcting local errors generated during
standard left-to-right decoding.'

2 System Overview

Figure 1 provides an overview of our system. Our
system builds on Marco-MT-Algharb (Wang et al.,
2025b,a). We fine-tuned this base model to spe-
cialize in Japanese translation and to support FIM
translation. Furthermore, we trained it to accept
auxiliary information via prompting, such as the
source domain, target styles (e.g., polite or plain
forms), and glossary entries.

Our inference pipeline consists of four stages:
Stage 1: Preprocessing. We identify the domain,
segment the text, and parse inputs in JSON or
HTML formats.

Stage 2: Translation. We translate the document
segment by segment using MBR decoding.

Stage 3: FIM Post-editing. We detect and re-
translate low-quality segments using FIM.

Stage 4: Post-processing. We reconstruct the
document and restore its original format.

3 CAJALA Dataset

CAJALA is a dataset that annotates the accept-
ability of segments within Japanese documents.

'Our model is publicly available at
//huggingface.co/tohoku-nlp/RFMT.
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Figure 1: Overview of CAJALA dataset construction, RFEMT training with SFT and DPO, and inference with FIM

post-editing of low-quality segments.

Specifically, we collect human preferences based
on the naturalness and consistency of Japanese ex-
pressions within document-level contexts. Each
sample consists of a Japanese document and three
variants of one segment: the original segment from
an existing corpus and two paraphrases generated
by LLMs. To construct the dataset, we used crowd-
sourcing. We showed human annotators three seg-
ment variations (the two paraphrases and the orig-
inal text) alongside their surrounding context. We
then asked the annotators to select the variation
that best fits the overall flow of the document.

We obtained the original Japanese documents
from a subset of the ja_fineweb-2 split in the llm-
jp-corpus-v4 (LLM-jp, 2025). We used an LLM to
classify these documents by domain and retained
samples identified as News, SNS, or Literature, as
described in Appendix B.1. We used an LLM-as-
a-judge to identify segments that allowed meaning-
ful alternative expressions and retained them for
crowdsourcing, as described in Appendix A.3.

3.1 Paraphrase Generation and Human
Annotation

We generated candidate segments by instructing
LLMs to paraphrase the original Japanese expres-
sions into more natural alternatives. We used
Qwen3.5-397B-A17B-FP8 (Qwen Team, 2026)
and gpt-oss-120b (OpenAl, 2025) for this task.
These two generated paraphrases and the original
segment formed the three candidates. See Ap-
pendix A.2 for more details.

During human annotation, we presented these

Number of Valid Annotators per Sample

Item Count Proportion
1 annotator 125 1.70%
2 annotators 1,537 20.93%
3 annotators 5,683 77.37%

Candidate Selections

Candidate Selection Count  Selection Rate
human 6,741 33.29%
Qwen 7,111 35.12%
gpt-oss 6,396 31.59%
Table 1: CAJALA dataset statistics on the number

of samples by valid annotator count and the selection
counts and rates for each candidate.

three segment variations with the same surround-
ing context and asked annotators to select the most
acceptable segment. We instructed them to con-
sider the acceptability of each candidate and its
consistency in style and terminology with the sur-
rounding context. Appendix A.4 outlines our qual-
ity control measures for the annotation process.

3.2 Dataset Statistics

We collected 7,345 unique samples, each evalu-
ated by up to three annotators. Table 1 shows the
statistics of the selected candidates and the number
of annotators. We calculated these selection rates
based on a total of 20,248 valid responses in the
public release. Appendix A.5 details the sample
counts per domain.
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4 Synthetic Dataset

We constructed synthetic parallel data to adapt the
model for translation into Japanese.

4.1 Back-Translation Dataset

Except for the WMT 2025 test set (Kocmi et al.,
2025), we constructed all parallel training data by
back-translating (Sennrich et al., 2016) Japanese
monolingual corpora. For these monolingual
corpora, we used the llm-jp-corpus-v4 (LLM-jp,
2025), alongside transcriptions from the Japanese
subsets of CC Audio (Asai et al., 2025) and YO-
DAS2 (Li et al., 2023). Specifically, we con-
structed the parallel dataset as follows:

Domain Identification. An LLM predicted the
domain of each document in the llm-jp-corpus-v4.
We retained samples classified as News, Literature,
or SNS, following the domains focused on in the
previous year’s General MT Track.

Noise Removal. An LLM identified and corrected
speech recognition errors in the video transcrip-
tions (CC Audio, YODAS?2).

Back-translation. An LLM back-translated these
preprocessed corpora into English or Chinese.

Cleaning. We applied rule-based filtering using
source-target n-gram overlap, language identifica-
tion, and document length. We evaluated transla-
tion quality and validity using an LL.M-as-a-judge.
Terminology Extraction. We extracted bilingual
terminology pairs from the translated sentences.
We used these pairs later for glossary prompting
and dictionary creation.

Style Identification. We classified the target
Japanese text into the polite style (desu/masu) or
the plain style (da/dearu). We used this classifica-
tion later to train the model for style prompting.

For the FIM training samples, we performed two
additional processing steps:

Target-side Segmentation. We conservatively di-
vided the target documents into roughly sentence-
level segments, merging overly short segments
with adjacent ones to prevent unnatural splits.

Source-side Segment Alignment. An LLM iden-
tified the source-side segment that corresponded to
the randomly selected target-side segment.

See Appendix B for details on the specific

prompts and LLMs we used, along with the token
counts of the final dataset.

4.2 Glossary Construction

We constructed a dictionary of terms specifically
for glossary prompting. It consists of a large num-
ber of word-level parallel pairs, primarily target-
ing low-frequency and domain-specific terms. To
build this glossary, we applied multi-stage rule-
based and LLM-based filtering to the parallel pairs
extracted during the dataset construction process.
See appendix E for more details.

5 Model Adaptation

As our base model, we used Marco-MT-
Algharb (Wang et al., 2025a,b), which ranked first
in the En—Ja constrained track of the WMT 2025
General MT Task (Kocmi et al., 2025). Starting
from this model, we first conducted supervised
fine-tuning (SFT) on synthetic translation data to
specialize it for Japanese translation and train it to
follow prompting strategies. We then performed
direct preference optimization (DPO) (Rafailov
et al., 2023) using additional synthetic preference
data and CAJALA to improve translation quality.
In parallel, we included FIM training, in which the
model reconstructs a missing target-side segment
from its surrounding context.

5.1 Supervised Fine-tuning

Starting from Marco-MT-Algharb, we performed
additional training using the back-translation
dataset constructed in § 4.1. Appendix D provides
the SFT training configuration.

5.2 Preference Learning

We applied DPO in two stages.

Stage 1. We trained the model on a mixture
of three types of preference data. For LLM-
as-a-judge preferences, we used gemma-4-31B-
it (GemmaTeam, 2026) to compare the output of
a model under development with the reference pro-
vided in the dataset. We defined the translation
judged as higher quality by the LLM as the chosen
response, and the other as the rejected response.
For synthetic repetition, we artificially added rep-
etition to the reference and used the modified ver-
sion as the rejected response and the original ref-
erence as the chosen response. This data was in-
tended to reduce repetitive outputs. For synthetic
untranslated content, we replaced part of the ref-
erence suffix with the corresponding suffix from
the source text. The modified version was used
as the rejected response, and the original reference
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was used as the chosen response. This data was in-
tended to reduce untranslated source content in the
model output. See Appendix D for more details.

Stage 2. We trained the model on the back-
translated CAJALA dataset. We constructed pref-
erence pairs from samples with a majority candi-
date and excluded samples without a majority. To
construct the training pairs, we back-translated the
chosen responses into English and Chinese as the
source sentences. See Appendix D.1 for details.

5.3 FIM Translation Training

Inspired by FIM training (Bavarian et al., 2022),
we use FIM to enable localized post-editing while
preserving document context. During training, we
omit a target-side segment and train the model
to reconstruct it from the corresponding source-
side segment and both preceding and following
target-side context. Unlike standard left-to-right
decoding, which only conditions on preceding tar-
get context (Ding et al., 2021), FIM translation al-
lows the model to revise a specific segment using
context on both sides without regenerating the sur-
rounding translation. Figure 2 shows the input-
output format used for FIM translation training.
For each training sample, we randomly selected
one segment from the source document and en-
closed it with the special tokens <|fim_start|>
and <|fim_end|>. We then provided the target
document in which the target-side segment corre-
sponding to the selected source-side segment was
replaced with <|fim_skip|> as the first Assis-
tant: response. The omitted target-side segment
was provided as the second Assistant: response.
At inference time, we replace the target-side seg-
ment to be retranslated with <|fim_skip|> and
provide the resulting incomplete target document
together with the source document. We then
prompt the model to generate the missing target-
side segment. This format trains the model to re-
construct a missing target-side segment from its
surrounding target-side context.

6 Inference

6.1 Preprocessing

For each source document, we perform three pre-
processing steps: segment splitting (parsing struc-
tured input), domain identification, and style iden-
tification. These steps enable segment-level trans-
lation and allow us to incorporate auxiliary infor-
mation into prompts. See Appendix C for details.

Input-Output format example

Human: Please translate the following text into
japanese.If a domain, glossary or style is
specified, please take it into account when
translating.Also, please skip translating the parts
enclosed by <|fim_start|> and <|fim_end|>.

Domain: News
Style: 72 - TH 2
Glossary: - semiconductor => EELIUN

Source text:

The Ministry of Economy, Trade and Industry
expanded chip subsidies.<|fim_start|>The framework
covers half of factory costs.<|fim_end|>The measure
strengthens supply chains.

<|im_end|>

Assistant:

FEFPER A TR OMBI R 2 IR L 72,
<|fim_skip|>Z OFEEIIY T 74 F = — V&L T %,
<|im_end|>

Human: Please translate the skipped parts.
Assistant:

L <|fim_bos|>Z OHIFEIT B E DV ELMBIT 5, <lim_end|>

J
Figure 2: Input-output format for the trained model.

6.2 Translation

We translate each source document at the segment
level. During translation, we use the following
prompting and decoding strategies.

Context-Aware Incremental Translation. To
maintain consistency within each document, we
use context-aware incremental translation (Kudo
et al., 2024). We translate the document segment
by segment, starting from the first segment. When
translating the second and subsequent segments,
we provide the preceding source-side segments to-
gether with the current source-side segment as in-
put. On the target side, we forcefully decode the
hypothesis segments generated up to that point and
ask the model to generate the continuation. We re-
peat this process until all segments have been trans-
lated. When the input exceeds the model’s context
length, we remove the oldest context first.

Prompting with Auxiliary Information. We
provide three types of auxiliary information in the
prompt. Domain prompting: We provide the do-
main information assigned during preprocessing in
the prompt. Style prompting: We provide the
style information assigned during preprocessing in
the prompt. Glossary prompting: If the source
document contains a term included in the glos-
sary, we add the corresponding translation pair to
the prompt. To match source-side glossary terms
against the source document, we use longest non-
overlapping substring matching.
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Model Adaptation  Inference Score 1

SFT DPO MBR FIM  JSON News Social Speech  Overall
Base 879+46 48.1+96 55.7+53 655434 62.9+29
SFT v 56.9+135 444455 46.5+65 59.0+40 552432
DPO-1 v Ve 85.0+117 68.2+98 68.8+61 73.0+36 722429
DPO-2 v v 77.1+s86 66.6+78 66.3+59 729+36 71.1+28
DP0O-2+MBR Vv v v 869+83 67.4+73 69.6+60 72.3+35 71.9+29
RFMT v v v v 869+83 67.4+73 704+s58 72.3+35 72.1+28
Base - 126 +55 26.5+44 495+46 38.4+37
SFT v - 673+69 41.5+51 47.4+45 489+33
DP0O-1 v v - 735+80 48.0+56 63.9+43 61.5+34
DPO-2 v v - 76.4+67 44.8+53 62.8+37 60.4+31
DP0-2+MBR Vv v v - 784+63 44.8+58 63.5+39 61.2+33
RFMT N v v v - 784+63 44.8+58 63.5+39 61.2+33

Table 2: Translation 1lm-as-a-judge scores for each system configuration by domain. The upper and lower panels
show results for En—Ja and Zh—Ja, respectively. Values are reported as the mean + 95% CL.

MBR Decoding. We generated 32 candidates
with a temperature of 0.8 and applied MBR decod-
ing (Kumar and Byrne, 2004; Freitag et al., 2022).
We used xCOMET-Lite (Larionov et al., 2024) as
the utility function for MBR.

6.3 FIM Post-editing

After completing the main translation process, we
detect clearly low-quality segments (e.g., untrans-
lated). We then post-edit the detected segments us-
ing FIM translation. The post-editing procedure
consists of the following steps.

Error Detection. We use rule-based criteria to
detect clearly low-quality segments. Specifically,
we calculate the n-gram overlap between each hy-
pothesis and its source-side segment to detect un-
translated content, and check whether the hypoth-
esis contains excessive repetition. Segments that
meet either criterion are selected for post-editing.
Preliminary experiments motivated this conserva-
tive selection strategy, as detailed in Appendix G.

FIM Translation. We retranslated the detected
segments using the FIM format. We used MBR
decoding as the decoding algorithm. We generated
32 candidates with a temperature of 1.2, top_p of
0.95, and top_k of 32, and applied MBR decod-
ing. For the MBR utility function, we used a com-
bined score from xCOMET-Lite (Larionov et al.,
2024) and MetricX-24 XL (Juraska et al., 2024).

6.4 Post-processing

We reconstructed the translated results into full
documents. We performed two steps: (1) we re-
verted samples parsed from JSON or HTML back

to their original input formats, and (2) we concate-
nated the segments to form the final documents.

7 Experiments

7.1 Evaluation Metrics

We evaluated the systems on the WMT 2026 blind
test set. We evaluated translation quality using an
LLM-as-a-judge (Kocmi and Federmann, 2023).
Specifically, we employed Gemini 3.1 Pro Pre-
view (DeepMind, 2026), the latest model in the
Gemini family. We selected this model because
its predecessor, Gemini 2.5 Pro (Comanici et al.,
2025), achieved the best performance in the auto-
matic evaluation of the WMT 2025 Metrics Shared
Task (Lavie et al., 2025). We provided the source
text and the hypothesis as input and asked the
model to assign an integer score from O to 100. We
then averaged the scores over all samples to obtain
the mean score for each language pair and system.
See Appendix F for more details.

7.2 Results and Analysis

Table 2 reports the LL.M-as-a-judge evaluation re-
sults for Base, SFT, DP0O-1, DP0-2, DPO-2+MBR,
and our final RFMT system. These configurations
are cumulative, with each configuration adding
a training or inference component to the preced-
ing one. Specifically, SFT adds supervised fine-
tuning to Base; DP0-1 and DP0-2 successively add
DPO stages 1 and 2; DPO-2+MBR applies MBR de-
coding to DPO-2; and RFMT further applies selec-
tive FIM post-editing to DPO-2+MBR. For RFMT,
we re-evaluated the four En—Ja outputs changed
by FIM post-editing and recomputed the overall
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Source Excerpt

Before

After

(a) Base — SFT Pl UBAE R ... BTt

Zh—Ja A DIKHEILLE.
24382-jpn_Jpan

(Score: 0 — 66)

(b) SFT — DPO-1 Topics have been - different types of
En—Ja product managers and the basic skill
24158-jpn_Jpan sets in developing requirements
(Score: 20 — 95)

(c) DPO-1 — DP0-2 ... Okay. And you’re going uphill. I
En—Ja mean, this is really good stuff here. I

24182-jpn_Jpan
(Score: 45 — 85)

know that you’re probably feeling it
a bit. I'm struggling to keep you.
But I'm not in my best form. I think
the hill is very challenging. The hill
is always challenging. ...

(d) DPO-2 — DPO-2+MBR ... But just remember, we own the

Jiri{ﬁ%ﬁflﬂ%ﬁl%%c . BATUPRERLAE — D KALE]

Topics have been - different types of product
managers and the basic skill sets in developing
requirements

LRV, ZLTEDTTR, e, 2. o
B2WVWWHART, brobRiFbAoTEAR
557, b3 FY, ¥F—TWKEHL TS, TH.
BEIATAF L0250, RIFTILHMLLE
BS X, WTvo b L, ...

TR, HERNZZ 0B H 20578, BHINE
HLZS, oD Zob3IAUCHFLTIA

BB TE S LS5, .. FEBHI D IEY 4+ —
R—H —N—FfZTHEM 2,

FEEE- Ta R 7 b= v — OREE L BRI
1B BHAZF L

LV, ZLTEDTTR, VR, ZHUkY P
BARATT & BroMUTBALS IR, -
TORADP>TBEATTIE, F—TWKEHLT
3, TH, BEIATATF UL RVTT, FTFFTIK
LV BWET, RKIEWOE > THLWTT, ...

L TR R SHSFTE L TVWS o T 2 idB
BN, IATEZS, oD 2. BE)
SETIELVD SR, BEXERVWE,

En—Ja rights. Once you crack it, we still

24296-jpn_Jpan want this to work. Need this to 72&k. TR,
(Score: 50 — 95) work.

(e) DPO-2+MBR — RFMT they send an email saying “thanks

En—Ja for sending through the design” !
24247-jpn_Jpan the design”

(Score: 33 — 50)

they send an email saying “thanks for sending through

[FHAL LV RESTRESTHYNL S TEVE
T VI R—EED

Table 3: Qualitative examples for successive system configurations. We show a Zh—Ja example for (a) and En—Ja
examples for (b)—(e). Score changes are shown below each sample ID. Red marks errors or untranslated content,

and blue marks the improved expressions.

score while retaining the original scores for all
other samples. Table 3 provides representative ex-
amples for each successive system configuration.
Appendix H presents additional examples for the
other language direction. In the following, we dis-
cuss the impact of each stage.

SFT. Compared with Base, SFT decreased the
En—Ja score from 62.9 to 55.2, while increas-
ing the Zh—Ja score from 38.4 to 48.9. We at-
tribute the Zh—Ja improvement to the fact that
Base had not been trained for Zh—Ja translation,
whereas SFT introduced training data for this di-
rection. As shown by example (a) 24382-jpn_Jpan
in Table 3, Base left most of the Chinese source
untranslated while SFT produced a Japanese trans-
lation, increasing the score from O to 66.

DPO Stage 1. Compared with SFT, DPO-1 in-
creased the scores by 17.0 points for En—Ja and
12.6 points for Zh—Ja. DP0-1 included preference
pairs in which target-language outputs were used
as chosen responses and source-language outputs
as rejected responses. As shown by the En—Ja ex-
ample in Table 3, this training reduced untranslated
source content in the output.

DPO Stage 2. From DP0-1 to DP0-2, the scores
changed little for both En—Ja and Zh—Ja. How-
ever, the qualitative example in Table 3 shows a
substantial improvement in style consistency. In
example 24182-jpn_Jpan, a translation containing
an informal Kansai dialect and a mixture of plain
and polite forms was revised into a consistent po-

lite style, increasing the score from 45 to 85.

MBR Decoding. Applying MBR decoding to
DP0-2 resulted in little change in the average
scores. However, the qualitative example in Ta-
ble 3 shows a substantial local improvement. In
example 24296-jpn_Jpan, “Need this to work™ was
revised from *“Z FUZHIRF” (kore ni kitai; “count-
ing on this”) to “BE) X ¥R \WVWE” (kado sase-
nai to; “need to get this working”), making the in-
tended sense of necessity clearer and increasing the
score from 50 to 95.

FIM Post-editing. FIM post-editing was even-
tually applied to only four En—Ja samples; the
score increased for three samples and remained un-
changed for one. No FIM post-editing was applied
to Zh—Ja samples. The qualitative example in Ta-
ble 3 shows that FIM post-editing made local cor-
rections, including the translation of previously un-
translated content.

8 Conclusion

We described the RFMT’s submission to the
WMT 2026 General Machine Translation Task
for En—Ja and Zh—Ja translation. We adapted
Marco-MT-Algharb through SFT, DPO, and FIM
training using the human-annotated CAJALA
dataset. Our results show that SFT, DPO, MBR de-
coding, and selective FIM post-editing somehow
improve document-level Japanese translation.
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A CAJALA Construction Details

A.1 Annotation Platform and Crowd
Workers

Platform. We collected all human annotations
through Yahoo! Crowdsourcing, a commercial
crowdsourcing platform operated by Yahoo Japan
Corporation. Figure 3 shows an example of the an-
notation interface.

Crowd Workers. A total of 2,048 unique work-
ers participated in the annotation project. We re-
cruited general users registered on the platform and
did not require any specific professional qualifica-
tions. Workers were progressively filtered based
on quality criteria across annotation rounds, as de-
scribed in Appendix A.4.

Compensation. For each task, defined as select-
ing the most appropriate candidate from three op-
tions, we set the reward based on the expected time
required to complete the task. The unit price was
set so that the effective hourly wage exceeded the
average minimum wage in Japan. Across the en-
tire annotation project, we paid workers a total of
219,376 JPY, equivalent to approximately 1,371
USD at the time of the experiments.

A.2 Paraphrase Candidate Generation

We used Qwen3.5-397B-A17B-FP8 (Qwen Team,
2026) and gpt-o0ss-120b (OpenAl, 2025) to gen-
erate paraphrased candidates. Figure 4 shows the
prompt used for this task.

A.3 Candidate Filtering

We evaluated the validity of each MIDDLE seg-
ment using an LLM-as-a-judge with the prompt
shown in Figure 5. We retained only samples
that satisfied all of the following prompt-specified
conditions: decision=keep, issue_types=[],
a score of 5 for all quality criteria, and risk=1.

A.4 Annotation Quality Control

To ensure annotation quality, we progressively se-
lected workers over multiple rounds. In Round
0, we prepared six gold questions with clear cor-
rect answers. Each worker was presented with five
questions: two randomly selected gold questions
and three regular questions. We ranked workers by
their accuracy on the gold questions and selected
the top 911 workers to participate in Round 1.
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Figure 3: Example of the annotation interface showing
document-level context and multiple candidates.

Worker Selection after Round 1. We used ac-
curacy on the gold questions to select workers from
Round O to Round 1. From Round 1 onward, we se-
lected workers for the next round based on a worker
quality score computed from their responses and
annotation behavior. The quality score consisted
of four measures: reading time, agreement with
other annotators, viewing rates for the candidates
and document text, and candidate dwell time.

Reading Time. For each question, we denote
the reading time in seconds by s and define the
reading-time score 7 as

0,  s<20,
r =< s/40, 20 < s < 40, (D)
1, 40 < s.

Thus, responses completed in less than 20 seconds
receive a score of 0, those taking at least 40 sec-
onds receive a score of 1, and scores between these
thresholds increase linearly with reading time. The
worker-level score is the average over all questions
answered by that worker.

Agreement with Other Annotators. For each
question, we define the agreement rate as the pro-
portion of other workers who selected the same
candidate. When no other worker was available
for comparison, we set the agreement rate to 0.5.
For each round, we first averaged the agreement
rates over all non-gold questions answered by each
worker and then averaged these worker-level scores
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across participating workers. Table 4 reports the
resulting agreement rates.

Candidate and Document Viewing. For each
question, let v denote the candidate-viewing rate
and b the document-viewing rate. We define the
viewing score ¢ as

v+b

q= 5 2)

The worker-level viewing score is the average of ¢
over all questions answered by that worker.

Candidate Dwell Time. Let d denote the dwell
time for a candidate in milliseconds and m the ref-
erence dwell time. We define the dwell-time score

h as
) d
h = min (,1) . 3)
m

We used m = 400 ms as the reference dwell time.
The worker-level dwell-time score is the average of
h over all candidates viewed by that worker.

Overall Quality Score. Because the four mea-
sures have different scales, we ranked workers sep-
arately for each measure and converted the rank-
ings to scores ranging from 0 to 100, with 100
assigned to the highest-ranked group and O to the
lowest-ranked group. Workers with the same value
for a measure received the same rank score.

Let P;gr, P;a, Pig, and P;y denote the rank
scores of worker ¢ for reading time, agreement,
viewing, and dwell time, respectively. We define
the final worker quality score as

Pir + Pia+ Pig + P

1 “4)

PoliteScore; =

At the end of each round, we ranked workers in
descending order of PoliteScore; and selected the
highest-ranked workers according to the number
required for the next round. Workers who were not
selected did not participate in subsequent rounds.

A.5 Domain Composition of Data Sources

Table 5 shows the domain composition of the 7,345
samples in the final CAJALA dataset after exclud-
ing samples with no valid annotations.

B Synthetic Dataset Details

B.1 Construction Process

This section details the construction process of our
synthetic dataset.

Round Workers Agreement
0 2,048 80.22%
1 911 82.02%
2 437 82.06%
3 230 84.53%
4 109 84.56%
5 59 85.31%
6 32 85.94%

Table 4: Statistics for each round of human annota-
tion. Agreement is computed only over non-gold sam-
ples with exactly three valid responses.

Domain Samples
News 2,212
SNS 3,645
Literature 1,492

Table 5: Domain composition of the final CAJALA
dataset.

Domain Classification. We used gemma-4-
26B-A4B-it (GemmaTeam, 2026) to classify the
domains of the llm-jp-corpus-v4 samples across
19 categories. Figure 6 shows the prompt used for
this task.

Noise Removal. We used Qwen3-Swallow-30B-
A3B-RL-v0.2> to identify and correct speech
recognition errors in the video transcriptions (CC
Audio, YODAS?). Figure 7 shows the prompt used
for this task.

Back-translation. We  back-translated  the
Japanese documents into English and Chinese
using several LLMs: gemma-4-26B-A4B-
it, gemma-4-31B-it, Qwen3.6-35B-A3B, and
Qwen3.5-122B-A10B-FP8. Figure 8 and 9 show
the prompts used for this task.

Cleaning. For rule-based filtering, we applied
the rules detailed in Table 6. For the LLM-
as-a-judge, we used gemma-4-26B-A4B-it and
gemma-4-31B-it (GemmaTeam, 2026). The mod-
els first evaluated the translations for predefined er-
ror types, such as omissions, incorrect target lan-
guage, and named entity errors. They then made
a final binary judgment on the overall translation
quality. Figure 10 shows the prompt used for this
evaluation.

Terminology Extraction. We extracted bilin-
gual terminology pairs from the parallel corpus

"https://huggingface.co/tokyotech-11m/
Qwen3-Swallow-30B-A3B-RL-v0.2
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Filter Rejection criterion

Language mismatch  Discard samples whose source or tar-
get is not identified as the expected
language of the pair.

Remove samples whose source or tar-
get contains a boilerplate phrase from
a curated list of web-scraping arti-
facts (citation notices, paywall no-
tices, copyright and RSS footers, site
navigation, browser names), with a
fixed probability.

Discard samples whose target ex-
ceeds the allowed character limit.
Remove samples whose proportion
of line breaks exceeds the allowed
threshold.

Discard samples whose Japanese
text contains a punctuation-free span
longer than the allowed length.
Remove samples whose proportion
of numeric characters exceeds the al-
lowed threshold.

Discard samples in which a number
written in Arabic digits on one side
does not appear on the other side.
Remove samples whose source and
target share more character n-grams
than allowed.

Discard samples whose character n-
gram repetition rate exceeds the al-
lowed threshold within a local win-
dow.

Boilerplate text

Target length

Newline ratio

Punctuation gap

Target number ratio

Number consistency

n-gram overlap

Repetition

Table 6: Rule-based filters and their rejection criteria
applied to the synthetic parallel data. A sample is dis-
carded if it meets any of the criteria above.

for use in glossary prompting and dictionary con-
struction. For this extraction, we used gemma-4-
26B-A4B-it and gemma-4-31B-it (GemmaTeam,
2026). Figure 11 and 12 show the prompts used
for this task.

Style Identification. We split each document
into sentences based on line breaks and Japanese
punctuation marks (e.g., “c 7, “ ! 7, “? ). We then
classified the ending of each sentence using string
matching. Specifically, we defined ending patterns
for the polite style (e.g., “T37,“F 37, “E L1,
“EHA”, “< 7 EW) and the plain style (e.g.,
CIEET BB, 0T, D DT, TN, We
counted a sentence as polite if it matched a polite
pattern, and as plain if it matched only a plain pat-
tern. We then assigned the overall document the
style of its majority sentence type. To ensure relia-
bility, we only assigned a style if the majority style
appeared in at least two sentences, and the minor-
ity style appeared in at most one sentence. We left
documents unclassified if they failed to meet this
condition.

Tokens
SFT 758,507,883
DPO Stagel (Synthetic) 1,230,093
DPO Stagel (LLM judge) 70,135,828
DPO Stage2 (CAJALA) 8,631,489

Table 7: Number of training tokens used in each stage.

Source-side Segment Alignment. We randomly
selected one segment generated during the Target-
side Segmentation phase and identified its corre-
sponding source-side segment. For this alignment,
we used gemma-4-26B-A4B-it and Qwen3.6-35B-
A3B. Figure 13 and 14 show the prompts used for
this task.

B.2 Dataset Size

Table 7 shows the number of tokens in the final
dataset.

C Preprocessing Details

As preprocessing steps, we performed segment
splitting, domain classification, and style selection.

Segment splitting. We first determine whether
the document can be parsed as JSON or HTML,
that is, whether it contains structured text. For
structured documents, we parse the document us-
ing the corresponding parser and treat each ex-
tracted text span as a single segment. For doc-
uments not identified as structured text, we first
split the input document into sentences using
spaCy (Honnibal et al., 2020). We then merge
adjacent sentences to form segments of at least
130 characters for En—Ja and 50 characters for
Zh—Ja, avoiding unnaturally short segments.

Domain classification. For each sample in the
blind test set, instructions on the translation style
and format are provided together with multimodal
resources. We use these instructions and resources
to assign a domain according to the following four
rules. Video: If the multimodal resources include
a video, assign the “Streaming/Video/Audio” do-
main. News: If the instructions contain the word
news, ignoring case, assign the “News” domain.
SNS: If the instructions contain keywords related
to social media, assign the “SNS”” domain. Other:
Otherwise, leave the domain unspecified.

Style selection. For samples classified as News,
we instructed the model through the prompt to use
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SFT
Train Steps 11,573
Batch Size 65,536 tokens
Learning Rate Schedule Cosine
Warmup Steps 550
Max Learning Rate 3x107°
Min Learning Rate 1x107"
Optimizer AdamW (Loshchilov and Hut-
ter, 2019)
B =0.9, B2 =0.98,
e=1x10"5%,
weight_decay = 0.01
Gradient Clip 1.0
Implementation Megatron Bridge (NVIDIA,
2025a)
DPO Stage 1
Train Steps 11,573
Batch Size 16 preference pairs (32 se-
quences)

Maximum Sequence Length 16,384 tokens
Learning Rate Schedule Linear warmup followed by
constant LR

Warmup Steps 20

Warmup Initial LR 1x107*

Learning Rate 5x 1077

Optimizer Adam (Kingma and Ba, 2015)
B1 =0.9, B2 = 0.999,
e=1x10"%,

Gradient Clip 1.0

DPO Coefficient 8 0.1

Log-probability Reduction =~ Sum over response tokens

Implementation NeMo RL (Megatron back-

end) (NVIDIA, 2025b)
DPO Stage 2
Train Steps 574
Batch Size 16 preference pairs (32 se-

quences)
Maximum Sequence Length 16,384 tokens
Learning Rate Schedule Linear warmup followed by co-

sine decay
Warmup Steps 20
Warmup Initial LR 1x107*
Maximum Learning Rate 5 x 1077

Minimum Learning Rate 0

Optimizer Adam (Kingma and Ba, 2015)
B1=0.9, B2 = 0.999,
e=1x10"%,
weight_decay = 0.01

Gradient Clip 1.0

DPO Coefficient 3 0.1

Log-probability Reduction = Sum over response tokens

Implementation NeMo RL (Megatron back-

end) (NVIDIA, 2025b)

Table 8: Hyperparameters used during model training.

the plain declarative style. For all other samples,
no style was specified.

D Training Configuration

Table 8 lists the training hyperparameters.

D.1 DPO Dataset Construction

LLM-as-a-Judge Preferences. To generate
LLM-as-a-judge preferences, we used gemma-4-
31B-it (GemmaTeam, 2026) to assign prefer-
ences between the output of an in-development
model and the reference in the synthetic dataset.
Figure 15 shows the prompt used for this evalua-
tion.

CAJALA Preference Pairs. For each CAJALA
sample, if one candidate received at least two votes,
we treated it as the chosen candidate and each of
the other two candidates as a rejected candidate,
yielding two preference pairs. Samples without a
majority candidate, such as those with a 1:1:1 vote
split, were excluded from DPO training. For each
pair, the document containing the chosen segment
was back-translated into English and Chinese and
used as the source for both the chosen and rejected
responses.

E Glossary Extraction Details

As described in § 4.2, we built the glossary by ap-
plying multi-stage filtering to the bilingual termi-
nology pairs extracted during the dataset construc-
tion process. First, we used gemma-4-26B-A4B-
it (GemmaTeam, 2026) as an LL.M-as-a-judge to
evaluate the validity of the extracted pairs. Fig-
ure 16 shows the prompt used for this evaluation.
Next, using the wordfreq (Speer, 2022) library,
we retained low-frequency words with a Zipf fre-
quency of 4.0 or lower for English, and 4.5 or
lower for Chinese. We then applied rule-based fil-
ters to remove identical source-target pairs, am-
biguous cases where a single source word mapped
to multiple targets, and terms containing bound-
ary punctuation. Furthermore, we matched the ex-
tracted terms against the source sentences at the
token level for English and the character level for
Chinese. When matches overlapped, we applied
the leftmost-longest rule to retain the longest pos-
sible matching terms in the glossary. The final
En«Ja and Zh—Ja glossaries contained 215,000
and 90,633 pairs, respectively.

F LLM-as-a-Judge Evaluation

During the LLM-as-a-judge evaluation, we pro-
vided the model with the source language, tar-
get language, source-side segment, and target-side
segment, and instructed it to score the translation
quality on an integer scale from 0 to 100. Figure 17
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shows the full prompt used for this evaluation. We
excluded two samples for which the Gemini API
returned a PROHIBITED CONTENT error.

G FIM Post-editing Strategy

During system development, we also explored
strategies for applying FIM post-editing to a
broader set of segments, rather than only to the
segments detected by the rules described in § 6.3.
Specifically, we performed quality estimation for
each segment using MetricX (Juraska et al., 2024)
and experimented with post-editing the segment
with the lowest score in each document. How-
ever, we found that the improvements in translation
quality achieved by FIM post-editing were limited.
We therefore adopted a conservative strategy of
correcting only translations that were clearly of low
quality, aiming to ensure that post-editing reliably
improved translation quality. As a result, only four
translation outputs were modified by FIM post-
editing. Table 9 shows examples in which trans-
lation quality degraded when post-editing was ap-
plied more aggressively based on MetricX scores.

H Additional Qualitative Examples

Table 10 provides qualitative examples for the lan-
guage direction omitted from each comparison in
Table 3. For Base — SFT, we show an En—Ja ex-
ample, whereas the remaining comparisons show
Zh—Ja examples. Table 11 shows three examples
in which FIM post-editing changed the hypotheses
of DPO-2+MBR.

I Total System Parameters

Table 12 lists the parameter counts for each model
used in our system. Our total parameter count of
18.7B falls below the 20B threshold, satisfying the
constraints of the Open weight (constrained) track.
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Source text

Before FIM post-editing

After FIM post-editing

(a)
En—Ja

24296-jpn_Jpan

(b)
En—Ja

24247-jpn_Jpan

So this is my carry on. And then
this bad boy, are. You gonna check
it? I don’t know. I can’t decide. It’s
pretty heavy. But it’s so smooth.
Look, they gave us a little beach
bag, a hat. Um. Everything I never
want to forget. And some things I
do. Oh my God, so cute. So cute.

EhoIh, BDFr ) —F >, TRTIDRD
. 7L, T BLN? bhrABRWE—, B
RV —, BlELZVLER—, TdDBE L
HelEd k.

ES. NERE—F ANy ZLBTFEDS o,
Zok, Bk RWI L2, 2L T, shi
Wb Hd, RE— DLV, DLWV,

Zh, EOF vV —Fv, ZLTIOHH, 7L
o FxvZ AND? bhABRWR, R LNE
Wi, MMEVER, ThHob 25,

1Z5. BE=F Ny JEBTFONIVDES B o7z,
Z o, M ENZ B0d D2, 21
PH. BBV Dh, BHERE DL,
Y PINIAN

Table 9: Examples of samples whose translation quality degraded due to FIM post-editing. Blue marks the parts
that were correctly translated in the original translations, while red marks obvious errors introduced by FIM post-
editing.

Lang

Sample ID Source Excerpt

Before

After

(a) Base — SFT

En—Ja 24255-jpn_Jpan

... All right. I didn’t realize this
involved frying, and I don’t think
1 did this correctly because the
recipe did not tell me how much
breadcrumbs to add. ... It’s not
really frying. Really confused. I
just let the zucchini drop to the
bottom. ...

(Score: 50 — 100)

(b) SFT — DPO-1

LRV, W E, ZARBITYREEA TS
BHID FRATLEL, LY ERAVHORYSE
PRTORDP572DT, IELWED HTIERD >
FrREVET, ... ZhoT, HBIFPL 2 RVWAT
T iR, KAYEELLVWTT, kE, XyF—=
EZEICEL LB WE L, ...

LAV, BT B o THIS B o/ L, Sk OE

BENTRpoZn b, THIEL R TRLE
B, L HBIFT3bILeRVL, Dobsii

fileo Ry F—=2FIHELITET, ...

Zh—Ja 24141-jpn_Jpan
(Score: 0 — 85)
() DPO-1 — DPO-2

AT NN, T, X
e, .

AT RIETI T, W,

2,

IXREF R

o HT ST L—T, 5A. Zhd%se
PSR

Zh—Ja 24218-jpn_Jpan
(Score: 33 — 75)

- FARBTITIR KISBREX
WARRPIF R HTES, BARRE

IN P RAPE GBI TIESSIE, (HARFR
AR 25 R 5 XA X
W R ERA LN, T
MR TSI R R
géﬂ#ﬂ%ﬂ@ﬁ iz —ME

(d) DPO-2 — DPO-2+MBR

- S EIOMKABIN LR A — 7 > T ZOBAfEE ]
DL EED LR VI OREE . s
~ 7 AERBATAED € FREUS BRI E Db o 72
LDD, bEDLEX VN —TTHE - BIRGEER)
X v S ZABATHIBREM 23, AR 2 [
WEDE 2R Y, BATHIBHRMI A OLUE Ok
NERETHERAODO—22 LTORERENZFNC
HEL &S, ..

AL KT B B RHEE . S EIOMKANIER
BHOF =TT 24 XY NOBEERD. &
W AERETIEO © FEUE I E bR
PofbDD, bIOI I N—TrilATHEE
TR X ¥ v > S AT 2 S, A
IR E WG DR, BATHIBRMANER O E
OREFERIGZAZRAOD—2 2 L TOEEN %157
R L 72, ...

Zh—Ja 24406-jpn_Jpan

S BRI, &
N7 IRA 2 RS, .

(Score: 50 — 100)

FAKNCIRROTRE, FER D DI I 72T
Bk T30, Bk, ...

FARNNCIRR DT, FEMR S 72012 Y72
YEIC72 o 7 dr o Thfio VWAL X, ...

Table 10: Additional qualitative examples for the language direction not shown in Table 3. Score changes are shown
below each sample ID. Red marks errors or untranslated content, and blue marks the improved expressions.

Sample ID

Source Excerpt

Before

After

DPO-2+MBR — RFMT

#2257 Exempt”

24028-jpn_Jpan
(Score: 98 — 98)

project move out, spring break relay

24154-jpn_Jpan
(Score: 55 — 65)

24383-jpn_Jpan
(Score: 60 — 70)

2257 Exempt

project move out, spring break relay

2257 =7E¥ YT h

project 5o L. BKRAT Y —

io iio

Table 11: Additional examples for which the hypotheses produced by DPO-2+MBR and RFMT differ. A representative
example is shown in Table 3(e). The LLM-as-a-judge scores before and after post-editing are shown below each
sample ID. Source texts are excerpts relevant to the changes; red highlights issues before post-editing, and blue
highlights the corresponding expressions after post-editing.

Model Parameters
Translation Model 14,768,307,200
XCOMET-lite 283,731,987
MetricX-24 XL 3,742,619,648
Total 18,794,658,835

Table 12: Number of parameters for each model and the

total.
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Paraphrase Prompt

# XEO—HTEXRICEDETAHRREBICHEIZ 2

GRoNXHESEOXREHE R, fEES Nl THRED) 2, AROFAUCHN L XD BARHAFBERBENEFERITIES W,
# A

LFoD 3 o5z 6h%d,

- oA B R | NRE) B ST XEDO R, R - SUE - FERZHINTT 2 0 OMETT,
- R RIER x| XERROICEEND, XX DG L 72 B E,
= #RART OFER** | H X 2RI 2MR L2 d D, BRZHREELOD, ARLHARRIICT 272005 EHRTT,

## HEEMZ 0N

## 1. BEERZRET 2

- MREIPEZTOWINE - FiR - =27 Y REEZ R,

- HEREBFICGEMLUE DEBRLED Liwv,

- ZEBERE LTEZONRERMRZHE L, SR ED SR WHIFTHAREIICT 5,

### 2. WIROSARE X 2

- Sl Rxx C XERRICEDE T, UK (TY - 25 2EIK (72 - TH2H) »EH—T 5,
- RAEHEE c b=k LS RO HE IO LAV, T <L S RJH LR S,

- *k DD D *x L EATD D B ORI, EEREDIANDTNDE SRS X 5ITT 5,

- o fHEEO—E s | XEBRTHEDLNR TV SR - HMHGE - EEZFAOSVWE LICEbE %,

###t 3. BRI ZED D

- BUERER - EERFES. FEARSVEIL %R, ZARNI-HAECET
- ARERERE D L Y WSV EEIRICT 5,

- BEAOMD . RO ZIORHRS ZET,

- FCFEADOARELREDIRLZHIT 5,

- PURONERIEIEEREZ | HiAsPeT T 5,

w4, FPHESFD

- HEMZ ZDIE 0 RED D AH**, BIRDSUEFEMZ R,

- MRHTORIPME T2 KE GEFLL 2V (BELLEICHIRXE2W0),

- TTRTHHARTIURICD A>TV R EHEE, BHCEX T TORREZOEFEFHAI LTIV,

## B
- BEWMIBRD AR REIDTFZA DA &, KDESIT ~""txt™ " Da—F7ay 2 THATHAT 3,

- a—Fr7ry 705K, JiEE - Hi - FlR 2 PR,
- XEEEZEELRV,

TTTtxt
(I BERARONGIR)

#Ht XA
FROFTEHE - T, GOSN ERRE MR % S L1, WREDE BARRINCE I TN,

[rE421K]
<<<|FULL_TEXT|>>>

[ =34 2 3 5ik]
<<<|MIDDLE_TEXT|>>>

D5y OFER]
<<<|MIDDLE_TRANSLATED|>>>

\_ J
Figure 4: Prompt used for paraphrasing
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MIDDLE Suitability Judgment Prompt

# MIDDLE ZZMMEHIEX R

text infilling HHERD preference 7/ 7—> a VHT—XZ{EHL £7,
HAGECE D 533N MIDDLE A3, #x37 7 L — XMl 2 1F o TAMAD THIEIRICHRD BARICA S D D) ZEIX R 7+ ZFAWTWV 2
HELTL XN,

ZDRRATZ T, %7 7 L—EMITERL 8 A
MIDDLE H{A% “keep™ / “human_review™ / ~drop~ D EAUIT ZHh7ZEHEL TLZI W,

# HETRZZ
ROBEERELTHEL T EE W,

. MIDDLE 7%HRM HAGED

. PREFIX / SUFFIX Y&l - UK - HEGeATHARIT DA% B

. BkERo TR, ARBSWIRZEME 2 HUEERE S B,
. T TehasiRici s BRD ) DEPHZ S5 .

. SOURCE Y HHSDICFJE L TWRWA,

g WwN -

SOURCE (3B # TS
HAGEMIO HAR X LAk OBEMERELEL T EI W,
SOURCE 73%%, F 7MW L Wiha. B2 RFED 21T UL ~source_consistency™ & 3 ITLTL AW,

## keep L7zW

- HAFELX LTHRT. /A4 X UL XEDRERX > TVRY,

- PREFIX / SUFFIX ¥ HARICORDN 3,

- IR, GENE. HEgt. BiEE. SOR. BBERCICEWIRZRMLDH B,

- B B EEGAR R E F. 2~4 HRED BARREMEERZ S,

## drop L7z

- MIDDLE A3%%, null, E£7/R@KIELTW3,

- URL. #(F. Wi, 3 —F, Xr¥ary, nyvakZ, B&30F, id508%h.
- aFZA4YRA, I UL, 25 —X vt — HTML, X XERB LD 4 XHHD,
- FAI T ET, BRARE WIRZEHEEEER IRV,

- PREFIX / SUFFIX X ORDSRV, FIIXENBEDR N,

- HIRARE BT S BRI RN ROER S £ 5,

- SOURCE ¥ MIDDLE ODXJEAHH S 2T E LW,

- BLWZ B ERZIL LRIV,

## 237

FZ2a7E 1~5 DB THITLEZ W,
‘risk” Z3E HEREWVIEEENR AT TT,

- “fluency : MIDDLE H{ADHAGEL L TOHARZ,
- 1 AR - BHEE - 2 A XHD
- 3: DIV LAK
- 5: HALHAE
- “context_fit : PREFIX / SUFFIX tDHAZORHD,
- 1: DBRHBLIRN
- 3: BBUORORD 2L
- 5: HRIORM2
- “source_consistency: SOURCE ¥ O¥E&1E,
- 1: BSAITEL WY
- 3: HIWncES
- 5: M@EREZS
- “paraphrase_potential”: HRREWEZ B2 EEIENE S B2
- 1 FEERRY
- 3: 1~2 fAnsfEhz s
- 5: HBEYRITV
- “annotation_value’: A% preference %f{fi}% 7 —%& & LTIl % 2
- 1: fEEAMEW
- 3: NTFEEIBE
- 5: fHfEASE
- risk’: /A X, BKE, BRIV, BHESE - BEFOREDY R,
- 1 YRR
- 3: ALA%Z
- 5: YURZPEN

\_ J

Figure 5: Prompt used to assess whether a middle segment was suitable for constructing CAJALA datasets (Part 1
of 2).
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MIDDLE Suitability Judgment Prompt (continued)

## HIEZ L

- "keep : ZOEFHHALTE L,

- B%: “fluency >= 47, “context_fit >= 4°, “paraphrase_potential >= 47, “annotation_value >= 47, ‘risk <= 27
- “human_review : YWk S 72, AFHERE T,

- HAGERSRIZE < 720 A3, SOURCE MG « BEIRE « BKA L « /4 AL DD %,
- “drop™: BRHVF B,

- 22 A XD, BT E S, URCEDRV, W AMIEAYEV. SOURCE WIG2ME LW,

## issue_types

MR D 2355720, T HPEERATLEE N,

A ZRWEGEIE T[] KL TLEE N,

- “missing_middle”: Z%, null, Ki#

- “noise_or_non_text™: URL, UI XF., 2— K, HTML, X XEHRLLYD /4 X

- “entity_or_symbol_heavy : #F. EHLH. MG, XV a v, BXFE. LEHTLO
- “context_or_style_mismatch™: PREFIX / SUFFIX ¥ Ik - XA EDRWV

- “source_mismatch™: SOURCE ¥ OXTILAEL W

- “low_paraphrase_value™: 7 WX R preference OAfifEA KL

- “ambiguous_or_drift_risk : BRI EF 3. FREBEKIL LTV

- “other™: ZODfth

# WA

BFLURD JSON A 7Y =2 FDAEZHII LTS W,

Markdown D3 — K70y ZRFHSUIH I LARWTZE W,

“decision” & “"keep"", *"human_review" , "drop" > OWITN 1 DT,

MIDDLE A%, null, KRif. FXETL—RFRVXKREHUCHZ 2355813, “has_middle” % “false” ICL. “decision” ¥ ~"drop"™ IZ
LTLZEW,

{
"has_middle": true,
"scores": {
"fluency": 1,
"context_fit": 1,
"source_consistency": 1,
"paraphrase_potential": 1,
"annotation_value": 1,
"risk": 1
},
"decision": "keep",
"issue_types": [I],
"reason": "H|EMH % HAGE CHiEICEI"
}

## AJ]

[Fx+4>]
<<<|DOMAIN|>>>

[J53¢ SOURCE]
<<<|SOURCE_TEXT|>>>

(%3 % SOURCE fll-z 27" X ¥ b (ZEDE3HER)]
<<<| ALIGNED_TRANSLATION|>>>

[HAGE ]
=== PREFIX (BD %) ===
<<<|PREFIX|>>>

=== MIDDLE (HEN%R) ===
<<<|MIDDLE|>>>

=== SUFFIX (BDAH) ===
<<<|SUFFIX|>>>

J

Figure 5: Prompt used to assess whether a middle segment was suitable for constructing CAJALA datasets (con-
tinued).
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Domain Classification Prompt

# XERXA VAR S

H7TE GRAONLAKET FRAFONE AL VENHTETSAXY T,
# XA

TEAMEGA Y TEEZHTIVE 1 DORFEATLEZW,

1. **SNS NODFAf**: X(Twitter), Facebook, Instagram, TikTok KX DY — ¥ )L X T 4 7 NDHHH,

2. #dERMk: 5HE2ARD, RAT. 57235 2 AMD. Reddit’h & DIERIADHEAA, EAUEDIE L. ALy FERDOL 2D HEL
DROMREDR S V7« 7RF=T— b EEDLIEDEL,

3. #xQuA%*: Yahoo!HIHLS, # X T!goo. OKWAVE, Stack Overflow/ ¥ OERM] - H&EH A rda v Fr vy, BEXLHES Ly Miko
TV, FHREICER - FEOWFhs e it E sHR,

4. #xffEfak: REE - Fr v bRY - 4 VR 2 — - KR - NEK - WAL Y, BEGEGEEOR DD TR ENET X R b, HEEEHEDOLZRLH

#H 7 OV HIHE R B,

5. xx= 2 —Rxk: FEAL - BEH - 7L ERAREOMEKENC X 3 FHEEAGEF, TWwo - ¥ T - - iR 2EBMNICEE T 2 HMIE R
XA,

6. xx T LAY Y —Zxk: R - FESARICHL T 2 HERKRER, FrElmAER R NFREL, BIERRL Y. BETHIHRSIIT
RNR7FT VR,

7. xx707 - aF hxx: AN FAX-CKBZT7RT5E, aFLh AC=FVRHE Tyt A noteilFHRY, EXFOEHE - K- BA
DD & 72 B FH A,

8. 43T - web/NFixx: /NBI. ER. EREH. BEZE. web/NBi. T4 b L, TRAMER Y. BWER - WIEERIR T X R b, MO REEC R ED
BRI

9. **xE RIS - f#flixx: Wikipedia, I bV, —a=a KERREOERHMEIHE,. HEMS. BEROPIHREIAS, BEEZMEN -
RN BEH L 7= 5k,

10. **FFH - Ffiiex: BRIFE, HBERL GRS FRLR— b EEEM, BEE SEFLRY. BB - FHENTE I T F A b,

11, *dGNEGE - v =2 7L - Y — 23— Fsx: FifficE, APIY 7 7 LU R, Bfh~=a 70, BkEHE, fHifivns, v—2a—F, &
ET 7 AN, TarsIvr0a— Rl @ik e,

12. **Hfh - EC#+: Amazon, ZEKMiHREDECH A P OREMR—, BMFH. ARy 7K, HxarRy ERoMN - ez HNE 35
T¥ R b,

13, *xxL B a— - [13 I*x: fifh. —E R, JEH. fES. BRARSICHT 22— —cksLba—, Ha 3, iHlia x> b, BERR.

14. **RFE - FUA - (TBoex: B - FUK - TBHSBEO AR 4 Foa—KL— bR— REE, IRIEHR. TED 5 OHH < @E - LRk Y
N G ETOUNN S

15. #+3RA - RENE - [RITH ¥ DM — & Rex: SRR, TEIEYER, RAT - 150 - BOCER, 20X EHR. 4 XY MERR Y, 1H#R
F—E 2P A MBS B BRI R SR,

16. *x[EHE - AR - BE DM B, BEL BUE. SR SRR Y. ST OGRS - - A - 37 40 FEMRICK S
PEZIHBEMED 22020,

17. #%[RE + SE0 + A 8Lxk: [REAY—, 774 VA FEHNOLHE, SEOHVO#EWa YT VY, $2OH A POIURGEHE, ALK
HEXERY,

18. *x7 ZL b A bxk: WAMIT A>TV EWSIHA FDTF A b, 7KL M - RS A~ OBASCRMERBH, HEWR - EEHE
HY A b, BN ENAEERETLRS - a3y,

19. #*xZDfthxx: EFEOVFTIUCD Y LARVE, FRERD 7 2 ) OHIBID K2 S,

## A

- HE CFS. AT7aVH C OBKT 1 ITOARHALTLEE WY,
- TSN OAEZH A LRV TLZE W,

6
5. =a—X
# A7)
RDOTFA ML TS
TTTtxt
K<< |TEXT|>>>
\_ J

Figure 6: Prompt used for domain classification.
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Noise Removal Prompt

# HAEXTREI LT F 2 FOKIE
# 1%E|

HRIFZHAFEOLFRI L (FHERH) 73 A PERIET 2MEETT, HLEERSLTROFVELPFEHXUIZDOEEERLOD, 747
—REWEAEZMDIRE, I AZEL, XEL L THRCHD 2 LS CTFHELZTVWET,

# XA

AHERELFRI LT F2 MR LT, MFOAL— Mo TRIELTL EEV, LSRR ESHCLRT 20 TR, HLETHL
BROFEHALT CHAB L BENTT,

## [BIEL—

L 74 7=RBWEA (2= THD—) TEH) T2ot) RAND] 20— RY) ZHIRT 2,

L BVELPERRZEDIEL (ALEAOXTD, S0FTIEDZEARY) 2BEL, HRIKORNS XIIT %,

. BRI X B R (FIEREFFEOMDEZ., FBOMEHD BEWARY) &, SUkd &l L TIEL WREIREBIET %,

. HFR RTINS, TR - AR ERZ B, T, FHARATRONIHEBIET 2, RilRZBHPAR—ZAZHIRT 2,
. XORYIh 2HATEEZ, NEDFLEH T B E DT %,

. S RMT - 71T (RPWRSEE) . BHEOM S WA ETE R/ NRICEEZ 3,

## MR 2 FEHRV)

OO WN

- EBLEEREOSVEIL - O# -8R ((~F ki T~RATT X I~UrAl RY) BZOFEFHT,
- CEEMZRARCHEER Y. BROED 2 REIIZDOE FICT 2,

- 75 KU RREEEMENRE ESECE IR,

## BSFHIE

- RS OEMRAREZZIR0, ZEHY - B - JRERROFEA L Lz,

- WEOBRKPEIR, FLAOMMER BT - e - BRELL v,

- JEDT F A MIIFE LR WIEHE 32 720,

- KNk S FATE. MENBIER I ICORBE Z DO F KT,

## B

BEHDTFRAFDAE, LFOXSIC ~ "txt™ " I— K7y ZTHATHIL T LIV, a— K78y 7 ORifkicHiE - HR - fiE
E—Ymzenwz e,

TTText
(BEHZDTFZ )
7272 L. ANNEDHARGETRY - EiEORMED D - 1255113,
TTTixt
N/A
LREFHALTLEZ Y,
# ANTFA b
MURDTFRAPEKIELTLZZ W,

TTTtxt
<<<|TEXT|>>>

\_ J
Figure 7: Prompt used for noise removal.
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Back Translation Prompt for Ja—EN

# Translation into English
Please translate the following text into natural English.

## Translation Instructions
- Produce natural, fluent, and easy-to-read English.
- Wrap the output in a ~~“txt "~ code fence.

- Do not output any additional explanation other than the translation itself.

## Input / Output Example

### Source Text

ST Ttxt

FERIE AT OFIFEICBEARFR TS,

### Translated Output (English)
ST Ttxt
Semiconductors are essential for the development of AI.

## Task (Source Text)
TTTtxt
<<<|SOURCE_TEXT|>>>

\_ J
Figure 8: Prompt used for Japanese-to-English back-translation.

Back Translation Prompt for Ja—Zh

# BN REAHSC
TERFLUR SRR B AR R H S

## BIFEER

- W B Wi, 5T RIBERE RS,
- FHRIHAAR CCtxeT T REEHREE,
- BRiESCRGA, iER A A,

## HWA / R
# JFSC
T txt

fif%ﬁi&i AT OFIFICHEARRIRTT,
# B (RIARHSO

TTtxt

EGN T A TEERITR R BRI,

## 155 (50

TTtxt

<<<|SOURCE_TEXT|>>>

\_ J

Figure 9: Prompt used for Japanese-to-Chinese back-translation.
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Translation-pair Quality Judgment Prompt

# BIRRAR 7 WEHE
HRIZIMRT -2ty P22V —=V 7T 5D DML MEEEE TS,
RO WO B L, BIIRR7 27— &ty ML TIWAHEL TS W,

wr CHE LR
- CO0KT: JRXOFELERHSBHSCH RS TV 2,
- NG PRty b2oRATREEARMEND 5.

[Ne b 722 EALRMBEL =5 —%4 7 (error_types) DXI]
- “omission™: JAXODEEFHRIKIIT NS
- “mistranslation™: [FZ¥FERITHEIRZEKICERL TS
- “entity_number_error : ¥F. [EHSHH. HNREEZH TS
- “addition™: FIMICAVWEEEHEZEML TS
- “wrong_language™: BHARIAEE S NIHMRSFETIZRV
- “truncated”: XEMBRFITYINL TV
- “translation_failure™: HHFRICKRMLTW3
- “other™: [LFtMSADEKRLKIEAHDH 2

## HER
F ISON ATV 27 bDAEHILTLIEE W,
{

"reason": "HEDHM",

"label": "OK F7zl% NG",

"error_types": []

## HENRT — &
[

- JFIXSah: <<<|SOURCE_LANG|>>>

- BHERYES7E: <<<|TARGET_LANG|>>>
[F%2 1]

=== B ===

<<<|SOURCE_TEXT|>>>

=== FFRSC ===
<<<|TRANSLATION_TEXT|>>>

Figure 10: Prompt used to evaluate the quality of translation pairs after back-translation.
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Terminology Extraction Prompt for En—Ja

# Technical Terminology Translation Pair Extraction Task

## Role
You are an expert in extracting technical terminology translation pairs from parallel Japanese and English texts.

## Task
The **Japanese** text and **English** text presented below are in a parallel translation relationship. Carefully
read both texts and extract the **technical terminology translation pairs** contained within them.

## Extraction Rules

### 1. Faithfulness

- Extract the expressions appearing in the texts **exactly as they are writtenx.

- Do **not perform any processing** such as normalization of notation, completion of okurigana, conversion of
character types, adjustment of word endings, or restoration to base forms.

- Preserve the exact surface form as actually used in the texts.

### 2. Basis of Correspondence

- Extract only terms that **xactually exist in both the Japanese and English texts** and correspond to each other as
translations.

- Do not supplement or fabricate translation pairs based on general knowledge or speculation.

- Terms that appear in only one of the languages are excluded from extraction.

### 3. Extraction Targets

- Target technical terms (technical vocabulary, academic terms, industry-specific concept words) and proper nouns.
- Exclude general everyday words, function words, grammatical elements, numerical values, and general-purpose verbs
and adjectives.

- Extract up to five pairs of technical terms and proper nouns.

### 4. Duplicate Handling
- If the same translation pair appears in multiple locations, output it only once.

## Output Format
**The response must be exactly one valid JSON object conforming to the following format.*x
- Do not include any text other than the JSON (no preamble, explanation, annotation, conclusion, blank lines,

comments, etc.).
- If the extraction result is zero, output “{"term_pairs": []}".

““json
{
"term_pairs": [
{"ja": "FEME", "en": "machine learning"},
{"ja": "H@liH HFE", "en": "supervised learning"},
{"ja": "FNULFFEFT—&", "en": "labeled data"}
]
## Input

### Japanese

<<<| JAPANESE_TEXT|>>>

### English

<<<|ENGLISH_TEXT|>>>

Figure 11: Prompt used to extract bilingual terminology pairs from the Japanese-English parallel corpus.
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Terminology Extraction Prompt for Zh— Ja

# Technical Terminology Translation Pair Extraction Task

## Role
You are an expert in extracting technical terminology translation pairs from parallel Chinese (Simplified) and
Japanese texts.

## Task
The **Chinese (Simplified)#** text and **Japanese** text presented below are in a parallel translation relationship.
Carefully read both texts and extract the **technical terminology translation pairs** contained within them.

## Extraction Rules

### 1. Faithfulness

- Extract the expressions appearing in the texts **exactly as they are writtenx*.

- Do **not perform any processing+** such as normalization of notation, completion of okurigana, conversion of
character types, adjustment of word endings, or restoration to base forms.

- Preserve the exact surface form as actually used in the texts.

### 2. Basis of Correspondence

- Extract only terms that **actually exist in both the Chinese and Japanese texts** and correspond to each other as
translations.

- Do not supplement or fabricate translation pairs based on general knowledge or speculation.

- Terms that appear in only one of the languages are excluded from extraction.

### 3. Extraction Targets

- Target technical terms (technical vocabulary, academic terms, industry-specific concept words) and proper nouns.
- Exclude general everyday words, function words, grammatical elements, numerical values, and general-purpose verbs
and adjectives.

- Extract up to five pairs of technical terms and proper nouns.

### 4. Duplicate Handling
- If the same translation pair appears in multiple locations, output it only once.

## Output Format
**xThe response must be exactly one valid JSON object conforming to the following format.*x*
- Do not include any text other than the JSON (no preamble, explanation, annotation, conclusion, blank lines,

comments, etc.).
- If the extraction result is zero, output “{"term_pairs": []1}".

““json
{
"term_pairs": [
{"zn": "*}12&#2", l|ja||: "%W?’E’"},
{rznt: MBEERES, vjan: "HEID DB,
{"zh": FRERRELY, vjat: " FAULATE F— &)
]
## Input

### Chinese (Simplified)

<<<|CHINESE_TEXT|>>>

### Japanese

<<<| JAPANESE_TEXT|>>>

J

Figure 12: Prompt used to extract bilingual terminology pairs from the Japanese-Chinese parallel corpus.
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Source-side Segment Prompt for En — Ja

# Parallel-Text Extraction Task

## Role

You are an **extractor**x that, given a **Japanese-English parallel translation pair**, precisely pulls out the
English text corresponding to a specified passage. Your job is **not translation**, but the **identification and
extraction of English text that already exists**.

## Task Overview

1. As input, you are given the **Japanese version** of a document and its corresponding **English version** (a
parallel translation pair).

2. In addition, you are given **one segment** (a few consecutive sentences) taken from the Japanese version.

3. You must identify **which part of the English version** this Japanese segment corresponds to, and extract the
sentence(s) written in the English version **exactly as they appearxx.

## Rules You Must Strictly Follow

- *xDo not translate on your own.** Translating the Japanese segment into English is prohibited. You must instead
locate the text that already exists in the provided English version and output it by copying it verbatim.

- The English text you extract must be output **without altering the original wording, punctuation, capitalization,
or any other aspect of the source text** in the English version. You must not summarize, paraphrase, or edit it.

- Select a range of English text that covers the content of the Japanese segment **completely and without excessx**.
If the corresponding English spans multiple sentences, extract the **entire consecutive range**.

- The sentence boundaries and ordering may differ between Japanese and English. Even if the word order or number of
sentences does not correspond one-to-one, extract the **consecutive range on the English side that corresponds in
meaning*.

- If the corresponding English text **does not exist** in the English version, output only "N/A°. Do not fabricate
English text by guessing.

- Output **only** the extracted English text (or "N/A"), enclosed in a code block beginning with
Do not add any explanation, preamble, or supplementary remarks whatsoever.

txt

## Input (Example)

### Japanese (full text)

ST Ttxt

e b DR1EIE2010F ISR I N E Lz, BROLEFNIHEN DT 03% T L, BIETIEIERBEI 5004 2B TWE T, kb I3 rl g
BHRORBZABELTVE T,

### English (full text)

ST Ttxt

Our company was founded in 2010. At the beginning, we had only three employees. Today, our workforce exceeds 500
people. We aim to realize a sustainable society.

### Japanese Segment to Extract

ST Ttxt

AL EAD S 3 T U BHETIIHERERLA 500 2B TVET,

### Output (Example)

TTTtxt

At the beginning, we had only three employees. Today, our workforce exceeds 500 people.

## Input (Actual)
Now, perform the task on the following input.

### Japanese (full text)
TTTtxt
<<<|TARGET_DOCUMENT | >>>

### English (full text)

<<<| SOURCE_DOCUMENT | >>>

### Japanese Segment to Extract
ST Ttxt

<<<|TARGET_SEGMENT | >>>

\_ v,
Figure 13: Prompt for Source-side Segment (En — Ja)
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Source-side Segment Prompt for Zh — Ja

# P E BB X BRSO AU E S

##t
PRIZ— xR Bk, 2 ZATE— Rk HSCGHSHIR TEBESex i, ORTFERE MR HE 548 T8 BT AR LI R SESIAR s PRI S5 v A SR B R e,
TR *+ RFIFHEE H CATFAE M AR ST AR %%,

## ESHEA

1. AEREIA, VREASBIEIE ORI HSCRAR*, DU G2 MRS R #+ SR AR - (P35 BT HEIESD) o

2. WA, IRIEXTFEIN H STRAHERE SR A o — A B GRS TFH) ) o

3. PRFEFEEHINTZ H ST Bow I T HSChRARH I — 38 3%+, FEREASTRRAS F AT 5 1 41) - JEUET R B e ST K

w8 DA IR

- R EATRIE, o BRSO B C, (RRAHETTHR G A B A RIS, JPFEETEM, R 2 S,
- BRSO R AR PSR AR, o BT, bR, BEURS LA Ers, TR, &5t

= FIRERE S SOATFRIT 2 25 A Mol 26 1 S BRIIAIA, WIRAT A S BN T, I o 85 P B,

- FST ARSI TR RO ATREH R AL, B o TRORIE—— M B, BB e tE T RN IR, (i H— S
*k,

= WIS SRR o R 17 s 52 RIS STAR, MRS N/A". RS OA,

- SR T IR SCOR (80 N/A), FERLL - txt JESEUIRIERII D, RO, S s eI

## A CGRpl)
### HX (230

° = R
e B DRAIE2010FICHEAL I NE Ui, ROLEINIHED DT 038 T L, BETRIEEBRD 5004 2B TWE T, Fhl b I3 AT RE
BUHROFEBEZHELTVET,

# P (230

TTtxt
BAVARIFOLT 2010 Fo BOLZMIAE=A AT, M5 AT AKEHEY 500 Ao FATEAFHRIATHEL RIS,

# RN HOSR B

T Ttxt
BALYHNIAE DT H 3 BT LA, BUETIIEEBED 500 BRI TVET,

## i ORI
TTTtxt

BOLZHIRE=AR T, A% RTABKERIT 500 A

## fA (SEEREdR)
BUE, TR DU AT IS

# HX (230
TTTtxt
<<<|TARGET_DOCUMENT | >>>

# P3C (230)
T txt
<<<| SOURCE_DOCUMENT | >>>

### RHIEE H SR B
TTtxt
<<<|TARGET_SEGMENT |>>>

L J
Figure 14: Prompt for Source-side Segment (Zh — Ja)
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Domain Classification Prompt

# Translation Quality Pairwise Evaluation

## Role
You are an expert evaluator of Japanese translation quality.

## Task
You are given a **source text** and **two Japanese translations** (Translation A and Translation B) of that source
text. Carefully compare the two translations and judge **which one is the better translation** of the source text.

## Evaluation Criteria
Assess each translation comprehensively from the following perspectives:

### 1. Adequacy

- How accurately and completely the meaning of the source text is conveyed.

- Penalize mistranslations, omissions, additions of information not present in the source, and unsupported
speculation.

### 2. Fluency

- Whether the Japanese reads naturally and grammatically.

- Penalize unnatural phrasing, grammatical errors, unnatural word order, awkward word choices, and
machine-translation-like expressions such as repeatedly including the subject where it would normally be omitted in
natural Japanese.

### 3. Terminology and Proper Nouns
- Whether technical terms and proper nouns are translated correctly and consistently.

### 4. Style and Register
- Whether the tone, formality, and register are appropriate for the source text.

## Judgment Rules

- Base your judgment **only on the source text and the two translations presented**. Do not rely on outside
information or speculation.

- Compare the two translations relatively and rate their relative quality on the **5-point scale** defined below.
- If both translations are of equal quality and there is no meaningful difference, judge it as a **¥tiex*.

## Output Format
**xThe response must be exactly one valid JSON object conforming to the following format.**
- Do not include any text other than the JSON (no preamble, explanation, annotation, conclusion, blank lines,

comments, etc.).
- “verdict®™ must be one of the following five strings:

- ""A_much_better" : Translation A is clearly better.
- ""A_slightly_better" : Translation A is slightly better.
- ""tie"": The two translations are of equal quality.
- ""B_slightly_better" : Translation B is slightly better.
- ""B_much_better" : Translation B is clearly better.
“T7json
{
"verdict": "A_much_better"
## Input
### Source

<<<|SOURCE_TEXT|>>>

### Translation A

<<<|TRANSLATION_A|>>>

### Translation B

<<<|TRANSLATION_B|>>>

\_ J
Figure 15: Prompt used by the LLM-as-a-judge to assign preferences.
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Glossary Filtering Prompt
# NAHEX R 2
5z607 2 00BRRBFHED 7 L=, HWIZIELWEER GHEREIR) 18> T0 22 HEL T EI W,
## HEELHE
- BHAOBAREREHET 5,
- BHRORFEPLRVEN, EHAHE - B - B2 OEEOME, HE/GEOWIE, HaiRCmBfRaNEDsH 55HE1E *+Falsexx,
- #%2 DD 7 L—APFE L FHBTELN TV IHEIER. BB TbOhTWRVnED, BERP—BH L TWTH LT False £ D, **

#

“True” %7203 “False™ @ 1 HEEDAEZHN L TLZX W, FHIHPRHREIZ —TIELRVTLIZE W,
## AJ)

- #x7 L — X A**: <<<|SOURCE_TERM|>>>
- #*%7 L — X B#*: <<<|TARGET_TERM|>>>

Figure 16: Prompt used for glossary filtering.

LLM-as-a-Judge Scoring Prompt

Score the following translation from {source_lang} to {target_lang} on a scale from O to 100, where a score of 0
means a broken or poor translation; 33 indicates a flawed translation with significant issues; 66 indicates a good
translation with only minor issues in grammar, fluency, or consistency; and 100 represents a perfect translation in
both meaning and grammar.

Answer with only a whole number representing the score, and nothing else.

{source_lang} source text:
{source_seg}
{target_lang} translation:
{target_seg}

Figure 17: Prompt used by the LLM-as-a-judge to score translation quality.
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