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Abstract

This paper describes TransCore, the NewTranx
submission to the WMT26 General Machine
Translation Shared Task constrained track. Our
system is built upon the Qwen3-8B large lan-
guage model and adopts a two-stage supervised
fine-tuning framework trained exclusively on
publicly available data. Our approach focuses
on high-quality multilingual data construc-
tion, including parallel corpus construction,
knowledge-distilled corpus construction, and
instruction-following data construction. For
the parallel corpus, we construct a high-quality
multilingual training corpus through multilin-
gual data collection and automatic quality filter-
ing. For knowledge distillation, we construct
a KD corpus from publicly available monolin-
gual resources using a large language model,
followed by automatic quality filtering. To sup-
port the instruction-following evaluation intro-
duced in WMT26, we further construct instruc-
tion data covering immutable entity preserva-
tion, document-level translation, and structured
translation, which are incorporated into the
first-stage supervised fine-tuning. Our system
participates in four language directions of the
WMT26 General Machine Translation Shared
Task: English→Indonesian, English→Kazakh,
English→Thai, and Chinese→Japanese.

1 Introduction

Recent advances in large language models (LLMs)
have significantly improved machine translation
performance and accelerated the adoption of
instruction-tuned LLMs for multilingual machine
translation (Li et al., 2024; Rei et al., 2026;
Cheng et al., 2025; Luo et al., 2025; Zheng et al.,
2025). Benefiting from large-scale pre-training
and strong cross-lingual generalization capabil-
ities, LLMs have achieved competitive transla-
tion quality across a wide range of language

†Corresponding author.

pairs while demonstrating superior instruction-
following capability in practical translation scenar-
ios. Consequently, supervised fine-tuning of open-
source LLMs has become an increasingly effective
paradigm for developing high-quality multilingual
machine translation systems.

Compared with previous editions, the WMT26
General Machine Translation Shared Task (Kocmi
et al., 2026) introduces several important changes.
The evaluation covers multiple domains, including
news, social, and spoken content, while all test sets
are provided at the document level. Furthermore,
the task introduces instruction-following evalua-
tion through instance-level translation instructions,
requiring translation systems to satisfy diverse user-
specified translation constraints. More importantly,
WMT26 adopts human evaluation as the primary
evaluation protocol for all submitted systems, re-
flecting an increasing emphasis on translation qual-
ity in realistic application scenarios rather than
optimization toward automatic evaluation metrics.
These changes further highlight the importance of
constructing high-quality training data for LLM-
based machine translation systems.

To address these challenges, we present
TransCore, a translation system based on Qwen3-
8B (Yang et al., 2025) using a two-stage super-
vised fine-tuning framework. To better support
the instruction-following evaluation in WMT26,
we additionally construct dedicated instruction
data covering immutable entity preservation,
document-level translation, and structured trans-
lation. The resulting system is submitted to
four WMT26 General Machine Translation di-
rections, English→Indonesian, English→Kazakh,
English→Thai, and Chinese→Japanese. The main
contributions of this work are summarized as fol-
lows:

• We present TransCore, a constrained-track
multilingual machine translation system built
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upon Qwen3-8B for the WMT26 General Ma-
chine Translation Shared Task.

• We construct a high-quality training cor-
pus by integrating carefully curated paral-
lel data, knowledge-distilled (KD) data, and
instruction-following data under a unified
training framework.

• We design a unified instruction-following data
construction framework that supports multiple
translation constraints, including immutable
entity preservation, document-level transla-
tion, and structured translation, through a uni-
fied instruction representation and data con-
struction pipeline.

2 Method

2.1 Overview

Our systems, TransCore, adopts a two-stage su-
pervised fine-tuning (SFT) pipeline for machine
translation. The overall workflow consists of par-
allel data construction, knowledge-distilled data
construction, instruction-following data construc-
tion, two-stage model training, and deterministic
inference.

In the first stage, publicly available parallel cor-
pora are collected for all translation directions. The
bilingual data are preprocessed, automatically fil-
tered using quality estimation, and converted into
a unified instruction-following format for super-
vised fine-tuning. In the second stage, we con-
struct knowledge-distilled parallel data from pub-
licly available monolingual corpora spanning mul-
tiple domains. A teacher translation model is em-
ployed to translate target-language texts into the
corresponding source language, and the resulting
knowledge-distilled data are further filtered before
being used for continued supervised fine-tuning.

To improve instruction-following capability un-
der the WMT26 General MT setting, we addi-
tionally construct instruction-following translation
data covering three representative translation ca-
pabilities: preservation of non-translatable entities
and formatting elements, document-level transla-
tion with contextual consistency, and structured
translation with tag and XML structure preserva-
tion. Finally, the multilingual model is trained
through two-stage full-parameter supervised fine-
tuning and evaluated using deterministic decoding.

Language Pair Original Selected

en→id 1,402,203 450,207
en→kk 174,667 63,007
en→th 1,104,108 191,008
zh→ja 782,353 55,843

Total 3,463,331 760,065

Table 1: Statistics of the first-stage parallel corpus.

2.2 Stage I: Parallel Data Construction

The first-stage training data are constructed from
publicly available parallel corpora covering the
four translation directions evaluated in our submis-
sion. Multiple open-source datasets are collected
for each language pair, including news, subtitles,
educational resources, encyclopedic text, software
localization, and benchmark datasets. Since the
quality of publicly available parallel corpora varies
substantially across sources, we perform a unified
preprocessing and quality filtering pipeline before
model training.

Data Preprocessing We first conduct basic pre-
processing to ensure sentence-level alignment and
remove invalid training instances. This step in-
cludes alignment checking, removal of empty sen-
tence pairs and control characters, normalization
of text formatting, and language-specific cleaning
for noisy resources such as subtitle corpora. Ex-
act deduplication is then performed independently
within each dataset to remove duplicated bilingual
sentence pairs and duplicated monolingual entries
introduced by corpus merging while preserving the
original data order.

Data Filtering After preprocessing, all sentence
pairs are scored using COMETKiwi-XL quality es-
timation (wmt23-cometkiwi-da-xl). Following the
characteristics of different datasets, we adopt either
language-pair-specific score thresholds or dataset-
level top-ranking selection to retain high-quality
translation pairs. Software localization datasets
are filtered by retaining the highest-scoring half of
the samples within each dataset split, while other
datasets are filtered using fixed COMETKiwi-XL
thresholds selected for each translation direction.
The statistics of the resulting first-stage parallel cor-
pus after quality filtering are summarized in Table 1.
Finally, the retained bilingual sentence pairs are
converted into a unified instruction-following dia-
logue format for supervised fine-tuning. The pub-
lic datasets used for each translation direction are

https://huggingface.co/Unbabel/wmt23-cometkiwi-da-xl
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Category Dataset en→id en→kk en→th zh→ja

TED Neulab TED Talks ✓ ✓ ✓ ✓
OPUS TED2020 v1 v1 v1 v1

News News Commentary v18 v18 N/A v18
OPUS GlobalVoices v2018q4 N/A N/A N/A

Subtitle OPUS OpenSubtitles v2024 v2024 v2024 v2016

Software

OPUS GNOME v1 v1 v1 N/A
OPUS KDE4 v2 v2 v2 N/A
OPUS Ubuntu v14.10 v14.10 v14.10 v14.10
OPUS PHP N/A N/A N/A v1

Education OPUS QED v2.0a v2.0a v2.0a v2.0a

Encyclopedia OPUS Wikimedia v20230407 v20230407 v20230407 v20230407

Benchmark

FLORES200 (Costa-Jussà et al., 2022) dev dev dev dev
NTREX-128 (Aepli et al., 2023) ✓ ✓ ✓ ✓
WMT Development Sets N/A ✓ N/A ✓

Note: Unless otherwise specified, all parallel corpora are downloaded using the official WMT26 constrained-track mtdata
recipe. Benchmark datasets are obtained from their respective official sources.

Table 2: Public parallel datasets used for first-stage training.

Category Dataset en→id en→kk en→th zh→ja

News

Indonesian News Datasets ✓ – – –
Kazakh News Corpus – ✓ – –
News Commentary v18.1 ✓ ✓ – ✓
ThaiSum – – ✓ –

Social Media
IndoDiscourse ✓ – – –
KazSAnDRA – ✓ – –
Wisesight Sentiment – – ✓ –

Spoken Language
Indonesian Voice Transcription ✓ – – –
Kazakh Speech Corpus 2 (KSC2) – ✓ – –
LOTUSDIS – – ✓ –

Image Caption DEJIMA Caption – – – ✓

Table 3: Public monolingual datasets used for KD data construction.

summarized in Table 2. In addition to the filtered
parallel corpora, the first-stage training data also in-
clude a collection of general translation instruction-
following examples to improve the model’s ability
to follow translation requests with diverse instruc-
tions. The final first-stage corpus contains approx-
imately 760k high-quality parallel sentence pairs
together with 10.7k general translation instruction-
following samples.

2.3 Stage II: Knowledge Distillation Data
Construction

To further improve translation quality, we con-
struct a knowledge-distilled parallel corpus from
publicly available target-language monolingual
datasets. The collected corpora cover diverse do-
mains, including news, news commentary, online
discussions, social media, spoken language, meet-
ing conversations, and image captions. The mono-

lingual datasets used for each translation direction
are summarized in Table 3.

Field Selection and Data Preparation Public
monolingual datasets typically contain multiple
fields, including metadata, labels, multimedia con-
tent, and natural language text. We retain only
text fields suitable for translation, such as article
content, summaries, comments, transcripts, and
image captions, while discarding non-textual in-
formation. The extracted texts are subsequently
processed through text normalization, sentence seg-
mentation for long documents or paragraphs, lan-
guage filtering, duplicate removal, and domain-
aware sampling to construct candidate monolingual
corpora for knowledge distillation. The preprocess-
ing strategy is adapted to the characteristics of each
dataset while preserving high-quality natural lan-
guage content.

https://github.com/facebookresearch/flores/tree/main/flores200
https://github.com/MicrosoftTranslator/NTREX
https://data.statmt.org/wmt24/general-mt/wmt24_GeneralMT-devsets.zip
https://www.statmt.org/wmt26/mtdata/mtdata.recipes.wmt26-constrained.yml
https://huggingface.co/datasets/fahadh4ilyas/indonesian_news_datasets
https://huggingface.co/datasets/kurumikz/kaz-news-corpus
https://huggingface.co/datasets/pythainlp/thaisum
https://huggingface.co/datasets/Exqrch/IndoDiscourse
https://huggingface.co/datasets/issai/kazsandra
https://huggingface.co/datasets/pythainlp/wisesight_sentiment
https://huggingface.co/datasets/octava/indonesian-voice-transcription-1.5.9a-cv-fl-slrjv-md
https://huggingface.co/datasets/issai/Kazakh_Speech_Corpus_2
https://huggingface.co/datasets/nectec/LOTUSDIS
https://huggingface.co/datasets/MIL-UT/DEJIMA-dataset
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Instruction Category Translation Constraint Data Source

Immutable Entity Preservation Preserve predefined entities verbatim Do Not Change Me
Document-level Translation Utilize document-level context BWB, mZPRT, PDC
Terminology-constrained Translation Soft / Hard terminology constraints WMT21 Terminology, WMT23

Terminology
Structured Translation Preserve XML / HTML structure Salesforce, Amazon MT
Formula Preservation Preserve mathematical and chemical formulas latex-formulas, VNHSGE

Table 4: Instruction-following data constructed in this work.

Language Pair Candidates Final

en→id 20,000 19,955
en→kk 20,000 19,989
en→th 20,000 19,963
zh→ja 19,978 19,962

Total 79,978 79,869

Table 5: Statistics of the KD corpus.

Configuration Value

Training Strategy Full SFT
Optimizer AdamW
Learning Rate 1× 10−5

Learning Rate Scheduler Cosine
Warmup Ratio 0.03
Weight Decay 0.01
Batch Size 128
Epochs 2
Max Sequence Length 2048
Precision BF16
Optimization DeepSpeed ZeRO-2
Hardware 8 × NVIDIA A100 80GB

Table 6: Training configuration.

Knowledge Distillation For each translation di-
rection, a teacher translation model is employed
to translate the prepared target-language texts into
the corresponding source language. The gener-
ated source-language translations are then paired
with the original target-language texts to construct
the KD corpus. Finally, all translation pairs are
converted into the unified instruction-following di-
alogue format adopted in Stage I for subsequent
supervised fine-tuning.

Data Filtering To improve the quality of the KD
corpus, we further filter the generated translation
pairs. For the English-target translation directions,
copied translations and highly similar source-target
pairs are removed. For the Chinese–Japanese trans-
lation direction, abnormal generation patterns, such
as refusal responses and incomplete outputs, are
discarded. We additionally apply Qwen3 tokenizer-
based length filtering by removing sentence pairs
whose source or target side exceeds 512 tokens.

The resulting KD corpus is used for the second-
stage supervised fine-tuning, and its statistics are
summarized in Table 5.

2.4 Instruction-following Data Construction

To improve the instruction-following capability
of the translation model, we construct a unified
instruction-following translation corpus covering
multiple constrained translation scenarios. Dur-
ing data development, five instruction categories
are designed, including immutable entity preser-
vation, document-level translation, terminology-
constrained translation, structured translation, and
formula preservation. Following the requirements
of the WMT26 General MT task, this paper focuses
on immutable entity preservation, document-level
translation, and structured translation, while the
remaining instruction categories are omitted from
the discussion. An overview of the constructed
instruction-following data is presented in Table 4.

All instruction-following samples are repre-
sented using a unified instruction–input–output for-
mat. Each instruction consists of a task-specific
constraint and a general translation instruction that
specifies the translation direction. For both Chi-
nese and English instructions, five semantically
equivalent translation templates are designed and
uniformly sampled using fixed random seeds to
improve instruction diversity while maintaining re-
producibility.

The instruction-following corpus is constructed
from both publicly available bilingual datasets
and automatically generated bilingual resources.
For document-level translation, terminology-
constrained translation, and structured transla-
tion, the original bilingual alignment is preserved
throughout the construction process. For document-
level translation, aligned documents are first seg-
mented into pseudo-documents with a maximum
length of 512 tokens while ensuring that each
pseudo-document does not cross original docu-
ment boundaries. To improve the model’s robust-

https://github.com/laniqo-public/do-not-change-me
https://github.com/EleanorJiang/BlonDe
https://github.com/longyuewangdcu/mZPRT
https://github.com/sunzewei2715/Doc2Doc_NMT
https://www.statmt.org/wmt21/terminology-task.html
https://huggingface.co/datasets/zouharvi/wmt-terminology-2023
https://huggingface.co/datasets/zouharvi/wmt-terminology-2023
https://github.com/salesforce/localization-xml-mt
https://github.com/amazon-science/mt-markup-tags
https://huggingface.co/datasets/OleehyO/latex-formulas
https://github.com/Xdao85/VNHSGE
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COMETKiwi-XL

Model En→Id En→Kk En→Th Zh→Ja Avg En→Id En→Th Zh→Ja Avg
Flores200 WMT24++

Base 79.97 55.91 76.27 76.56 72.18 69.82 69.64 69.91 69.79
+ Stage I 80.14 78.06 76.09 75.36 77.41 69.32 66.55 67.89 67.92
+ Stage I + Stage II (Ours) 80.54 78.34 77.34 74.31 77.63 71.31 69.42 66.09 68.94

sp-BLEU

Model En→Id En→Kk En→Th Zh→Ja Avg En→Id En→Th Zh→Ja Avg
Flores200 WMT24++

Base 36.81 6.48 35.98 18.59 24.47 32.30 25.93 14.19 24.14
+ Stage I 50.99 39.02 40.68 29.26 39.99 32.42 19.70 17.67 23.26
+ Stage I + Stage II (Ours) 51.71 50.35 47.12 43.27 48.11 36.50 27.72 22.20 28.81

Note: COMETKiwi-XL scores are computed using the Unbabel/wmt23-cometkiwi-da-xl quality estimation model (Rei et al.,
2022). BLEU scores are reported using sp-BLEU (SentencePiece BLEU) (Goyal et al., 2022).

Table 7: Translation performance on Flores200 and WMT24++.

ness to different document organizations, each
pseudo-document is randomly formatted into one
of three variants, namely sentence-separated, space-
separated, and newline-separated forms. For im-
mutable entity preservation, English monolingual
sentences collected from the Do Not Change Me
dataset are translated into Chinese by a teacher
model with customized system prompts that ex-
plicitly require predefined entities, including al-
phanumeric strings, URLs, email addresses, emojis,
IP addresses, ISBNs, phone numbers, social me-
dia handles, and date expressions, to be preserved
verbatim. The generated bilingual sentence pairs
are subsequently expanded into both translation di-
rections. Finally, all bilingual sentence pairs are
converted into a unified instruction-following dia-
logue format using the corresponding task-specific
instruction templates. This unified construction
framework enables different translation constraints
to share the same data representation while main-
taining their task-specific instruction semantics, fa-
cilitating joint optimization within a single multi-
lingual translation model.

2.5 Training and Inference

Our translation system is built upon Qwen3-
8B (Yang et al., 2025) and optimized through a two-
stage full-parameter supervised fine-tuning (SFT)
strategy. The first stage uses the parallel corpus
and instruction-following data, while the second
stage further incorporates the knowledge-distilled
corpus to improve translation quality while pre-
serving instruction-following capability learned in
the first stage across different translation directions.
This two-stage training strategy enables the model

to first acquire high-quality bilingual translation
knowledge and subsequently benefit from large-
scale synthetic parallel data.

Training is conducted using the LlamaFactory
framework (Zheng et al., 2024) with full-parameter
supervised fine-tuning. We employ the AdamW
optimizer with a learning rate of 1×10−5 and train
the model for 2 epochs in each stage. All experi-
ments are performed on eight NVIDIA A100 80GB
GPUs using DeepSpeed ZeRO-2 optimization (Ra-
jbhandari et al., 2020). The maximum sequence
length is set to 2048 tokens. Additional training
hyperparameters are summarized in Table 6.

During inference, we adopt deterministic de-
coding with a temperature of 0.0 for instruction-
following data generation. For translation eval-
uation, decoding is performed with a maximum
generation length of 2048 tokens. Unless other-
wise specified, all experiments use the same in-
ference configuration across different translation
directions.

3 Main Results

Table 7 presents the translation performance of the
base model, the Stage I model, and the final sys-
tem after Stage II training on Flores200 devtest
and WMT24++. The evaluation is conducted using
the Unbabel/wmt23-cometkiwi-da-xl quality es-
timation model and sp-BLEU.

Compared with the base model, Stage I substan-
tially improves translation quality across all four
language directions on Flores200. The average
COMETKiwi-XL score increases from 72.18 to
77.41, while the average sp-BLEU score improves
from 24.47 to 39.99.
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Further fine-tuning on the knowledge-distilled
corpus improves the average performance of the
Stage I model. After Stage II training, the aver-
age COMETKiwi-XL score on Flores200 further
increases from 77.41 to 77.63, while the average sp-
BLEU score reaches 48.11. On WMT24++, Stage
II improves over Stage I on average for both metrics
and achieves the best overall sp-BLEU score, al-
though its average COMETKiwi-XL score remains
below that of the base model. These results indicate
that the synthetic parallel data constructed from
high-quality monolingual corpora effectively com-
plements the bilingual parallel corpus and further
enhances multilingual translation performance.

4 Conclusion

In this paper, we present TransCore, our sub-
mission to the constrained track of the WMT26
General Machine Translation Shared Task. Our
system is built upon Qwen3-8B and adopts a
two-stage supervised fine-tuning framework. We
construct a high-quality training corpus consist-
ing of carefully curated parallel data, knowledge-
distilled data, and instruction-following data. To
support the instruction-following evaluation intro-
duced in WMT26, we further construct a unified
instruction-following data construction framework
covering immutable entity preservation, document-
level translation, and structured translation. The
proposed data construction pipeline provides a
practical data construction strategy for multilingual
LLM-based machine translation under the WMT26
instruction-following setting. Future work will in-
vestigate more effective multilingual data construc-
tion, synthetic data generation, and instruction-
following optimization for LLM-based machine
translation.
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