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Abstract

Machine translation based on large language
models (LLMs) has achieved remarkable
progress in recent years. However, relying on
a single translation model and fixed translation
instructions often limits translation quality, es-
pecially for multilingual and multi-domain sce-
narios. To address this issue, we propose HW-
TSC-Agent, a multi-stage translation agent
framework that integrates translation model
fine-tuning, dual-model candidate generation,
and instruction-aware translation refinement
into a unified pipeline. First, we perform Su-
pervised Fine-Tuning (SFT) and Contrastive
Preference Optimization (CPO) on openPangu-
Embedded-7B using high-quality bilingual data
to enhance its multilingual translation capabil-
ities. The fine-tuned openPangu-Embedded-
7B and HY-MT2-7B are then used to gen-
erate candidate translations. Finally, source-
language analysis, candidate translations, and
task-specific instructions are incorporated into
a dynamic prompt, which guides DeepSeek-
V4-Flash to compare, refine, and fuse the can-
didate translations to produce the final output.
Our system is submitted to the WMT2026 Gen-
eral Machine Translation Shared Task, covering
13 translation directions. On the WMT2025
English-to-Chinese development test set, en-
riching the dynamic prompt generally improves
translation quality over an instruction-only
DeepSeek-V4-Flash baseline.

1 Introduction

In recent years, large language models have demon-
strated strong capabilities in contextual understand-
ing, natural language generation, and cross-lingual
knowledge transfer, driving substantial advances
in machine translation Zhang et al. (2026) Naveed
et al. (2025) Raza et al. (2025). Models such as
GPT-4 Achiam et al. (2023), Llama 3 Grattafiori
et al. (2024), Qwen3 Yang et al. (2025), and
DeepSeek-V3 Liu et al. (2024) have consistently

achieved state-of-the-art performance across a wide
range of multilingual understanding and genera-
tion benchmarks, exhibiting remarkable capabili-
ties in semantic reasoning, long-context modeling,
and instruction following. These advances have
significantly improved translation quality by en-
abling models to better capture contextual depen-
dencies, preserve semantic consistency, and gen-
erate more fluent and natural target-language text.
Consequently, large language models have become
a promising foundation for modern machine trans-
lation systems, particularly in document-level trans-
lation and context-aware translation scenarios.

However, relying solely on a single transla-
tion model and fixed translation instructions re-
mains insufficient for consistently producing high-
quality translations that are accurate, fluent, and
well adapted to specific tasks Zhang et al. (2023).
Different translation models often exhibit com-
plementary strengths Zeng et al. (2023) Xu et al.
(2024), while individual samples may impose vary-
ing requirements on semantic fidelity, stylistic
consistency, and output format. Therefore, we
adopt a multi-source translation knowledge fusion
and instruction-aware refinement strategy, integrat-
ing candidate translations from multiple models,
source-language context, and task-specific instruc-
tions to further improve the fluency and accuracy
of LLM-based translation.

The Conference on Machine Translation (WMT)
serves as an important platform for evaluating ad-
vances in machine translation. The WMT2026
General Machine Translation Shared Task aims to
assess the overall translation capabilities of systems
across multilingual, multi-domain, and multimodal
settings, with the test data provided at the docu-
ment level. This paper presents HW-TSC-Agent,
our submission to the shared task, which covers 13
translation directions. Unlike approaches that rely
on a single model to generate translations directly,
we adopt a multi-stage translation agent framework
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Figure 1: Overview of the HW-TSC-Agent framework, including openPangu-Embedded-7B fine-tuning (SFT
and CPO), dual-model candidate generation, dynamic prompt construction, and DeepSeek-V4-Flash translation

refinement.

based on large language models. Specifically, mul-
tiple models are first used to generate candidate
translations, after which source-language analysis,
candidate translation knowledge, and task-specific
instructions are jointly incorporated into a dynamic
prompt and provided to a refinement model.

We propose a multi-stage translation agent
framework based on large language models to im-
prove translation quality through three key stages:
(1) fine-tuning of openPangu-Embedded-7B Chen
et al. (2025) on high-quality bilingual data to
enhance its general machine translation capabil-
ities; (2) generating candidate translations using
the fine-tuned openPangu-Embedded-7B and HY-
MT2-7B Zheng et al. (2026) to obtain complemen-
tary translation knowledge; and (3) construction of
a dynamic prompt by integrating source-language-
aware context, dual-model candidate translations,
and task-specific instructions, followed by the use
of DeepSeek-V4-Flash to correct, fuse, and refine
the candidate translations.

Our main contributions are summarized as fol-
lows:

(1) We propose a multi-stage translation agent
framework based on large language models, inte-
grating translation model fine-tuning, dual-model
candidate generation, and translation refinement

into a unified translation pipeline.

(2) We propose a dynamic prompt construction
method that incorporates multi-source translation
knowledge by jointly leveraging source-language
analysis, external model translations, and task-
specific instructions to provide multidimensional
constraints for final translation generation.

(3) We design an instruction-aware translation re-
finement mechanism that uses DeepSeek-V4-Flash
to compare and revise candidate translations gen-
erated by different models. The final translation is
then produced according to the document context,
linguistic style, formatting requirements, and out-
put specifications of each sample, thereby improv-
ing the system’s adaptability to complex general
machine translation scenarios.

2 Methodology

2.1 System Overview

Our translation system, HW-TSC-Agent, consists
of several stages, including model training, candi-
date generation, knowledge integration, and trans-
lation refinement. The overall pipeline comprises
five steps: (1) cleaning, filtering, and organiz-
ing high-quality bilingual translation data to con-
struct supervised fine-tuning data; (2) fine-tuning
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of openPangu-Embedded-7B to enhance its gen-
eral machine translation capabilities; (3) gener-
ating candidate translations using the fine-tuned
openPangu-Embedded-7B and HY-MT2-7B to ob-
tain complementary translation knowledge; (4) con-
structing a dynamic prompt driven by multi-source
translation knowledge through the integration of
source-language-aware context, dual-model can-
didate translations, and task-specific instructions;
and (5) using DeepSeek-V4-Flash to correct, fuse,
and refine the candidate translations. The overall
architecture of the system is illustrated in Fig. 1.

2.2 Data Preprocessing

This work preprocesses the multilingual datasets of-
ficially released by WMT26. For the 13 submitted
language pairs, we design a multi-stage preprocess-
ing pipeline to remove low-quality data from the
raw corpus and construct high-quality parallel train-
ing data. First, we randomly sample 5 GB of raw
data for each language pair and perform an initial
filtering step to remove obviously low-quality sen-
tence pairs, such as those with formatting errors or
empty content. To address common issues in Chi-
nese corpora, including mixed simplified and tradi-
tional Chinese characters and inconsistent character
variants, we use OpenCC to normalize the text and
eliminate inconsistencies that may interfere with
model training.

Second, we perform global and hash-based dedu-
plication to remove identical and highly similar
sentence pairs, reducing repeated learning and over-
fitting. To further improve semantic alignment, we
embed each source and target sentence with LaBSE
(Language-agnostic BERT Sentence Embedding)
and compute the cosine similarity of the resulting
bilingual representations. Pairs whose similarity
falls below 0.8 are discarded as poorly aligned. The
surviving pairs are then ranked by LaBSE similar-
ity in descending order, and the top one million
pairs are retained for each language pair as the final
fine-tuning set.

2.3 openPangu-Embedded-7B Fine-tuning

To fully leverage multilingual data and improve
model generalization, this work adopts a two-stage
alignment training strategy consisting of Super-
vised Fine-Tuning (SFT) and Contrastive Prefer-
ence Optimization (CPO) to enhance the multi-
lingual capabilities of openPangu-Embedded-7B.
Both stages are implemented with the ModelScope
SWIFT (ms-swift) training framework.

The first stage is Supervised Fine-Tuning (SFT).
We combine the training data from all language
pairs and perform global shuffling to eliminate
language-specific data distribution bias and im-
prove cross-lingual semantic transfer. We then
fine-tune openPangu-Embedded-7B on the mixed
dataset for one epoch, enabling the model to learn
shared translation patterns and semantic alignment
across languages.

The second stage is Contrastive Preference Op-
timization (CPO). To construct high-quality pref-
erence pairs, we randomly sample 10,000 held-
out examples from each language pair that are not
used in SFT. We then use DeepSeek-V4-Flash Xu
et al. (2026), Qwen2-72B Yang et al. (2024), and
Qwen3-32B Yang et al. (2025) to generate multi-
ple translations for each source sentence, forming
multi-translation triplets. Next, we score the can-
didate translations with COMET20 and select the
best translation as the positive sample and the worst
as the negative sample. These preference pairs are
used for CPO training, which guides the model
toward better translation preferences through con-
trastive learning. This stage corrects issues from
SFT, such as translation bias, unnatural phrasing,
and semantic omissions, and improves multilingual
translation accuracy, fluency, and robustness.

2.4 Multi-source Knowledge-aware Dynamic
Prompt Construction

To improve the model’s understanding of complex
translation scenarios and the quality of translation
generation, we design a source-knowledge-aware
dynamic prompt construction method. For each
input sample, the method integrates nine types of
information: a source-text summary, translation
scenario identification, translation considerations,
source-format preservation requirements, domain
identification, style alignment, terminology extrac-
tion, external-model candidate translations, and
task-specific translation instructions (Table 1). Un-
like systems that rely on a fixed language-pair in-
struction alone, the prompt is assembled from the
source content, domain characteristics, text format,
and task requirements of the current sample, so that
DeepSeek-V4-Flash can jointly exploit global doc-
ument context, local translation constraints, com-
plementary candidate translations, and official task
instructions when producing the final output.
Concretely, the prompt is organized in three
blocks. The first block is source-language-aware
context obtained by prompting a large language
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Translation Information

Main Function

Source-Text Summary
Translation Scenario Identi-
fication

Translation Considerations
Source-Format Preservation
Domain Identification

Style Alignment
Terminology Extraction

External Model Knowledge

User Translation Require-
ments

Summarize the main content of long texts to ensure document-level
consistency.

Identify the usage scenario and select an appropriate translation strat-
egy.

Identify key translation points, ambiguities, and error-prone expres-
sions.

Identify the source layout and preserve the corresponding format in
the translation.

Identify the domain and apply domain-specific terminology and trans-
lation conventions.

Match the target style, such as formal, conversational, promotional,
literary, or academic.

Extract terms, named entities, and domain-specific abbreviations to
ensure translation consistency.

Incorporate translations from external models as complementary ref-
erences.

Inject task-specific translation rules and output requirements.

Table 1: Nine types of translation information used for source-knowledge-aware dynamic prompt construction.

model to analyze the source document along the
first seven dimensions in Table 1. The summary
captures the main topics and discourse relations
of long documents and supports document-level
consistency. Scenario identification determines the
practical setting of the text and guides strategy se-
lection. Translation considerations highlight poly-
semous words, coreference, puns, and other spans
that are prone to mistranslation or omission. For-
mat preservation recovers titles, lists, tables, and
related layout cues so that the target side can mir-
ror the source structure. Domain identification and
style alignment supply domain conventions and the
intended register (e.g., formal, conversational, pro-
motional, literary, or academic), optionally with
short exemplars. Terminology extraction lists tech-
nical terms, named entities, and domain abbrevia-
tions to encourage consistent rendering throughout
the document.

The second block injects external model knowl-
edge: the candidate translations from the fine-tuned
openPangu-Embedded-7B and HY-MT2-7B. Be-
cause the two models differ in lexical choice, termi-
nology handling, completeness, and fluency, agree-
ment between them provides a high-confidence ref-
erence, whereas disagreement encourages the re-
finer to re-examine the corresponding source span.

The third block injects user translation require-

ments from the WMT2026 test set. We focus on
spoken dialogue and social media. Spoken sources
may contain ASR errors, so the prompt asks the
model to recover intended meaning while preserv-
ing conversational tone. Social-media sources de-
rived from screenshots may contain spelling noise,
so the prompt asks the model to correct surface er-
rors while retaining emotional cues. Together, the
three blocks turn the nine information types into
a sample-specific instruction rather than a static
template shared by an entire language pair.

2.5 Translation Refinement

DeepSeek-V4-Flash receives the assembled dy-
namic prompt and produces the final translation
by comparing, revising, and fusing the two candi-
dates under the source-analysis and task constraints.
The refiner is instructed to prefer information that
is supported by the source, to preserve required
formatting, and to follow scenario-specific rules
when applicable. The DeepSeek-V4-Flash output
is used as the submitted translation.

3 Experiments

3.1 Experimental Setup

Submission coverage. Our WMT2026 submission
covers 13 translation directions: en—{ar, cs, id,
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ja, kk, ko, th, uk, zh, zh_TW}, cs—{uk, vi}, and
zh—ja.

Development evaluation. We report automatic
scores on the WMT2025 General Machine Trans-
lation English-to-Chinese test set as a development
benchmark for comparing prompt variants under
a fixed DeepSeek-V4-Flash refinement backbone.
Translation quality is evaluated with COMETKiwi-
XL Rei et al. (2023) and XCOMET-XL Guerreiro
et al. (2024).

Inference setup. All candidate-generation and
refinement models are served through self-hosted
deployments.

3.2 Main Results

Table 2 presents the evaluation results of the
DeepSeek-V4-Flash baseline and four Agent vari-
ants on the WMT2025 English-to-Chinese test set.
The baseline uses only the official translation in-
structions as the prompt, achieving COMETKiwi-
XL and XCOMET-XL scores of 0.5581 and 0.3674,
respectively. After introducing seven types of
source-language-aware information, Agent-v1 im-
proves the COMETKiwi-XL score to 0.5669.
Agent-v2 and Agent-v3 further incorporate ASR
error correction requirements for spoken transcripts
and spelling correction requirements for social me-
dia texts, respectively, leading to additional perfor-
mance gains. Among them, Agent-v3 achieves the
best COMETKiwi-XL score of 0.5706, while its
XCOMET-XL score increases to 0.3699.

not uniformly improve all dimensions of translation
quality.

4 Conclusion

This paper presents HW-TSC-Agent, our system
developed for the WMT2026 General Machine
Translation Shared Task across 13 directions. We
propose a multi-stage translation agent frame-
work that combines supervised fine-tuning and
preference optimization of openPangu-Embedded-
7B, dual-model candidate generation, dynamic
prompt construction with multi-source translation
knowledge, and DeepSeek-V4-Flash refinement.
On the WMT2025 English-to-Chinese develop-
ment set, enriching the dynamic prompt improves
COMETKiwi-XL and XCOMET-XL relative to an
instruction-only DeepSeek-V4-Flash baseline for
the strongest prompt variants.
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