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Abstract

Hy-MT?2 is a family of fast-thinking multilingual translation models designed for com-
plex real-world scenarios. It includes three model sizes: 1.8B, 7B, and 30B-A3B (MoE),
all of which support translation among 33 languages and effectively follow translation
instructions in multiple languages. For on-device deployment, with AngelSlim 1.25-bit
extreme quantization, the 1.8B model requires only 440 MB of storage and improves
inference speed by 1.5x. Multi-dimensional evaluations show that Hy-MT2 delivers
outstanding performance across general, real-world business, domain-specific, and
instruction-following translation tasks. The 7B and 30B models outperform open-source
models such as DeepSeek-V4-Pro and Kimi K2.6 in fast-thinking mode, while the
lightweight 1.8B model also surpasses mainstream commercial APIs from providers
such as Microsoft and Doubao overall.

#  https://huggingface.co/collections/tencent/hy-mt2

O https://github.com/Tencent-Hunyuan/Hy-MT2
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Figure 1: Benchmark performance of Hy-MT2 models and state-of-the-art baselines.
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1 From Hy-MT1.5 to Hy-MT2

After its release, Hy-MT1.5 (Zheng et al., 2025) attracted broad attention from both the open-source
community and real-world business applications. As the model was adopted in more practical translation
scenarios, community and business feedback revealed that Hy-MT1.5 still had room for improvement
in domain-specific translation, real-world scenario translation, translation instruction following, and
efficient on-device deployment. Meanwhile, the substantial quality improvements achieved by Hy3-
preview further motivated us to leverage it as a strong teacher model to improve the performance of the
Hy translation model. To further address these limitations, we propose the Hy-MT2 model family.

First, domain-specific and real-world scenario translation remain challenging for Hy-MT1.5. Professional
domains such as finance, law, and medicine contain a large number of domain-specific terms and
established industry translations, placing higher requirements on translation accuracy and consistency.
Real-world business scenarios, such as webpages, meetings, and social content, involve more diverse
text formats and usage requirements. To address these challenges, Hy-MT2 strengthens translation
capabilities for professional domains and real-world application scenarios, enabling the model to better
adapt to translation needs across different domains, sources, and text forms.

Second, in practical use, users often impose additional constraints on translation outputs, such as keeping
certain words untranslated, controlling the translation style, or producing outputs according to a specified
template. In such scenarios, Hy-MT1.5 may ignore constraints or fail to satisfy the specified requirements.
To this end, Hy-MT2 enhances multilingual translation instruction understanding and execution, enabling
the model to reliably follow user requirements in different languages, including those related to style,
format, and other translation constraints, as illustrated in Table 1.

In addition, community feedback indicates that Hy-MT1.5-7B still has a clear gap in translation quality
compared with the strongest closed-source models, such as Gemini 3.1 Pro (DeepMind, 2025) and GPT-
5.5 (OpenAl, 2026). Prior research and model practices suggest that scaling up model size generally
helps improve understanding, expression, and instruction-following capabilities in complex translation
scenarios. However, representative large-scale translation models, such as TransGemma-27B, mostly
adopt dense architectures, leading to high inference costs and making them less suitable for practical
service deployment. Therefore, Hy-MT2 introduces a mixture-of-experts architecture and releases Hy-
MT2-30B-A3B to achieve a better balance between translation quality and inference efficiency.

Finally, real-world business deployment also exposed the limitations of Hy-MT1.5 in on-device efficiency.
The 4-bit quantized version of Hy-MT1.5-1.8B still requires more than 1GB of storage, and its inference
speed is insufficient for some low-latency translation scenarios. To address this issue, Hy-MT2 further
explores ultra-low-bit quantization and implements 1.25-bit extreme quantization based on Hunyuan’s
AngelSlim technology. This version requires only about 440MB of storage for deployment and achieves
a 1.5x inference speedup over the 4-bit quantized Hy-MT1.5 on Apple A15, significantly reducing
on-device deployment costs while improving inference efficiency.

Overall, Hy-MT2 systematically addresses the limitations of Hy-MT1.5 in domain-specific translation,
real-world scenario translation, translation instruction following, the performance gap with the strongest
closed-source models, and efficient on-device deployment. It establishes a high-quality, efficient, and
multi-capability multilingual translation model family that is better suited for real-world applications.

2 Methodology

This section introduces the overall methodology of Hy-MT2. Designed for multilingual machine transla-
tion, Hy-MT2 follows a staged pipeline consisting of MT-oriented Mid-training (Section 2.1), Family-
Centric Post-training (FCPT; Section 2.2), and model Quantization (Section 2.3). Specifically, we start
from a general Hy-series Pretraining Model and perform MT-oriented Mid-training to obtain a unified
model with fundamental translation capabilities. The model is then further optimized through FCPT. As
shown in Figure 2, FCPT consists of three key processes: Reference-Guided On Policy Distillation (RG-
OPD; Section 2.2.1), Family-specific RL Training (Section 2.2.2), and Cross-family On Policy Distillation
(Cross-family OPD; Section 2.2.3). The first two processes organize training around language families and
construct multiple family-specific strong teachers; Cross-family OPD then transfers their capabilities into
a unified student model while incorporating general instruction-following data to preserve the model’s
instruction-following ability beyond translation.

2.1 MT-oriented Mid-training

In the MT-oriented Mid-training stage, we start from the Hy-series Pretraining Model and continue
training it on approximately 1T tokens of large-scale multilingual translation-related data. This stage



Table 1:

Instruction examples for Hy-MT2 translation tasks in Chinese and English.

Type

Chinese prompt

English prompt

Default Translation

o UFiﬂxﬁ}wﬁ{targetJang} BATHEHH

BEE SR, R2E

{source_text}

Translate the following text into {target_lang}. Note that you
should only output the translated result without any additional
n\plamtmn

{source_text}

Terminology S N HRBIEE: Reference the following translations:
{text} BHIEAL{text} {text} translates to {text}
{text} FIEA{ text} {text} translates to {text}
{text} BAIEAL{text} {text} translates to {text}
‘IfuTjCZ'K@}wﬁ{targetJang} BAFEEWEH
BREIRHER, ANEEY Translate the following text into {target_lang}. Note that you
must ONLY output the translated result without any additional
{source_text} explanation:
{source_text}
Style THRF LR SCAE D { {target lang } } - Please translate the following text into {{target_lang} }. Note that
FHERFONMEETEAF S [{{targetstyle} }] the translation style must strictly conform to [{ { target style} }]:
{{source_text}} {{source_text} }
Personalization [ BRI [Source Text]
{source_text} {source_text}
GllE2E=2)) [Translation Tasks]
1~ {user_preferences} 1. {user_preferences}
2 {user_preferences} 2. {user_preferences}
3.
4 e [FFEIESCAR] #1F H {target lang} 4. Translate the [Source Text] into {target_lang}.
Delimiters HR UT){K(@@@H#W{{targetJang}} Please accurately translate the following text into
PR A B SR A {{target_lang} }.
i~ e SRR Z \VJ' | You must retain the exact same number of delimiters in the
translation. Strictly do not omit, escape, or translate these
{{source_text}} symbols, and pay close attention to their placement.
{{source_text} }
Structured Data 1 # E5 Hin ### Task
B T 77 {{source_text} } ' ) { {format_type} }#& 3\  Translate the user-facing text within the following
EIEENE S {{target lang} } {{format_type}} data into {{target lang}}.
# PR ##t# Strict Rules
1. f B fi %f R FE R 1. “Structure Preservation:® You MUST preserve the original
f1{ {format_ type} VECIR SR . W 2R B 5E {{format_type}} data structure, nesting, hierarchy, and
S Z? x indentation exactly as they are.
2.7 SPE R (B E A B P ORI R LSO 2. #*Selective Translation:** Translate ONLY the visible,
WA user-facing text content/values.
3. AR L e e e B R A B R TG B 3. *Strict Non-Translation:** NEVER translate or alter code tags,
%~ %%(Key) B AR {{var}}, ‘${var}’,  keys, properties, object names, or variable placeholders. Leave
“Y%s’, “%d’ &) jﬂtﬁzﬂz g them exactly in their original English/code form.
# HUERIA ### Source Data
{{source_text}} {{source_text} }
Structured Data 2 [HHER] [Background Information]

{ {background,text} }

{{background_text} }

WA HE R ME R K LT XA B ¥ Please translate the following text into { {target_lang}}, taking
H{{targetlang}} - the provided background information into consideration.
GG =3@N)| [Source Text]

{{source_text}}

{{source_text} }

Notes. This table shows representative instruction templates in Chinese and English. Additional multilingual instruction examples are provided in

Section 3.6.

aims to strengthen the model’s translation capability and provide a unified foundation for the subsequent
Family-Centric Post-training.

Specifically, the training data is organized along two dimensions:

¢ Data format: We use both multilingual monolingual corpus and parallel translation corpus
to help the model capture linguistic characteristics across different languages and strengthen
cross-lingual semantic mapping and source-target alignment.

® Scenario coverage: The data covers general translation, domain-specific translation, real-world
scenarios, and instruction-following examples, improving translation quality, domain adaptation,
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Figure 2: Family-Centric Post-training pipline of Hy-MT?2.

practical translation robustness, and the ability to follow translation-related instructions.

The output of this stage is an MT-oriented Mid-trained Model, which serves as the unified starting point
for FCPT.

2.2 Family-Centric Post-training

Instead of directly mixing data from all language families, FCPT divides training into multiple family
branches, covering diverse language groups, e.g., Western European, East Asian, and Middle Eastern
right-to-left languages. Within each branch, we incorporate general translation data, domain-specific
translation data, real-world business scenario data, and translation instruction-following data to construct
a family-specific teacher. This family-centric design allows each teacher to learn under a more consistent
language distribution, reducing interference across different language families.

2.2.1 Reference-Guided On Policy Distillation

Reference-Guided On Policy Distillation is the first stage of FCPT. In this stage, we perform On policy
distillation separately on each family branch, aiming to obtain a family-specific translation policy that
better captures the linguistic characteristics and translation preferences of the corresponding language
family. The resulting model further serves as a stronger initialization for subsequent Family-specific RL
Training.

The core of RG-OPD is the construction of a stronger Chimera Teacher. Unlike conventional distillation
methods that rely on a single teacher model, Chimera!. Teacher does not require training an additional
large-scale translation-specialized teacher model. For each source sentence, it integrates candidate
translations generated by multiple Hy-series reference models with the original dataset label. Although
not all labels are manually annotated, they still serve as useful reference signals. By fusing these multi-
source references, Chimera Teacher provides richer scoring signals, helps introduce greater diversity into
the distillation process, and constructs a stronger supervision signal for On policy distillation.

Specifically, given a source sentence x and its reference set R(x), where R(x) consists of multiple
candidate reference sources, the student model in the current family branch first generates a translation
y based on its current policy 7rp. Chimera Teacher then evaluates the student output based on the
multi-source reference set R (x), and produces a teacher policy or target distribution 77 (- | x, R(x)). The
student model is optimized by minimizing the forward KL divergence from the teacher policy to the
student policy. The training objective can be written as:

Lrcorp = Dxr (77 (- [ x, R(x)) || 7o(- | x))- 1)

Here, 7t7 denotes the distillation target distribution constructed by Chimera Teacher, and 77y denotes the
output policy of the current student model. We adopt forward KL divergence as the distillation objective,
enabling the student model to learn the fused translation preference from Chimera Teacher in an online
manner and gradually improve its translation policy for the corresponding language family.

IThe name Chimera is inspired by the mythological creature composed of multiple animals. In our setting, it
refers to a teacher signal constructed by fusing multiple reference sources. We implement Chimera Teacher based on
Hy3-Preview.



After RG-OPD, each family branch obtains a family-specific student model that has been adapted to the
translation preferences and expression patterns of the corresponding language family. These models are
then used as the initialization for subsequent Family-specific RL Training.

2.2.2 Family-specific RL Training

In Family-specific RL Training, each family branch is further optimized through Group Relative Policy
Optimization (GRPO) (Shao et al., 2024), using the model obtained from RG-OPD as initialization. To pro-
vide more fine-grained and rigorous reward signals, we introduce a hybrid evaluation system combining
a rule-based pre-filter with an LLM-based Multidimensional Quality Metrics (MQM) judge (Lommel
et al., 2014; Freitag et al., 2021).

Rule-based Pre-filtering Before passing translations to the LLM evaluator, a rule-based filter is applied
to intercept critical text degradation. Translations exhibiting severe repetition or mixed languages are
immediately assigned a reward of 0. This ensures early penalization of degenerated outputs and avoids
unnecessary LLM computation.

LLM Judge Evaluation System For translations that pass the pre-filter, the LLM-based judge evaluates
the text based on a 5-dimensional error typology rather than assigning a holistic score. The dimensions
are:

* Terminology: Identifies terminology errors, inconsistencies with terminological resources, or
inconsistent usage throughout the text.

e Accuracy: Detects mistranslations, over-translation, under-translation, added or omitted content,
unwarranted translations, missed translations, and instances of mixed languages.

¢ Linguistic Conventions: Checks for grammatical errors, punctuation errors, spelling mistakes,
unintelligibility, discourse convention errors, and locale convention violations.

* Style: Assesses inconsistencies with external references, incorrect language register, obscure
expressions, unnatural phrasing, and stylistic inconsistencies.

¢ Instruction Following: Evaluates adherence to task constraints, flagging wrong languages,
unexecuted translation tasks, and failures to follow terminology, formatting, style, or context
guidelines.

Scoring Rules The evaluation starts from a base score of 100. The LLM judge identifies translation
errors and applies deductions according to their severity. Fatal errors, such as using the wrong language
or failing to execute the translation task, directly result in an overall score of 0. Major errors incur a
deduction of 10-20 points per instance, while minor errors incur a deduction of 2-5 points per instance.
The overall score Syyeran is Obtained by subtracting all error deductions from the base score, with a lower
bound of 0.

Length Penalty and Final Reward Calculation To prevent the model from exploiting the reward
system by generating pathologically short, truncated, or excessively long and redundant sentences, we
introduce a length penalty. Given a source sentence x, a ground-truth translation of length L¢t, and a
model-generated translation y of length L, the length penalty P, is computed as:

Ly—L
Pien = min (0.5 x M,0.5> . @)
Lgt

The final reward r(x, y) is calculated by normalizing the overall MQM score to the range [0, 1], subtracting
the length penalty P, and clipping the result at 0.

After this stage, each family branch produces a strong expert, which is then used as a strong teacher in
the subsequent Cross-family OPD stage.

2.2.3 Cross-family On Policy Distillation

Cross-family On Policy Distillation is the final training process of FCPT, aiming to transfer the language-
family-specific translation capabilities learned by multiple family-specific strong teachers into a unified
student model. Meanwhile, to improve the model’s instruction-following ability, we introduce general
instruction-following data in this stage and use the Hy Instruct model as the corresponding instruction
teacher to provide distillation signals. Therefore, Cross-family OPD can be viewed as a unified multi-
teacher distillation process.

Specifically, given an input sample x, we denote its teacher policy as 77 (- | x) and the output policy of
the unified student model as 7 (- | x). In this stage, we adopt reverse KL divergence as the distillation



objective, which is defined as:

L Cross-OPD = DKL(TCG(' | x) [ 77, (- x)), 3)

where 71y (- | x) denotes the output policy of the student model initialized from MT-oriented Mid-training,
and g, (- | x) denotes the output policy of the selected teacher. For translation samples, 7(x) selects

the corresponding family-specific strong teacher according to the language family of x; for general
instruction-following samples, T(x) selects the Hy Instruct teacher.

After Cross-family On Policy Distillation, we obtain the final Hy-MT2 series models. To facilitate
efficient deployment, these models are further processed in the quantization stage.

2.3 Quantization

To accommodate deployment requirements under varying resource constraints, we perform model
quantization on the obtained Hy-MT2 model series, offering a diverse suite of precision variants including
FP16, 8-bit, 4-bit, 2-bit, and 1.25-bit.

For the 8-bit and 4-bit variants, we predominantly adopt a post-training quantization (PTQ) pipeline.
Without retraining the model, this approach estimates the distribution of model weights or activations
using a small set of calibration data, thereby reducing storage and computational overheads. Specifically,
8-bit quantization employs a higher-precision low-bit representation to minimize performance degrada-
tion, whereas 4-bit quantization further compresses weight representations and mitigates quantization
errors through dedicated calibration strategies.

For the 2-bit version, we employ the ultra-low-bit quantization-aware training (QAT) scheme from
AngelSlim Team (2026) framework. Compared with PTQ, 2-bit quantization imposes more stringent rep-
resentational constraints. Consequently, it requires explicit simulation of low-bit quantization behaviors
during the training process, allowing model weights to progressively adapt to low-precision representa-
tions. The 2-bit scheme utilizes Stretched Elastic Quantization (SEQ) Liu et al. (2026), quantizing weight
into -1.5, -0.5, +0.5, +1.5. By optimizing the quantization mapping and scaling factors, this approach
enhances the model’s stability and capability for performance recovery under 2-bit constraints.

For extreme compression scenarios, we further implement Sherry Huang et al. (2026), a 1.25-bit sparse
ternary quantization method. Sherry quantizes model weights into a ternary space of {—1,0,+1} and
introduces a 3:4 fine-grained sparsity pattern, where constraining every 4-weight block to contain exactly
one zero and three sign-only weights. This structure enables packing four weights into 5 bits, thereby
achieving a regularized 1.25-bit representation while maintaining a hardware alignment that is more
favorable for Single Instruction Multiple Data (SIMD) computing patterns. Compared to conventional
2-bit packing or 1.67-bit irregular packing, Sherry achieves a superior balance between compression ratio
and inference efficiency.

For 1.25-bit and 2-bit QAT, we adopt a distillation-based training strategy. Specifically, the low-precision
model serves as the student, while the high-precision model acts as the teacher. The overall objective
combines the standard language modeling (LM) loss with a KL-divergence-based distillation loss. For the
KL component, inspired by Du et al. (2024), we incorporate both forward and backward KL divergences.
Unlike prior approaches that use a fixed, manually selected weighting coefficient, we compute the teacher
model’s confidence score for each token and dynamically adjust the relative weights of the forward and
backward KL terms accordingly.

Ultimately, we obtain the quantized Hy-MT2 model series spanning FP16, 8-bit, 4-bit, 2-bit, and 1.25-bit
precisions. Armed with these diverse precision variants, Hy-MT2 can be flexibly deployed across a wide
range of scenarios, including high-accuracy service serving, low-resource device inference, and extreme
edge-side compression.

3 Experiments

3.1 Benchmarks

To comprehensively evaluate the translation capabilities of Hy-MT2, we construct an evaluation suite
from four perspectives: general translation, real-world business scenario translation, domain-specific
translation, and translation instruction following.

General translation evaluation. We use FLORES-200 (Team et al., 2022), WMT25 (Kocmi et al., 2025),
and the Mandarin<>-Minority Testset to evaluate general translation capabilities. FLORES-200 covers
1,056 translation directions across 33 languages. WMT25 adopts the human evaluation sets from WMT25



and covers 12 translation directions. The Mandarin<Minority Testset focuses on bidirectional translation
between Mandarin Chinese and minority languages.

Real-world business scenario evaluation. We construct WildMTBench to assess model performance
on practical business inputs. The dataset covers six types of scenarios, including webpages, meetings,
books, social content, news, and documents, with 2,000 samples in total. It focuses on evaluating model
robustness and adaptability to diverse text forms, real-world input distributions, and complex application
requirements.

Domain-specific translation evaluation. We construct DomainMTBench to assess translation quality in
professional domains. The dataset covers six domains: finance, law, politics, technology, medicine, and
education. The data are collected from open-source corpora and processed through cleaning, filtering,
domain classification, and human translation annotation, resulting in 24,000 samples. This benchmark
focuses on evaluating the model’s ability to handle domain terminology, specialized expressions, and
established industry translations.

Instruction-following evaluation. We construct IFMTBench to evaluate translation-specific instruction
following in multilingual settings. It contains 7,344 high-quality human-aligned samples with instructions
in Chinese, German, Japanese, French, English, Spanish, and Korean, covering industrial translation
constraints such as terminology, format, and style. It includes 4,506 single-constraint and 2,838 multi-
constraint samples, evaluating both basic constraint execution and robustness under complex instruction
combinations. In addition, we use IFBench (Pyatkin et al., 2025), IFEval (Zhou et al., 2023), MaXIFE (Liu
et al., 2025), and Multi-IF (He et al., 2024) to assess general instruction-following capabilities. IFEval is a
verifiable instruction-following benchmark for large language models, containing around 500 prompts.
IFBench focuses on model generalization to diverse and unseen verifiable constraints. MaXIFE evaluates
multilingual and cross-lingual instruction following across 23 languages. Multi-IF focuses on instruction
following in multi-turn and multilingual interactions.

3.2 General Translation Evaluation

In general translation evaluation, we use three metrics: XCOMET-XXL, CometKiwi, and GEMBA.
XCOMET-XXL is a reference-based automatic evaluation metric, CometKiwi is a reference-free evaluation
metric, and GEMBA is an LLM-based evaluation metric. The results are reported in Table 2.

Overall, Hy-MT2 achieves substantial improvements over Hy-MT1.5 across general translation bench-
marks. On the XX& XX setting of FLORES-200, Hy-MT2-1.8B, Hy-MT2-7B, and Hy-MT2-30B-A3B reach
79.77, 86.89, and 87.47, corresponding to 89.9%, 97.9%, and 98.6% of Gemini 3.1 ProT, respectively. In
particular, Hy-MT2-7B and Hy-MT2-30B-A3B outperform strong baselines such as DeepSeek-V4-Pro,
Kimi K2.6, Qwen3.5-397B-A17B, and Gemma4-26B-A4B in this setting. Compared with Hy-MT1.5-7B,
Hy-MT2-7B improves the XCOMET-XXL score from 80.98 to 86.89, showing a clear gain in overall
multilingual translation performance.

On WMT25, Hy-MT2-7B and Hy-MT2-30B-A3B also show strong performance. Hy-MT2-7B achieves
63.86 / 71.21 / 82.24, while Hy-MT2-30B-A3B achieves 62.89 / 71.08 / 84.34. Compared with Hy-MT1.5-
7B, whose scores are 61.59 / 68.85 / 75.91, Hy-MT2-7B improves on all three metrics, with a particularly
large gain on GEMBA. Hy-MT2-30B-A3B further achieves the best GEMBA score among all compared
systems, surpassing Gemini 3.1 Pro’ and GPT-5.5, indicating stronger overall translation quality and
readability in challenging WMT settings.

On Mandarin<Minority translation, Hy-MT2-7B and Hy-MT2-30B-A3B achieve XCOMET-XXL scores of
62.05 and 62.44, respectively, outperforming both Gemini 3.1 Pro and Hy-MT1.5-7B. This suggests that
Hy-MT?2 preserves strong performance in Mandarin-minority language translation and further improves
translation quality in low-resource language scenarios.

For the lightweight setting, Hy-MT2-1.8B shows consistent improvements over Hy-MT1.5-1.8B and
remains highly competitive against larger open-source models and commercial translation systems.
Despite its small size, it outperforms Tower-Plus-72B and achieves competitive results against Microsoft
Translator and Doubao Translator. On WMT25, Hy-MT2-1.8B surpasses both commercial systems across
all three metrics, demonstrating a strong efficiency-quality trade-off.

3.3 Domain-Specific and In-the-Wild Translation Evaluation

Domain-specific translation. In domain-specific translation evaluation, we use DomainMTBench to
assess model performance across multiple professional domains. We report XCOMET and GEMBA scores,
where XCOMET measures reference-based translation quality and GEMBA provides an LLM-based
assessment of overall translation quality. The results are shown in Table 3.



Table 2: Performance comparison on general translation benchmarks.

Models

FLORES-200

ZH < XX

EN < XX

XX < XX

WMT25

Mand.<Min.

Gemini 3.1 Pro”
GPT-5.5T

GPT-5.5
DeepSeek-V4-Pro”
DeepSeek-V4-Pro
Kimi K2.6"

Kimi K2.6

GLM5.1T

GLMS5.1
Qwen3.5-397B-A17BT
Qwen3.5-397B-A17B
Qwen3.6-35B-A3B"
Gemma4-31BT
Gemma4-26B-A4B"
Gemma4-E4BT
Gemma4-E2BT

90.30 /7896 / 92.14
89.94 / 78.95 / 91.98
89.60 / 7896 /91.65
88.86 / 78.13 / 90.97
88.60 / 78.11 / 90.15
88.49 / 77.97 / 90.84
87.68 / 77.55 / 89.85
88.78 / 78.28 / 91.38
87.09 / 77.60 / 89.44
87.79 / 77.75 / 90.58
88.50 / 78.64 / 90.66
87.71/77.93 / 90.32
89.30 / 78.86 / 91.16
88.68 / 78.68 / 90.74
83.49 / 75.94 / 83.96
83.21 / 76.18 / 84.21

9442 / 88.38 /92.68
94.16 / 88.33 / 92.76
93.98 / 88.17 / 92.54
93.22 / 87.83 / 91.73
93.02 / 87.71 / 91.39
92.95 / 87.72 / 91.28
91.96 / 86.95 / 90.31
93.26 / 87.82 / 91.84
91.59 / 86.73 / 89.92
92.38 / 87.19 / 90.65
93.07 / 87.73 / 91.49
92.32 / 87.55 / 90.49
93.79 / 88.27 /91.90
93.31 / 88.09 / 91.53
89.97 / 85.90 / 87.67
88.94 / 85.38 / 86.39

88.74 / 77.60 / 90.97
88.44 / 77.36 / 90.93
87.92 / 77.20 / 90.37
86.81 / 76.66 / 89.86
83.29 / 67.64 / 75.46
86.17 / 76.72 / 89.44
84.05 / 75.84 / 87.43
86.57 / 76.84 / 89.92
83.83 / 75.40 / 87.14
86.06 / 76.52 / 89.28
86.29 / 76.39 / 88.87
84.84 /75.95 / 88.21
87.77 / 77.28 /90.11
86.80 / 77.14 / 89.58
81.29 / 74.10 / 83.74
79.69 / 73.78 / 82.54

57.58 /69.06 / 82.23
56.68 / 69.31 /83.29
56.41 /69.15 / 83.41
54.83 / 68.25 / 81.99
53.97 / 67.58 / 79.09
54.48 / 68.64 / 81.68
49.76 / 66.08 / 76.84
54.23 / 68.39 / 80.71
49.71 / 65.41 / 73.70
54.95 / 68.63 / 81.37
55.79 / 68.80 / 83.14
50.75 / 65.24 / 73.42
54.48 / 67.12 / 79.59
52.13 / 65.40 / 77.73
39.70 / 56.48 / 62.34
37.07 / 53.51 / 57.21

61.11 /53.50 / 79.70
60.87 / 55.18 /79.68
59.81 / 53.32 / 75.16
56.31 / 51.24 / 69.48
55.61 / 51.47 / 66.02
55.98 / 54.76 / 68.73
54.29 / 52.52 / 64.00
57.51 / 54.46 / 71.72
56.00 / 50.68 / 67.70
55.97 / 51.89 / 70.21
55.59 / 54.44 / 67.45
54.07 / 53.37 / 64.44
51.99 / 51.49 / 64.17
47.83 / 49.19 / 56.73
41.16 / 40.64 / 42.25
40.44 / 40.39 / 42.67

Tower-Plus-72B
translategemma-27b-it
Microsoft-Translator
Doubao-Translator
iFLYTEK-Translator

HY-MT1.5-1.8B
HY-MT1.5-7B

Hy-MT2-1.8B
Hy-MT2-7B
Hy-MT2-30B-A3B

86.32 / 78.00 / 87.34
88.40 / 78.68 / 89.89
87.61 /78.31 / 88.97
83.36 / 75.92 / 83.52
79.78 / 73.19 / 76.46
79.69 / 71.82 / 77.86
[y
82.95/72.85 / 84.79
80.92 / 71.57 / 82.14
83.00 / 73.96 / -
83.61 / 76.55 / 76.79
8690/ 79.24 /84.35
84.26 / 76.43 / 82.71
89.45 / 78.97 / 88.89
89.83 /79.03 / 90.26

90.87 / 86.52 / 88.77
93.30 / 87.96 / 91.03
92.80 / 87.71 / 90.65
89.54 / 85.61 / 86.95
87.20 / 84.00 / 83.63
84.16 / 81.13 / 78.82
—/=/-

89.31 / 85.48 / 87.34
86.77 / 83.49 / 84.46
87.18 / 83.65 / —
89.42 / 84.11 / 81.35
90.93 / 86.50 / 85.66
90.00 / 85.46 / 84.05
93.52 / 88.07 / 89.34

93.85 / 88.23 /90.89

82.11 / 74.81 / 84.92
86.84 / 76.16 / 88.67
85.60 / 76.58 / 87.97
79.96 / 72.91 / 80.97
75.97 / 71.00 / 76.64
70.02 / 65.53 / 67.85
-/-/-
80.13 / 72.42 / 83.85
76.54 / 69.92 / 79.72
76.53 / 69.90 / —
78.40 / 71.82 / 75.12
80.98 / 73.36 / 78.30
79.77 / 7341 / 78.64
86.89 / 76.03 / 87.23
8747 / 76.34 / 88.79

51.11 / 66.70 / 75.28
52.49 / 65.66 / 75.75
49.62 / 64.22 / 74.36
38.36 / 55.45 / 59.95
35.60 / 51.83 / 54.35
41.00 / 55.54 / 54.85
58.02 / 66.08 / 81.24
42.01 / 60.21 / 67.63
33.13 / 54.52 / 49.75
35.10 / 56.15 / —
53.08 / 61.95 / 63.58
61.59 / 68.85 / 75.91
50.30 / 64.59 / 70.36
63.86 / 7121 /82.24
62.89 / 71.08 / 84.34

5212/ 51.74 /5828
48.98 / 50.05 / 56.75
44.52 / 46.14 / 47.70
41.17 / 40.23 / 43.19
39.07 / 33.83 / 34.62
38.55 / 35.40 / 26.70

—/=/-

51.80 / 41.77 / 55.27
53.11* / 40.16* / 66.81*
59.04 / 44.67 / —
58.06 / 40.84 / 61.66
61.74 / 44.55 / 67.26
58.29 / 39.22 / 62.36
62.05 / 43.60 / 68.93
62.44 /4237 / 69.43

Notes. Each cell reports XCOMET-XXL / CometKiwi / GEMBA scores, and all scores are multiplied by 100. T denotes thinking mode. In FLORES-200, XX<XX denotes the
average performance over all evaluated translation directions, including ZH«XX and EN<«XX. Mand.<«Min. denotes Mandarin<>Minority translation. Values marked
with * are computed only on supported language pairs. Values replaced by — indicate that the model does not support the corresponding test set. Baselines are grouped
into large-scale models and all Think-mode models, , and translation-specialized models. Our models are

shown in bold. The best results among large-scale models and all Think-mode models in each column are highlighted in blue background , while the best results among

non-thinking-mode, small-to-medium-sized models are highlighted in light orange background .

Overall, Hy-MT2 shows strong performance on DomainMTBench and consistently improves over Hy-
MT1.5 in GEMBA. On the average score, Hy-MT2-1.8B improves the GEMBA score from 88.82 to 91.08
compared with Hy-MT1.5-1.8B, while Hy-MT2-7B improves from 92.04 to 92.79 compared with Hy-MT1.5-
7B. Hy-MT2-30B-A3B further achieves 95.04 / 93.73 on the average score, obtaining the best XCOMET
result among all compared systems and the best GEMBA result among open-source and translation-
specialized models. Across individual domains, Hy-MT2-30B-A3B achieves the best XCOMET scores in
finance, law, and politics, with 97.08, 89.15, and 96.63, respectively. It also remains highly competitive
in medical, technology, and education. These results indicate that the larger MoE model effectively
strengthens domain-specific translation ability while maintaining strong performance across diverse
professional domains. Hy-MT2-7B also demonstrates strong domain translation quality, improving over
Hy-MT1.5-7B on the average score from 94.82 / 92.04 to 94.92 / 92.79, with clear gains on GEMBA across
multiple domains. For the lightweight model, Hy-MT2-1.8B achieves a notable GEMBA improvement
over Hy-MT1.5-1.8B, increasing the average score from 88.82 to 91.08. It also surpasses commercial
systems such as Microsoft Translator and Doubao Translator on the average score, especially in GEMBA.

In-the-wild translation. On WildMTBench, Hy-MT?2 also shows clear advantages in real-world transla-
tion scenarios. Hy-MT2-7B achieves 90.28 / 88.93, outperforming Hy-MT1.5-7B on both XCOMET and
GEMBA. Hy-MT2-30B-A3B further reaches 89.87 / 89.25, obtaining the best GEMBA score among all
compared systems and surpassing Gemini 3.1 Pro in LLM-based evaluation. For the lightweight setting,
Hy-MT2-1.8B improves substantially over Hy-MT1.5-1.8B in GEMBA, increasing from 80.84 to 86.04,
while maintaining a similar XCOMET score. It also clearly outperforms commercial translation systems
such as Microsoft Translator and Doubao Translator on WildMTBench.

Overall, these results show that Hy-MT2 improves not only standard domain-specific translation, but
also robustness and usability in real-world business scenarios. The consistent gains over Hy-MT1.5,
especially in GEMBA, suggest that Hy-MT2 produces more natural and reliable translations under both



Table 3: Performance comparison on DomainMTBench and WildMTBench.

Models DomainMTBench WildMTBench
Finance Law Medical Technology Politics Education Avg.
Gemini 3.1 Pro” 96.30 / 94.73 88.48 / 93.25 95.64 / 95.44 9494 / 9523 96.16 / 94.58 9724 / 95.11 9450 / 9464 86.62/ 88.96
GPT-5.57 96.07 / 94.69 88.13 / 93.08 95.40 / 95.35 94.58 / 94.89 95.93 / 94.47 97.06 / 95.08 94.23 / 94.51 86.66 / 88.72
GPT-5.5 95.93 / 94.56 88.26 / 92.48 95.37 / 95.24 94.49 / 94.78 95.83 / 94.31 97.01 / 94.81 94.20 / 94.28 86.51 / 88.00
DeepSeek-V4—ProT 95.76 / 94.47 87.65/92.22 95.33 / 95.21 94.40 / 94.71 95.55 / 94.02 96.96 / 94.77 93.96 / 94.13 85.77 / 88.23
DeepSeek-V4-Pro 95.81 / 94.20 87.55 / 91.76 95.42 / 95.08 94.33 / 94.26 95.61 / 93.78 96.72 / 94.16 93.96 / 93.80 86.05 / 85.81
Kimi K2.6" 95.91 / 94.31 87.81 / 92.51 95.34 / 94.96 94.42 / 9437 95.68 / 93.96 96.86 / 94.36 94.04 / 94.01 86.39 / 87.91
Kimi K2.6 95.30 / 93.74 87.30 / 91.07 94.95 / 94.42 93.98 / 93.68 95.18 / 93.43 96.66 / 93.75 93.58 / 93.27 85.88 / 87.09
GLMS5.1T 95.77 / 94.55 87.72 / 92.54 95.08 / 95.21 94.40 / 94.87 95.60 / 94.29 96.82 / 94.86 93.92 / 94.30 86.10 / 88.29
GLM5.1 95.31 / 94.06 86.84 / 91.76 94.95 / 94.85 93.96 / 94.18 95.22 / 93.71 96.54 / 94.38 93.49 / 93.72 85.47 / 86.83
Qwen3.5-397B-A17BT 94.21 / 92.76 86.11 / 91.01 93.12 / 92.86 92.34 / 9241 94.11 / 9248 94.07 / 91.85 92.10 / 92.20 82.56 / 83.54
Qwen3.5-397B-A17B 95.88 / 94.32 87.59 / 91.63 95.24 / 94.94 94.38 / 94.35 95.64 / 93.80 97.13 / 94.60 93.98 / 93.82 86.97 / 87.56
Qwen3.6-35B-A3BT 96.03 / 94.31 87.58 / 91.66 95.35 / 94.87 94.53 / 94.23 95.76 / 93.76 96.91 / 94.33 94.06 / 93.77 87.24 / 87.75
Gemma4-31BT 96.07 / 94.32 87.66 / 92.13 95.37 / 94.89 94.15 / 94.27 95.89 / 93.80 97.12 / 94.55 94.07 / 93.90 86.87 / 87.33
Gemma4-26B-A4B" 95.78 / 94.30 87.44 / 91.81 95.19 / 94.83 94.11 / 94.13 95.50 / 93.68 96.92 / 94.29 93.84 / 93.76 86.30 / 86.03
Gemmad4-E4BT 93.66 / 91.60 83.79 / 87.03 93.61 / 92.19 9227 / 91.02 93.10 / 90.43 95.19 / 91.86 91.57 / 90.53 84.11 / 84.64
Gemmad4-E2BT 92.77 / 91.25 82.69 / 86.77 93.12 / 91.67 91.94 / 90.56 92.41 / 89.77 94.94 / 91.25 90.90 / 90.05 83.12 / 82.85

95.52 / 93.53 87.00 / 90.13 94.88 / 94.26 94.13 / 93.55 95.29 / 93.27 96.57 / 93.57 93.59 / 92.96 86.49 / 86.63
95.56 / 93.81 87.10 / 91.28 95.12 / 94.44 94.02 / 93.97 95.28 / 93.14 96.77 / 94.17 93.65 / 93.34 86.35 / 86.55
95.39 / 93.65 86.63 / 90.35 95.02 / 94.25 93.69 / 93.44 94.97 / 93.06 96.69 / 94.03 93.39 / 93.01 86.26 / 86.69
93.45 / 91.42 83.46 / 86.46 93.51 / 92.10 91.95 / 90.40 93.13 / 90.48 95.13 / 91.52 91.41 /90.27 83.45 / 84.18
92.07 / 89.59 81.52 / 84.51 92,53 / 89.73 91.03 / 88.26 91.61 / 87.82 94.30 / 90.45 90.09 / 88.11 82.01 / 81.58

Tower-Plus-72B 95.23 / 93.60 86.54 / 90.80 95.04 / 9435 93.91 / 93.62 95.41 / 93.29 96.53 / 93.83 9346 /9314 8513/ 86.66
TranslateGemma-27B-IT 9633 / 92.38 87.56 / 88.88 95.81 / 93.84 94.66 / 92.29 96.00 / 92.01 97.26 / 93.20 9430/9194 8844 /8565
Microsoft-Translator 9251 / 90.34 81.76 / 85.17 9247 / 90.64 91.19 / 87.96 92.77 / 90.25 94.96 / 90.88 9049 /89.01 7919 /79.32
Doubao-Translator 93.39 / 91.80 83.18 / 87.56 91.63 / 90.53 91.78 / 89.64 93.77 / 91.97 94.69 / 91.38 91.02/9036  78.07 / 77.61
"HY-MT15-1.8B 9555/90.01  86.03/8490  9526/9027  9437/8859  9523/89.59  96.61/90.89  9352/88.82  87.41/8084
HY-MT1.5-7B 96.66 / 92.82 88.37 / 89.52 9628 /9340 9524 /9152 9651 /9255 9757 /9309  94.82/9204  90.21/87.13
"Hy-MT2-18B 9536 /9169  86.63/88.89  9497/9210  9397/91.25  9501/91.18 9642 /9246  9341/91.08  8743/8604
Hy-MT2-7B 96.79 / 93.14 89.02 / 91.14 96.23 / 93.76 95.15 / 92.80 96.47 / 93.02 9750 / 93.43 9492 /9279  90.28 /8893
Hy-MT2-30B-A3B 97.08 / 9414 8915 / 9204 9622/ 9463 9516/ 9408  96.63 / 9379 9754/ 9423 9504 / 9373 89.87/ 89.25

Notes. Each cell reports XCOMET / GEMBA scores, and all scores are multiplied by 100. Avg. denotes the overall average score on DomainMTBench. T denotes thinking

mode; for models with both modes, the row without T denotes non-thinking mode. Baselines are grouped into large-scale models and all Think-mode models,
, and translation-specialized models. Our models are shown in bold. The best results among large-scale models and

all Think-mode models in each column are highlighted in blue background , while the best results among non-thinking-mode, small-to-medium-sized models are

highlighted in  light orange background .

professional-domain and in-the-wild settings.

3.4 Instruction-Following Evaluation

We evaluate instruction-following ability on both general instruction-following benchmarks and our
translation-specific IFMTBench. The results are reported in Table 4.

Hy-MT2 shows strong translation-specific instruction-following ability on IFMTBench. Hy-MT2-7B
achieves 89.73 / 72.67 / 83.14 on Simple, Complex, and Total, respectively, outperforming Gemma4-E4B
and other medium-sized open-source baselines. Hy-MT2-30B-A3B further improves to 90.20 / 75.94 /
84.69, achieving the best overall IFMTBench score among small-to-medium-sized models. Compared
with Qwen3.6-35B-A3B and Gemma4-26B-A4B, Hy-MT2-30B-A3B obtains consistent gains, especially on
Complex instructions, showing stronger capability in handling multi-constraint translation requests.

The performance of Hy-MT2 is also competitive with much larger general-purpose models. On IFMT-
Bench, Hy-MT2-30B-A3B approaches Kimi K2.6, GPT-5.5, and Gemini 3.1 Pro in Total score, and even
surpasses several ultra-large models on Simple instructions. This indicates that targeted optimization for
translation instruction following can effectively improve constraint understanding and execution.

On general instruction-following benchmarks, Hy-MT2-30B-A3B maintains solid performance, reaching
89.80 on IFEval and 77.39 overall on MaXIFE, outperforming Qwen3.6-35B-A3B on both metrics. However,
its Multi-IF scores are lower in later turns than some comparable baselines, suggesting that the main
advantage of Hy-MT?2 lies in translation-specific instruction following rather than general multi-turn
instruction following.

3.5 Quantization Experiment

We evaluate the model size and performance of various quantized Hy-MT2 models across general
translation, domain-specific translation, and instruction-following benchmarks, as shown in Table 5.
Overall, quantization substantially reduces deployment cost while preserving strong translation quality.
For Hy-MT2-1.8B and Hy-MT2-7B, FP8 achieves performance very close to BF16 across most benchmarks,



Table 4: Performance comparison on instruction-following benchmarks.

Models IFBench IFEval MaXIFE Multi-IF IFMTBench
Loose Strict Overall Simple Complex Total
Gemini 3.1 Pro” 71.33 9630 9058 87.62  89.10 95.02 / 89.57 / 84.89  91.95 84.53 89.08
GPT-5.5T 67.33 9390 89.96 8458  87.27 94.90 / 89.33 / 84.46 89.25 84.44 87.39
GPT-5.5 43.33 9168 87.04 81.04  84.04 93.25 / 87.21 / 82.02 86.97 83.74 85.72
DeepSeek-V4-Pro” 76.00 9131 8853 8414  86.34 93.62 / 87.02 / 81.69 86.97 83.74 85.72
DeepSeek-V4-Pro 42.67 89.83 8498 7877  81.88 90.36 / 83.45 / 76.60 81.38 78.23 80.16
Kimi K2.6" 68.67 9556 89.19 8580  87.50 93.87 / 87.15 / 82.29 83.17 80.81 82.26
Kimi K2.6 38.00 90.02 8640 8049 8345 90.60 / 84.93 / 77.48 88.07 79.92 84.92
GLM5.1T 74.00 94.09 8859 8561  87.10 93.94 / 86.47 / 82.77 88.81 82.14 86.23
GLM5.1 50.00 90.57 86.40 8049 8345 92.24 / 85.25 / 79.67 85.53 78.83 82.94

Qwen3.5-397B-A17BT  65.67 89.83  89.88  86.80 88.34 90.81 / 84.17 / 79.56 85.05 72.08 80.04
Qwen3.5-397B-A17B 48.33 88.54 8626  80.46 83.36 90.50 / 81.62 / 75.86 81.71 77.61 80.13

26.00 8044 7732  68.79 73.06 80.79 / 7059 / 63.81  62.93 49.10 57.59

Hy-MT2-1.8B 35.33 80.22  61.29  51.05 56.17 70.50 / 49.79 / 35.75 76.76 57.61 69.36
32.00 85.76 8158  74.83 78.21 86.81 / 78.04 / 71.73 74.67 66.98 71.70
Hy-MT2-7B 35.33 86.14 76.77  68.73 72.75 79.53 / 66.50 / 54.35 89.73 72.67 83.14
36.00 83.00 80.72 7339 77.06 84.84 /78.12 / 71.48 77.79 69.70 74.66
45.60 89.80  84.87  79.25 82.06 89.17 / 81.89 / 7529 83.02 73.18 79.22
Hy-MT2-30B-A3B 50.67 89.80 8046  74.31 77.39 90.10 /72.73 / 66.66 90.20 75.94 84.69

Notes. All scores are reported as percentages. For Multi-IF, each cell reports turnl / turn2 / turn3 scores. T denotes thinking mode; for models with both modes, the row
without T denotes non-thinking mode. IFMTBench is our translation instruction-following benchmark, and Simple, Complex, and Total correspond to single-constraint,
multi-constraint, and overall scores, respectively. Baselines are grouped into ultra-large general models and . The best results within

the ultra-large models are highlighted in blue background , while the best results within each corresponding parameter-scale group of small-to-medium models are

highlighted in pink background .

Table 5: Performance comparison on various quantized model.

Model FLORES-200 WMT25 Mand DMTB WMTB IFBench IFEVAL IFMTB
ZH& XX EN& XX XX & XX
Hy-MT2-1.8B-BF16 83.49 87.02 79.21 60.33 6032 9225 8674 3533 8022  69.36
Hy-MT2-1.8B-FP8 83.11 86.66 78.63 5051 5973 9215 8657 3500 8059  67.06
Hy-MT2-1.8B-Q4 KM 8222 85.87 77.19 5746 5723 9185 8609 3333 7893 6347
Hy-MT2-1.8B-2bit 80.86 84.74 76.31 5796 5896 89.67 8333 3400  77.63 5899
Hy-MT27B-BFl6 8017 9143 8706 7305 6549 9386 8961 3533 8614 8314
Hy-MT2-7B-FP8 88.92 91.45 86.92 7259 6550 93.84 8949 3400 8651 8238
Hy-MT2-7B-Q4 KM 88.96 91.46 86.90 7230 6557 9381 8941 3767 8558  75.11
Hy-MT2-30B-A3B-BFl6  90.04 9237 8813  73.62 6593 9439 8956  50.67  89.80  84.69
Hy-MT2-30B-A3B-FP§  89.97 91.87 88.01 7338 6591 9435 8961 5033 8870 8347

Notes. All scores are reported as percentages. DMTB, WMTB, and IFMTB denote DomainMTBench, WildMTBench, and IEMTBench, respectively. Mand denotes
Mandarin-minority language bidirectional translation. IFMTB is our translation instruction-following benchmark.

indicating that low-precision inference can be applied with minimal quality degradation. Q4. K.-M
also maintains competitive performance, especially on FLORES-200 and domain benchmarks, though
larger drops appear on instruction-following tasks such as IFMTBench. The 2-bit Hy-MT2-1.8B shows a
more noticeable decline, suggesting that extreme quantization introduces a stronger trade-off between
efficiency and accuracy. For the MoE-based Hy-MT2-30B-A3B, FP8 remains highly stable compared with
BF16, demonstrating that larger architectures are more robust to quantization. These results show that
Hy-MT?2 provides flexible deployment options, from highly efficient compact models to high-quality
large models, while maintaining strong multilingual translation capability.

3.6 Case Study on Translation Instruction Following

Figures 3 to 5 illustrate representative examples of Hy-MT2 handling translation-specific instructions.
These cases encompass common real-world requirements, including style control, delimiter preserva-
tion, legal redaction, idiom explanation, subtitle translation with cultural preservation, legal-document
anonymization, and language-learning-oriented annotation.
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Type Prompt Response

SETENOREHTENE:
Cloud Native ERFR AR, Load Balancer BHEMTES £, Container EZAIREIVFE, Endpoint BIEAARS AR, Traffic BHEM

e ———"

EIHR, Secure Protocol EERSRENE ERWRERRIS, RENRBREIEENESRS, WABERED
R B A R,

BLUFXABENGY, TEABERLIEENAR, FERIMIRE: SRR RS E TR

In a Cloud Native architecture, the Load Balancer routes the Traffic to each Container using a Secure Protocol via the designated Endpoint.

Consulta las siguientes traducciones:

Terminology
Junta Directiva se traduce como EIRZER R
Accionista se traduce como HZA
Fusién se traduce como #37=B4]
Activo se traduce como FZilZE
Pasivo se traduce como & B %55
Acuerdo se traduce como /Y EHEEEAZBDVIERENHEETEEZRANEN. SUHEAMNT
Voto se traduce como FRTL & BNRAMY, HABTMILLEF RIEBHESHT T M.
Borrador se traduce como {ESRE 15
Traduce el siguiente texto al chino. Atenci6n: proporciona inicamente el resultado de la traduccion, sin explicaciones adicionales:
El Borrador del Acuerdo de Fusion fue revisado por la Junta Directiva. Cada Accionista utilizo su Voto para evaluar el Activo y el Pasivo de
la empresa.
R TR MR BB B SEFAP.
BEET
R [PEH S]] RISHTER. AaRDREE, anREXNN, HHE—HEXALRTINEN.
SETIRM “FR” 2 MF2=CR0Z]
s WBLHERREBERMARK, F/L
We just fixed a critical bug where the application crashes immediately when the user clicks the “Save” button. Please update your software to the
latest version right now so you don’t lose your important data.
Ste - —-—--—--—-—- - - - - - - - —-—— - - - - - - - - - - — - - — - - — - - - —-— - —— - ———-———-——-———-————-———-———-———-
control Veuillez traduire I'avis d’annulation de vol suivant en chinois.
, BFESREEM, FEEH AF123 RAMFGFHE
Utilisez le style d’un service client de compagnie aérienne haut de gamme, faisant preuve d’une profonde empathie. BH. o
WERD, BIVEERTE 7 M TIFERALHELTRNRFLS. MELEE
Attention : fournissez uniquement le résultat de la traduction, sans explications supplémentaires : fARER N TBENE,
Le vol AF123 est annulé a cause de la météo. Vous serez remboursés d'ici 7 jours. Appelez le centre d*aide pour toute question.
BERIUT csV XABFAFX.
id,event_name,description,status
id,event_name,description,status
101, REE,” EREH, FIERFETES. », R
101,System_Boot,”Normal boot, all systems go.” SUCCESS
102, HHRESD, 1R EEFE, 5 WEER., KK
102,Data_Sync,"Error: Connection lost. Retrying in 5 seconds...”,FAILED
103, AP EREH,” 95 - ERUTEH T eI A3
Structured 103,User_Update,”Smith, John updated his profile.” PENDING
output 20~ - - - - - - - - - - - - - - - - - - - - - —- - - —- - - - - —-—-—-—-—=—-"=-"—-—"=-"—-"=—-"=-"—-—"=—-—"=-"—-—"=-—"=-"=-—"=—"—-"=-—"=-=-—"—-—=-—-—"=— - —-—— - — = - = = = -
(5152
ERRATILT (REESCA], HPAEHH % JSON . JSON BABEUTFE:
Suemences BUASOUE. N ) N sentence’: ” BRBIFERALR, RELRBIERL, », cading’ " 2 i
-rreading”: HEHSIRENXA, BRABER: BFF 5, HERAIES N st $E4A W (ce] i [shi] 5% [yudn] &) [fan] 1 [m6] B! [xing] B [zhen] # [bang], 3 [su] B [du]
-"pinyin”: 2ANFEITENE. | in®™ hin yuin i
- sul 1R [kuai] £ [far % [youl /£ [zhiin]. ”, “pinyin”: "him yuan fan
- "ranslation”: X %o e s e L i
BB JSON S5, 21 E R X AR, ¥imo xing zhen bing, s diyou kuai fan ¥iyouzhin, ", “translation”: "The
Hunyuan translation model is wonderful; it s fast and highly accurate.”}
G 23]
RITEIFREER, REREIE k.
R MATEHERS 8K, - . .
Context %% That was a disaster. We need to do another run. RREET. RiEEHFEE.
awarepess 2~~~ -~~~ -~~~ ~—-—~-—-—~—-- - - - —-—-—-—--------"-"-"-"--"--"-"-"-"-"--"-"-" - -~ -~ -"-"-" -~ -~ -~ -~ - -~ - - -~ -~ -~ - - - - - - = =°

iR MATEEIRSE S EHHER

VEEHIE: That was a disaster. We need to do another run. RIS R

B, HAEAFHRHANRINSELEE, SERLLSRE, HNE
FWRIBX AL AKTEEEAIE) L/ \ZHRZEFSIER: “We are currently i a strategic izati s ing to streamline R TREBERFNBTEEA ENRLERTE,

operations and empower our remaining workforce with more dynamic and expansive roles.”

Legal redaction

[E5#%]

R [EIEXA] SR, i Edn@E, AESERR, B FREEMNERNPEIRERR, XMEER

. y EHEH .
Idiom explanation
Gk e)] [2f2IHR]
HWFERBINE ROPERERS, X MBIEER MERIE. BR “ouch
’m a bit busy today, but let’s touch base tomorrow morning to finalize the meeting agenda. base” HIFPXBIMAHEERE, BEEXSHNH “BKRE—T" WX
FPEBERE, & HER. Alt, ERSEMAKRN
BREME.

Figure 3: Case study of Hy-MT2 on translation instruction following (Part 1).

The examples demonstrate that Hy-MT2 can handle both explicit translation constraints and compound
user requirements. In the style-control case, the model rewrites a modern software update log into
classical Chinese with a formal, memorial-like tone. For delimiter preservation, it accurately maintains
special markers (e.g., “##”) while translating surrounding content, showing precise formatting awareness.

Hy-MT2 also excels in more complex scenarios. In legal redaction and anonymization tasks, it translates
while applying required redactions, paragraph restructuring, and numbering rules. In idiom-explanation
and language-learning cases, it provides not only translations but also furigana, romaji output, and
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Type Prompt Response
G2 .
UFOBAEOLEEREOFRICHRL T 2TV, ZOB, UTOMMEZREICEFTZ L O s ot
L RUNERORR — o T | [ ——— Takeshi: “Senpai, is this really alright to do?”
2
ct.
Subtitle Translation 2 74— % ¥ ME#E: MEERAKIT £~y MCHEL. TATOEY FISS—7 Y RBS L ZA LT~ K (00:0000.000 v ) )
e _ Yuuko-scnpai: “Like I've been saying. You're worrying way too much, Takeshi-kun.”
& 0:00:00000) EXTEDTEATB Lo N

Cultural Preservation

[BIRMKRTF R +]

folFL: THRE. ChASICALRBATIA

W5 THE: TRHETFNEE0TE LA DELIFREL. fiF LB
Tl T, THRABRTY & BHICALEFToTY

B5THE: TNLBELBRLLBLOD! FEW T<&N

00:00:06,000 > 00:00:10,000
‘Takeshi: “But this violates the school rules! We’re definitely going to get caught!”
4

00:00:10,000 > 00:00:13,000

Yuuko-serpaiz “If we don’t get caught, it’s not a violation! Alright, let’s got”

Allusion or
cultural adaptation

[Task]

Translate this tweet into Spanish and explain the slang. Tell me if any reference would be lost on a Latin American reader.

[Source Text]

Traduccién al espafiol:
Todos se rieron cuando empez6 a entrenar su propio modelo MoE en una Mac, pero la verdad:
dejémoslo trabajar tranguilo.

Explicacién del slang:

- “Lethim cook” : Es una expression muy popular en inglés (sobre todo en contextos digitales
und de gaming). Significa “deja que haga lo que quiera/que trabaje en paz” , es decir, no
interfieras ni critiques; permitele desarrollar su idea sin interrupciones. En espafiol no hay una

traducci6n tnica, pero se puede expresar como “dejémoslo trabajar tranquile” o “no le

analysis pongamos trabas” s
Everyone laughed when he started training his own MoE model on a Mac, but honestly, just let him cook.
Se perderia alguna referencia para un lector latinoamericano?
En general, la frase es fcil de entender en cualquier pais de Latinoamérica. Sin embargo, el
término  “MoE model” (Modelo de Expertos Miltiples) podria no ser conocido por todos, ya
que es un concept técnico especializado en IA. Si el piiblico objetivo no tiene familiaridad con
temas de machine learning, podria ser ttil aiadir una breve aclaracién como: “un tipo de
modelo de inteligencia artificial” . Aparte de eso, no hay referencias culturales que se pierdan.
[Anweisung]
Ubersetzen Sie den folgenden Text in ein deutsches juristisches Dokument.
[Regeln]
1. Erzwungene Schwirzung: Ersetzen Sie alle Firmennamen [Firmennam daten [Datum] und Geldbetriige [Geldbe akt durch Dieser Geheimhaltungsvertrag zwischen [RF'DA( D] und [REDACTED] tritt am
REDACTED REDACTED] offiziell in Kraft.
Data 2. Restrukturierung der Klauseln: Jeder Satz des Ausgangstextes muss als eigenstindiger Absatz formatiert werden. Jeder Absatz muss
Anonymization ngend mit einer fortlaufenden Nummerierung am Anfang versehen werden (z. B. ‘§ 1", *§ 2 Im Falle eines wesentlichen Verstofes gegen die Vertraulichkeitsverpflichtungen haftet die

Hinweis: Geben Sie NUR den reinen U oder K

aus. Jegliche E sind absolut untersagt.
[Zu iibersetzender Text]

The non-disclosure agreement between TechCorp Inc. and Global Data Solutions shall officially enter into force on May 15, 2026. In
the event of a material breach of confidentiality, the breaching party shall be liable for a penalty fee of $500,000. This agreement is

governed by the laws of the State of California.

verletzende Partei fiir die Zahlung einer Vertragsstrafe in Héhe von [REDACTED].

Fiir diesen Vertrag gilt das Recht des Kalif

Blocklist settings

[£55]
BT (EREXA] ShEnfi.

[xam]

L DA FEERMEIERENR, BRIEHIUT =D BB S
- 2 EHI xopowo* (§F) ReHFFEZLEA

- BB penarst (HUI#1T) REFFELA

- BRI pabora’ (TFAETT) REMAZE

IRBTERERR. BIRNEERESGIRAIERER .

[5EREA]
FOARIRTH; WA ERREMITTT.

Anropumit T npesocxoble ; Mogens B Bpews

dyrKLHOHUpYeT Gesynpeuto.

Language study

AR ENEE. BRIBXESFRNALES
RPAMERT . FURFITRIIRIE,

EFELCT. FREIEHE, 3

BIRZE, FEMXALRT. MEXS— R EMEURNFEEFIEMNL MRRIAKFEHhE i, B
GFoA (HLUEERE R EN%) ARER—T. BE, RIEBX 3 MRS, 3 EARM BRFAEER, HERRES
HEE.

La verdad es que esta relacion ya hacia tiempo que habia perdido todo sentido. No se trata de
quién tiene la razén o el error; simplemente, cada uno sigui6 su propio camino. Te deseo todo lo

mejor en tu futuro.

TRIAAREEN R =B

BT, MERRGIRD
1. “habia perc
XPAT Y ETTHET *habia perdido*, FIRIBRMESER MBS ZAMBEREHIFER
RS, XMAEFEEDFHRRMRRIMERTE L, SEERROENREA.

F21E *no se trata de* BA “HRRR ", ARBEAMESSIF, BRAESFETI.
CREASEZANTENT, RNENHEEEHREBNEN.

cada uno sigui6 su propio ¢
*Cada uno* &R “STA/ZE", *seguir su propio camino* MRHHERISIE, FEE “E
BEME, KEAREANSEELT RRNABEERET FRNEEND,
TEREAIMES of 3 BRZFM, HFASEEALERE:
1. FEAF “La verdad es que esta relacion ya habia perdido todo sentido.” ¥, B3 AT
B *habfa perdido* BYE BB BRI A?
A. BBEHIERINITER
B. AR AN AR Z A BERENRSE
C. RREEIEFERT
2. 5835 *no se rata de* TEAIREEIHAMER?
SIHLEIL or BE
B BEAM YRR, BAERFELL
C. RTERXR
3. SJ3& *seguir su propio camino* BMHIFIER B,
A BEFIAEHBE
B. ERRLTABIE
C. &BE L RRNERREREFRNTE
HRRFIRAOEIE !

minc

>

27

Figure 4: Case study of Hy-MT2 on translation instruction following (Part 2).

explanatory notes, meeting diverse instructional requirements.

Moreover, in subtitle translation, Hy-MT2 preserves culturally specific elements such as honorifics while
following SRT formatting rules, reflecting its ability to manage multilingual instructions and maintain
cultural fidelity.
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Type Prompt Response

HNELEELREHR, NRMREATELHE LEAM, AHEER—HIRAR

4m> 51 N S LT /N S L re r
FBHILX A RINREOR AR ETER : “We are reimagining our culinary offerings to focus TBE B ORISR E .

Style constraints N
on artisanal, premium ingredients, resulting in a more curated and mindful dining experience.

and conflict

evaluation

BIEZfE, RBE— MREXRIEZT R, RIZRNEEM, A— BOIERUEMAE— T,

STERTEERI, KREENR, OIERKE S XTHs—FaRK! RERAA

REM EBTMNEIMIGE—RET: “Absolutely disgusting! The steak was as hard as a brick, the waiter completely ignored us for iy
. X 40 minutes, and to top it off, they charged me $5 for a glass of tap water! A total scam.” o
Social media-style
copywriting . o i . N = P ERMEHETE,
pywriting IREBHIB THEIF—TRIARESE, AGHREE, EXIE2THROERSR—EL5EY, RELESR PRI P

BERAAEN.
RAERXH, BEEIPEWE. N
—FEKNER,
RE I IETIN
IR T XA RREIRE N P
Delimiter PN - A e LR e o . e
preservation IRUTHEESC , BMTEER. HXRFBLFS, FHERSRENGLE, ATER, BIREX00—EER, 0oWRER, 0of®E—RFh.
For the party, we need to buy (/) some apples, (2@’ two bananas, (@ and a bottle of milk.
" TMepeseaure ceayioupii tekst na russkij. Obratite vnimanie: vyvedite tol’ko rezul'tat perevoda, bez kakih-libo dopolnitel’nyh
Multilingual o -
ob’yasnenij:
translation yasnent HoBbii algorithm 3HauHTeTbHO MIOBILIACT KAYECTBO MTEPEBOJA 1 COKPALLALT BpeMst 0GPABOTKH.
instruction
‘The new algorithm significantly improves the translation quality and reduces the processing latency.
[Aufgabe]
Ubersetzen Sie den folgenden [Ausgangstext] ins Englische.
[Regeln]
1. Gr Verwenden Sie GROSSBUCHSTABEN fiir alle englischen Buchstaben. Es sind keine Kleinbuch-
Emotional staben erlaubt. PRESS THE DESCALING BUTTON FOR THREE SECONDS!!! WAIT UNTIL THE RED
translation 2. Interpunktion: Jeder einzelne Satz muss mit genau drei aufeinanderfolgenden Ausrufezeichen (111) enden. Nicht mehr und nicht ~ LIGHT GOES OUT!!!
weniger.
3. Ausgabeformat: Geben Sie NUR die reine U aus. Keine i oder zusi Text.

[Ausgangstext]
Driicken Sie die Entkalkungstaste fiir drei Sekunden. Warten Sie, bis die rote Leuchte erlischt.

Figure 5: Case study of Hy-MT2 on translation instruction following (Part 3).

Overall, these examples confirm that Hy-MT2 reliably executes diverse translation instructions, accom-
modating constraints on language, style, format, cultural context, and auxiliary explanatory needs.

4 Conclusion

In this paper, we present Hy-MT2, a multilingual machine translation model family designed for real-
world translation scenarios. Hy-MT2 covers both dense and mixture-of-experts architectures, including
Hy-MT2-1.8B, Hy-MT2-7B, and Hy-MT2-30B-A3B, all supporting translation among 33 languages.
Compared with Hy-MT1.5, Hy-MT2 provides systematic improvements in domain-specific translation,
real-world scenario translation, translation instruction following, model scaling, and efficient on-device
deployment. Hy-MT2-7B and Hy-MT2-30B-A3B outperform strong open-source translation baselines
such as DeepSeek-V4-Pro and Kimi K2.6, and achieve performance close to or even surpassing leading
closed-source models such as Gemini 3.1 Pro on multiple benchmarks. The lightweight Hy-MT2-1.8B also
demonstrates strong small-model translation capability, outperforming several commercial translation
APIs. To support diverse deployment scenarios, Hy-MT?2 is released in multiple precision formats,
including 1.25-bit, 2-bit, 4-bit, 8-bit, and FP16. Among them, the 1.25-bit and 2-bit versions are built on
Hunyuan self-developed quantization techniques, significantly reducing model resource consumption
while improving inference efficiency. Overall, Hy-MT2 provides a high-quality, efficient, and multi-
capability multilingual translation model family for real-world applications.

5 Contributions

5.1 Core Contributors

Mao Zheng, Zheng Li, Tao Chen, Bo Lv, Mingrui Sun, Mingyang Song, Jinlong Song, Hong Huang,
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5.2 Contributors

Guanghua Yu, Yi Su, Hong Liu, Jinxiang Ou, Keyao Wang, Weile Chen, Haozhao Kuang, Kai Wang, Nuo
Chen, Zihao Zheng, Chenhao Wang, Bin Xing, Chengcheng Xu, Tinghao Yu, Binghong Wu, Long Xu,
Jiacheng Shi, Yunhao Wang, Baifang Chen, Lei Zhang, Qi Yang, Zhao Wu, Jiacheng Li, Lan Jiang, Lanrui
Wang, Kai Zhang, Shuaipeng Li, Zhongzhi Chen, Weixuan Sun, Jiaqi Zhu, An Wang, Wei Li, Jun Xia,
Weidong Han, Wutian Yang, Litong Hui, Luoguo Jia, Jiajia Wu, Hongchuan Zeng, Zheng Zhang, Xinpeng
Zhou, Tianxiang Fei
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