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Abstract

This paper presents Xiaoyu-MT, our submis-
sion system for the WMT 2026 Chinese-
Southeast Asian Multilingual MT Task, focus-
ing on bidirectional translation between Chi-
nese and seven Southeast Asian languages. To
address limited parallel resources and imbal-
anced multilingual data distributions, we se-
lect Gemma-4-12B-it as the base model and
construct multilingual training data by com-
bining official WMT resources with additional
monolingual and bilingual corpora. Xiaoyu-
MT adopts a multi-stage training pipeline con-
sisting of Continual Pre-Training (CPT), Super-
vised Fine-Tuning (SFT), and Direct Preference
Optimization (DPO). During SFT, we intro-
duce a language-aware Prompt encoding mech-
anism to explicitly model source language, tar-
get language, and their directed translation rela-
tionships through structured Prompt represen-
tations and Prompt compression. DPO further
optimizes translation preferences using pref-
erence data constructed from reference and
model-generated translations. Official evalu-
ation results on WMT 2026 show that Xiaoyu-
MT achieves an overall BLEU score of 34.73,
a COMET score of 81.87, and a Final Re-
sult score of 61.80, demonstrating its effective-
ness for multilingual and low-resource machine
translation scenarios.

1 Introduction

This paper presents Xiaoyu-MT, our machine trans-
lation system submitted to the WMT 2026 Chinese-
Southeast Asian Multilingual Machine Translation
Task. The task focuses on bidirectional translation
between Chinese and seven Southeast Asian lan-
guages, namely Thai, Vietnamese, Lao, Burmese,
Khmer, Indonesian, and Malay. Due to the lim-
ited availability of parallel resources, substantial
linguistic differences, and imbalanced data distri-
butions across languages and translation directions,
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the task poses considerable challenges to the lan-
guage modeling and cross-directional adaptation
capabilities of multilingual machine translation sys-
tems.

In recent years, the rapid development of Large
Language Models (LLMs) has created new oppor-
tunities for multilingual machine translation. Bene-
fiting from the language understanding and cross-
lingual generalization capabilities acquired through
large-scale pre-training, LLMs have demonstrated
strong performance on multilingual machine trans-
lation tasks (Cui et al., 2025; Zhu et al., 2024; Bu
et al., 2024; Hudi et al., 2024). Meanwhile, re-
search on LLMs for Southeast Asian languages has
also continued to advance. For example, SeaLLMs
3 (Zhang et al., 2025) is specifically optimized for
Southeast Asian languages and has achieved com-
petitive performance on tasks including translation,
knowledge, reasoning, and instruction following.
Existing studies have shown that, in low-resource
translation scenarios, how to effectively utilize lim-
ited linguistic resources and improve the multilin-
gual generalization capability of models remains
an important challenge in multilingual machine
translation (Wang et al., 2021; Qin et al., 2025).

To address the limited availability of resources
for the target languages and the insufficient adapta-
tion of models to multilingual environments, CPT
has been shown to be an effective approach for en-
hancing the language modeling capabilities of pre-
trained language models. Zheng et al. (Zheng et al.,
2024) explored cross-lingual continual pre-training
to extend pre-trained LLMs to new languages,
while LLaMAX (Lu et al., 2024) further enhanced
the multilingual translation capabilities of LLaMA-
family models through large-scale multilingual con-
tinual pre-training. These studies demonstrate that
CPT can effectively strengthen a model’s ability
to model target languages and their linguistic char-
acteristics, thereby providing a stronger linguistic
foundation for multilingual task adaptation.
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During the SFT stage, existing studies have ex-
plored various approaches to adapting multilin-
gual LLMs from perspectives including data con-
struction, representation learning, and parameter-
efficient fine-tuning. Multilingual instruction-
tuning datasets, such as the Aya Dataset (Singh
et al., 2024), enhance multilingual capabilities
by providing high-quality supervision across a
wide range of languages. Representation-based
approaches explicitly establish cross-lingual con-
nections in the latent space to improve multilin-
gual modeling (Ye et al., 2025). In addition,
parameter-efficient methods such as LoRA (Hu
et al., 2022), Adapter (Houlsby et al., 2019), and
Prompt Tuning (Lester et al., 2021) provide effec-
tive approaches for adapting language models to
downstream tasks. These studies offer different
technical approaches for multilingual LLLM adap-
tation. However, in scenarios involving multiple
languages and bidirectional translation directions,
how to provide models with explicit language and
directional conditions remains an open issue worth
further investigation.

Preference optimization has also recently demon-
strated the potential of DPO for machine transla-
tion. Vajda et al. (Vajda et al., 2025) investigated
the application of DPO to Slovenian machine trans-
lation and demonstrated its effectiveness in improv-
ing the translation quality of the GaMS-9B-Instruct
model. Compared with conventional reinforcement
learning methods that rely on a separate reward
model, DPO directly optimizes the model’s genera-
tion distribution using preference data, providing a
simple and effective approach for further improv-
ing translation quality.

Overall, to address the challenges of low-
resource conditions, substantial linguistic differ-
ences, and varying adaptation requirements across
translation directions in bidirectional translation
between Chinese and seven Southeast Asian lan-
guages, we develop Xiaoyu-MT, a multi-stage
multilingual machine translation system based
on Gemma-4-12B-it. Xiaoyu-MT combines data
construction and augmentation, Continual Pre-
Training, Supervised Fine-Tuning, and Direct Pref-
erence Optimization to progressively improve the
model’s language modeling capability for the task-
related languages and its adaptability to multilin-
gual translation. Furthermore, during the SFT
stage, Xiaoyu-MT introduces a language-aware
Prompt encoding mechanism that explicitly mod-
els the input language, target language, and their

directed translation relationship, providing more
explicit conditional information for different trans-
lation directions. By combining multi-stage train-
ing with language-aware conditional modeling,
Xiaoyu-MT aims to fully exploit the multilingual
capabilities of LLMs while further enhancing task
adaptability and translation generation quality in
low-resource Southeast Asian languages and multi-
lingual bidirectional translation scenarios.

2 Preliminary Experiment

To select the base model for Xiaoyu-MT, we first
conduct a preliminary evaluation of several open-
source large language models on bidirectional
translation between Chinese and Southeast Asian
languages. Considering their zero-shot transla-
tion performance, multilingual modeling ability,
instruction-following capability, and inference ef-
ficiency, we ultimately select Gemma-4-12B-it as
the foundation model for Xiaoyu-MT.

2.1 Translation Capabilities of Different
Models

We evaluate the zero-shot translation capabilities
of different open-source large language models on
the devtest set of FLORES+ '. Four represen-
tative open-source models are selected for eval-
uation: Llama-3.1-8B-Instruct 2, Gemma-3-12B-
it 3, Gemma-4-12B-it 4, and Qwen3.5-9B °. We
evaluate their bidirectional translation performance
between Chinese and seven Southeast Asian lan-
guages, including Thai, Vietnamese, Lao, Burmese,
Khmer, Indonesian, and Malay. For each transla-
tion direction, we randomly sample 100 instances
for evaluation. We use sacreBLEU and COMET-
22 6 as the primary evaluation metrics, which mea-
sure lexical similarity between the generated and
reference translations and their semantic consis-
tency, respectively. The zero-shot evaluation results
are presented in Table 1.

It should be noted that this zero-shot experiment
is intended to provide a preliminary comparison of
the zero-shot multilingual translation capabilities
of different base models and to inform the subse-
quent model selection. Since the FLORES+ devtest

'https://huggingface.co/datasets/openlanguagedata/flores,, lus
Zhttps://huggingface.co/meta-llama/Llama-3.1-8B-
Instruct
3https://huggingface.co/google/gemma-3-12b-it
*https://huggingface.co/google/gemma-4-12B-it
Shttps://huggingface.co/Qwen/Qwen3.5-9B
®https://huggingface.co/Unbabel/wmt22-comet-da
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sacreBLEU/COMET-22

Models

id-zh km-zh lo-zh ms-zh my-zh th-zh vi-zh Avg.
Gemma-4-12B-it 43.27/87.70 32.22/85.36 34.20/85.61 40.43/87.63 30.88/84.19 39.91/88.15 41.56/87.99 37.64/86.66
Gemma-3-12B-it 42.69/86.99 31.98/84.19 34.37/84.72 38.68/87.25 28.21/84.80 40.67/87.57 40.05/87.70 36.66/86.10
Llama-3.1-8B-Instruct 34.93/84.72 20.02/78.77 9.08/68.26 32.18/84.18 17.93/77.94 26.43/81.91 33.40/84.48 24.85/80.84
Qwen3.5-9B 41.36/86.88 28.34/84.74 32.00/84.50 40.05/86.27 13.16/72.28 31.96/86.43 40.74/87.55 32.52/84.09
Models sacreBLEU/COMET-22

zh-id zh-km zh-lo zh-ms zh-my zh-th zh-vi Avg.
Gemma-4-12B-it 26.63/88.47 19.73/80.68 24.67/81.34 19.96/86.82 18.87/85.83 38.64/87.57 33.39/88.05 25.98/85.54
Gemma-3-12B-it 27.91/88.26 13.26/74.90 18.59/77.36 17.51/86.64 6.32/75.74 37.31/87.12 31.39/87.82 21.76/82.55
Llama-3.1-8B-Instruct 19.07/84.12 4.10/52.93  1.24/33.27 15.68/83.20 4.17/57.43 20.40/76.53 26.34/85.12 13.00/67.51
Qwen3.5-9B 24.62/88.17 14.85/77.03 12.90/70.95 17.26/86.32 13.25/83.95 36.05/86.53 32.59/87.67 21.65/82.95

Table 1: Zero-shot Translation Results of Different Base Models on FLORES+

set and the WMT 2026 test set differ in terms of
data scale and distribution, the results reported in
the table are primarily used to reflect the relative
translation capabilities of different models under a
unified zero-shot setting and are not intended to di-
rectly estimate their final performance on the WMT
2026 test set.

The results show that the models exhibit vary-
ing performance across different translation di-
rections. Overall, Gemma-4-12B-it demonstrates
strong overall performance on bidirectional trans-
lation between Chinese and Southeast Asian lan-
guages, particularly on several low-resource trans-
lation directions. Considering its zero-shot trans-
lation performance, multilingual modeling capa-
bility, instruction-following ability, and inference
efficiency, we ultimately select Gemma-4-12B-it
as the base model for Xiaoyu-MT. We use the fol-
lowing unified translation prompt for all models:

Translate the following sentence from
<source language> into <target lan-
guage>. Output only the translation.

2.2 Data Construction

After selecting the base model, we construct mul-
tilingual training data for the subsequent training
stages. Given the relatively limited availability
of high-quality parallel corpora between Chinese
and Southeast Asian languages, in addition to the
training data provided by the WMT 2026 Chinese-
Southeast Asian Multilingual MT Task, we further
incorporate data from our existing Southeast Asian
multilingual machine translation database. From
this database, we select 50,000 monolingual sen-
tences and 100,000 bilingual parallel sentence pairs.
By integrating these data resources, we construct

bidirectional translation training data covering Chi-
nese and seven Southeast Asian languages, namely
Thai, Vietnamese, Lao, Burmese, Khmer, Indone-
sian, and Malay, providing the data foundation for
subsequent continual pre-training and supervised
fine-tuning.

Considering that multilingual parallel corpora
for low-resource Southeast Asian languages may
contain language identification errors, misaligned
sentence pairs, duplicate samples, and anomalous
text, we first perform unified data cleaning and
quality control on the data collected from multiple
sources. Specifically, we use the 1id.176.bin lan-
guage identification model to independently detect
the source and target languages and remove sen-
tence pairs with incorrect language labels, mixed
languages, or inconsistencies with the expected tar-
get languages. We also perform duplicate detection
to remove highly repetitive samples and reduce
their impact on the training data distribution. In
addition, we filter anomalous samples based on
sentence length and abnormal symbol patterns, and
split or remove excessively long or otherwise un-
suitable samples when necessary.

Since the amount of training data varies substan-
tially across translation directions, directly mixing
all data during training may cause high-resource
directions to account for a larger proportion of the
training process, thereby weakening the model’s
learning of low-resource directions. We therefore
further adjust the data distribution across transla-
tion directions. While maintaining data quality, we
increase the proportion of effective samples from
low-resource directions during training to alleviate
data imbalance in multilingual joint training.

After data collection, cleaning, deduplication,
and distribution adjustment, we obtain multilin-
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Figure 1: Overall Framework of the Multi-Stage Multilingual Machine Translation System.

gual training data covering bidirectional translation
between Chinese and the seven Southeast Asian
languages. These data provide a unified foundation
for the subsequent CPT and SFT stages.

3 Methodology

3.1 System Overview

For the bidirectional machine translation task be-
tween Chinese and seven Southeast Asian lan-
guages, we develop Xiaoyu-MT, a multi-stage
multilingual machine translation system based on
Gemma-4-12B-it. Xiaoyu-MT adopts a stage-
wise training strategy consisting of CPT, language-
aware SFT, and DPO, where CPT, SFT, and DPO
are responsible for enhancing language modeling
capabilities, adapting the model to the translation
task, and optimizing the generation distribution,
respectively. During SFT, we further introduce a
language-aware Prompt encoding mechanism to
explicitly model the source language, target lan-
guage, and their directed translation relationship.
An overview of Xiaoyu-MT is shown in Figure 1.
During SFT, the language-aware Prompt encod-
ing mechanism serves as an intermediate repre-
sentation connecting language conditions with the
translation generation model. It first represents
the source and target languages separately and ex-
plicitly models the directed translation relationship
between them. The language, translation direc-
tion, and task conditions are then organized into
a structured Prompt and mapped to a fixed-length

conditional representation through Prompt com-
pression. The compressed Prompt is provided to
the large language model together with the source
text, allowing the model to retain shared multilin-
gual knowledge while obtaining explicit conditions
for the current translation direction. Given a source
language s, a target language ¢, and source text x,
the language-aware Prompt encoding process can
be formulated as:

Ps—)t:

Geompress (Gprompt (F dir (E (s), E (t)) ) etask) ) .
(1)

Here, E(-) denotes the language representation
function, Fy;;(-) denotes the directed translation
relationship modeling function, and e,¢, denotes
a task-level representation derived from the con-
tent, semantic characteristics, and domain informa-
tion of the current input text. Gprompt(-) denotes
the structured Prompt encoding function, while
Glcompress (+) denotes the Prompt compression func-
tion. P;_,; denotes the compressed Prompt corre-
sponding to the current translation direction and
input conditions.

The compressed Prompt is then provided to the
translation model together with the source text to
generate the target-language translation:

yNﬂ-e(y|x7P8*>t)' (2)
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Here, mg denotes the translation model being
optimized.

3.2 Continual Pre-Training

Although Gemma-4-12B-it has acquired multilin-
gual knowledge during pre-training, the coverage
of different languages in the pre-training data is not
uniform. Its ability to model the vocabulary, syn-
tax, and linguistic patterns of some low-resource
Southeast Asian languages can therefore be fur-
ther improved. Before supervised fine-tuning, we
first perform continual pre-training using the cu-
rated monolingual corpora in Chinese and the seven
Southeast Asian languages.

Unlike directly adapting the model to the trans-
lation task using parallel corpora, the primary ob-
jective of the CPT stage is to further enhance the
model’s fundamental language modeling capabil-
ities for the target languages rather than directly
learning specific translation directions. By continu-
ing training on monolingual corpora in the target
languages, the model can further learn their vocabu-
lary distributions, syntactic structures, and linguis-
tic expression patterns, thereby providing richer
linguistic knowledge for subsequent cross-lingual
translation.

Given a monolingual training sequence:

-, ur), 3)

where u; denotes the j-th token in the monolin-
gual training sequence and 7' denotes the sequence
length, we adopt the standard autoregressive lan-
guage modeling objective, which predicts the cur-
rent token based on its preceding context:

u = (u,usg,..

T

1
LcpT = —7 zzllogpe (uj [ucj). D
]:

Here, u.; denotes the context preceding position
j. By minimizing LcpT, the model can further
adapt to the linguistic characteristics of Chinese
and Southeast Asian languages while retaining its
existing knowledge, thereby providing a stronger
linguistic foundation for subsequent translation
task adaptation.

3.3 Language-Aware Prompt Encoding

3.3.1 Directed Translation Relationship
Modeling

An important distinction between multilingual ma-

chine translation and general multilingual text gen-

eration is that translation relationships are inher-
ently directional. For the same language pair, Chi-
nese — Thai and Thai — Chinese correspond to
different conditional information and generation
targets. If only independent source- and target-
language representations are used, the model must
implicitly infer the current translation direction
from the combination of the two language repre-
sentations, which may lead to confusion between
different translation tasks.

We therefore first represent the source and tar-
get languages separately. For a given translation
direction s — t, we obtain:

€s :E(3)7 et:E(t)7 )

where s and ¢ denote the source and target lan-
guages, respectively, and F(-) denotes the language
representation function.

We then explicitly represent the relationship
from the source language to the target language
through a directed relationship modeling function:

es—t = Fair (637 et) . 6)

Here, Fy;, () denotes the directed translation re-
lationship modeling function, and es_,; denotes the
directional representation of the current translation
direction.

Since translation is directional, the two direc-
tions of the same language pair have different con-
ditional representations:

€s—t ?é €t—s- @)

For example, for Chinese and Vietnamese, the
model establishes different directional representa-
tions for Chinese — Vietnamese and Vietnamese
— Chinese. By explicitly introducing directed
relationship representations, the model does not
need to rely solely on independent language identi-
fiers to implicitly distinguish translation directions,
thereby providing clearer task conditions for subse-
quent Prompt encoding.

3.3.2 Structured Language-Aware Prompt
Encoding

After obtaining the directional representation, we
organize conditional information into a structured
Prompt. Rather than simply concatenating multiple
language labels and task descriptions, we divide the
Prompt conditions into four components according
to their functional roles:
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Plangv Pdirv Ptaskv Pintv (8)

Here, Pang denotes the source- and target-
language identity information involved in the cur-
rent translation task, which specifies the language
of the input text and the expected target language.
Py;; denotes the directed translation relationship de-
termined by the source and target languages, which
distinguishes different translation directions, such
as Chinese — Vietnamese and Vietnamese — Chi-
nese. P, denotes task-level conditional infor-
mation derived from the content, semantic char-
acteristics, and domain information of the input
text, which characterizes the content and domain
characteristics of the current input instance. Py
denotes the interaction information between the
language-direction conditions and the input text,
which further characterizes the task conditions of
the input text under a specific translation direction.

To organize these conditions into a unified
Prompt representation, we first feed the directed
translation relationship representation and task-
level representation into the structured Prompt en-
coding function:

t
Prs:;v) = Gprornpt (es—>t7 etask) . )

Here, PS5} denotes the raw Prompt obtained
through structured encoding, Gprompt () denotes
the structured Prompt encoding function, and e g
denotes the task-level representation derived from
the content, semantic characteristics, and domain
information of the current input text.

From the perspective of functional composition,
the structured Prompt can be represented as:

Piat = [Plang; Pair; Prask; Rnt} .

raw

(10)

Here, structured language-aware Prompt encod-
ing is not simply a matter of adding language labels
to the Prompt. Instead, it assigns explicit functional
roles to different types of conditional information
within the Prompt representation. In this way, the
model can simultaneously access language identity,
translation direction, and input-text information,
thereby reducing potential confusion among differ-
ent conditional signals.

3.3.3 Prompt Compression

Although additional conditional information can
provide richer linguistic and task-related cues, di-
rectly concatenating a large number of conditional
tokens before the source text increases the input

sequence length and introduces additional compu-
tational overhead during inference. We therefore in-
troduce a Prompt compression mechanism to map
the structured conditional information into a fixed-
length Prompt representation. Let the raw condi-
tional representation obtained through structured
encoding be:

t Lxd
PS—>€R><’

raw

(11

where L denotes the length of the original con-
ditional sequence and d denotes the model hidden
dimension. We aggregate the raw conditional rep-
resentation using the conditional Prompt compres-
sion function:

Ps—>t - Gcompress (sz;v)t) . (12)
This produces a fixed-length Prompt:
Py e RF* K<L (13)

Here, Gcompress(-) denotes the Prompt com-
pression module, and K denotes the pre-defined
Prompt length.

After compression, Ps_,; no longer preserves the
original conditional sequence on a token-by-token
basis. Instead, a learnable encoding process ag-
gregates language, translation-direction, and task
information into a limited number of Prompt rep-
resentations. Therefore, the model can still obtain
the conditional information required for the current
translation direction without significantly increas-
ing the input sequence length.

Finally, the compressed Prompt is provided to
the translation model together with the source text:

y~mo(y |z, Psst). (14)

Here, = denotes the source text, and P,_,; de-
notes the conditional Prompt corresponding to the
current translation direction. This design balances
the expressiveness of conditional information with
the additional computational overhead.

3.4 Direct Preference Optimization

After completing SFT, we further employ Direct
Preference Optimization (DPO) to optimize the
translation generation distribution. Unlike SFT,
which directly fits the reference translations, DPO
constructs preferred and rejected translation pairs,
enabling the model to further learn quality differ-
ences among alternative translation outputs.
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3.4.1 Preference Data Construction

To avoid using exactly the same supervision signal
for DPO and SFT, we construct preference data
from data that are not used during SFT. For each
source sentence x and its corresponding translation
direction s — t, we first use the SFT model to
generate a translation:

g~ 7mser (Y | 2, Pemst) - (15)

We then pair the model-generated translation g
with the corresponding reference translation y* to
construct the preference dataset:

LM
Dopo = {(i Ps;—t: Y5, 0i) iy - (16)
The reference translation y; is used as the chosen
response, while the translation ¢; generated by the
SFT model is used as the rejected response:
Yo=Yy, w=4 (17
This construction uses the reference transla-
tion as a high-quality translation and the model-
generated translation as a relatively weaker can-
didate, thereby providing the model with a direct
preference signal for translation quality.

3.4.2 DPO Optimization

Given a preference tuple (z, P, y,,y;), DPO di-
rectly optimizes the relative probabilities of the
current policy model 7y and the reference model
Tef- The optimization objective is:

Lppo = — E(2,Py.wy)~Doro [IOgO-(B(
Tref (Yw | 7, P)
~log WL D) YY)

ﬂref(yl | .CL‘,P)

log (18)

Here, g denotes the translation model being op-
timized, 7. denotes the reference model, and y,,
and y; denote the chosen and rejected translations,
respectively. o(-) denotes the sigmoid function,
and [ is a hyperparameter controlling the strength
of preference optimization.

During training, the model is optimized to in-
crease the relative probability of the high-quality
reference translation y,, while decreasing the rel-
ative probability of the model-generated transla-
tion y;. Unlike conventional RLHF pipelines that

require an additional reward model, DPO directly
optimizes the model parameters using paired prefer-
ence data, thereby further adjusting the generation
distribution of the translation model.

For this task, this process further strengthens
the model’s preference for high-quality translations
after SFT has established the basic translation map-
pings. It is therefore intended to reduce translation
errors, language confusion, and generation biases,
while improving the final translation quality across
different directions between Chinese and the seven
Southeast Asian languages.

4 Experiments

4.1 Experimental Setup

We use Gemma-4-12B-it as the base model and
sequentially perform CPT, SFT, and DPO follow-
ing the training pipeline described above, progres-
sively enhancing multilingual language capabilities,
adapting the model to the translation task, and opti-
mizing its generation distribution. During the CPT
stage, we perform continual pre-training on cleaned
and curated monolingual corpora in Chinese and
the seven Southeast Asian languages, allowing the
base model to further adapt to the multilingual data
distribution involved in this task. After CPT, the
resulting model parameters are used to initialize the
SFT stage. We then perform supervised fine-tuning
on the constructed multilingual parallel corpora and
incorporate the language-aware Prompt encoding
mechanism to provide the model with conditional
information corresponding to the current input and
translation direction. The learning rate is set to
3 x 1074, the batch size is set to 4, and the model
is trained for 3 epochs during SFT.

After completing SFT, we further perform DPO
training. The DPO stage uses the SFT model as the
initial policy model and employs the correspond-
ing reference model to compute the relative pref-
erence between the policy and reference models.
The preference data are constructed from data that
are not used for SFT, where reference translations
are used as chosen responses and relatively lower-
quality translations generated and filtered by the
SFT model are used as rejected responses. In this
way, the model’s translation generation distribu-
tion can be further optimized without introducing
an additional independent reward model, encour-
aging the model to generate translations that are
more consistent with the quality of the reference
translations.
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During inference, a corresponding language-
aware Prompt is constructed for each test instance
according to the specified source and target lan-
guages and provided to the final model together
with the source text. We use beam search for de-
coding with a beam size of 4, balancing translation
quality and inference efficiency.

4.2 Evaluation Metrics

To comprehensively evaluate the model’s perfor-
mance on bidirectional machine translation be-
tween Chinese and Southeast Asian languages,
we use sacreBLEU and COMET-22 as the pri-
mary evaluation metrics. sacreBLEU measures
the degree of n-gram overlap between the gener-
ated translation and the reference translation, while
COMET-22 employs a pre-trained model to eval-
uate the semantic consistency among the source
sentence, candidate translation, and reference trans-
lation. These metrics provide complementary as-
sessments of translation quality from the perspec-
tives of lexical matching and semantic similarity.

4.3 Results

To evaluate the adaptation capability of Xiaoyu-MT
for bidirectional translation between Chinese and
Southeast Asian languages, we first conduct valida-
tion experiments on an internal test set constructed
during the model development stage. Since this in-
ternal test set is primarily used for model analysis
and rapid iteration during training rather than re-
placing the official comprehensive evaluation, we
select a subset of translation directions covering
different language types and translation scenarios
for experimental validation. Among the 14 bidi-
rectional translation directions, we select 4 direc-
tions and compare Xiaoyu-MT with the zero-shot
translation results of the base model. As shown
in Table 2, the experimental results demonstrate
that Xiaoyu-MT achieves performance improve-
ments across all evaluated directions after multi-
stage training with CPT, language-aware Prompt
SFT, and DPO. These results indicate that the train-
ing strategies adopted in Xiaoyu-MT effectively
enhance the model’s adaptation capability to tar-
get languages and different translation directions.
Specifically, the language-aware Prompt encoding
mechanism explicitly models the source language,
target language, and their directed translation rela-
tionship, providing more explicit directional con-
ditions for the model and improving generation
quality in multilingual translation scenarios.

Model Metric zh-vi zh-my zh-lo zh-km

sacreBLEU 38.51 2248 31.70 25.29
COMET-22 88.30 86.12 82.00 81.93

Xiaoyu-MT

Table 2: Translation Results of Xiaoyu-MT on Repre-
sentative Translation Directions

Metric Xiaoyu-MT
BLEU 34.73
COMET 81.87
Throughput Rank 5
Throughput Score 3.5
Quality Score 58.30
Final Result 61.80

Table 3: Official Evaluation Results of Xiaoyu-MT on
the WMT 2026 Chinese-Southeast Asian Multilingual
Machine Translation Task

Furthermore, for the official evaluation of the
WMT 2026 Chinese-Southeast Asian Multilingual
Machine Translation Task, we perform inference
with Xiaoyu-MT on the released test set and sub-
mit all generated translations to the task organizers.
The official evaluation results are presented in Ta-
ble 3. According to the official evaluation, Xiaoyu-
MT achieves an overall BLEU score of 34.73 and
COMET score of 81.87 across the bidirectional
translation directions. In addition, the system ob-
tains a Throughput Rank of 5 and a Throughput
Score of 3.5, reflecting its competitive inference
efficiency. Considering both translation quality and
efficiency, Xiaoyu-MT achieves a Quality Score
of 58.30 and a Final Result score of 61.80. These
results demonstrate that Xiaoyu-MT can effectively
handle bidirectional translation between Chinese
and seven Southeast Asian languages, achieving
a favorable balance between translation quality
and inference efficiency in multilingual and low-
resource translation scenarios.

5 Conclusion

This paper presents Xiaoyu-MT, the machine trans-
lation system submitted by the Kunming University
of Science and Technology team to the WMT 2026
Chinese-Southeast Asian Multilingual MT Task.
For bidirectional translation between Chinese and
seven Southeast Asian languages, Xiaoyu-MT is
built on Gemma-4-12B-it and adopts a multi-stage
training framework consisting of data construction
and augmentation, CPT, SFT, and DPO. During
SFT, we introduce a language-aware Prompt en-
coding mechanism to explicitly model the source
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language, target language, and their directed trans-
lation relationship, providing more effective con-
ditional information for different translation direc-
tions. Preliminary evaluations on representative in-
ternal test directions show that Xiaoyu-MT consis-
tently improves over the zero-shot baseline, demon-
strating the effectiveness of the proposed training
strategy. Furthermore, we perform inference on
the official WMT 2026 test set and submit the gen-
erated translations for official evaluation. The of-
ficial results show that Xiaoyu-MT achieves an
overall BLEU score of 34.73 and a COMET score
of 81.87, with a Throughput Rank of 5, a Through-
put Score of 3.5, a Quality Score of 58.30, and a
Final Result score of 61.80. These results demon-
strate the effectiveness of combining multi-stage
training with language-aware conditional modeling
for adapting large language models to multilingual
and low-resource machine translation scenarios.
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