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Abstract

Internet texts often contain rich format tags that
carry structural, semantic, and functional mean-
ing. However, current large language model
(LLM)-based translation systems struggle to
balance translation fluency with tag structure
preservation when processing tagged text. To
address this, we propose a tag-aware machine
translation optimization framework leveraging
LLM, which aims to simultaneously enhance
translation quality and preserve tag structures.
First, we design a hybrid synthesis tag strat-
egy to generate structurally complex and high-
quality tagged training data. We then introduce
a two-stage tag-aware training framework: in
the first stage, supervised fine-tuning is con-
ducted through multi-task learning to enable
the model to deeply understand tag seman-
tics and their scope; in the second stage, a
multi-reward mechanism is introduced for rein-
forcement learning, using fine-grained reward
functions to optimize translation adequacy and
tag preservation performance. For comprehen-
sive evaluation, we construct a multilingual tag
translation test set with complex tag structures
(to be open-sourced) and propose a comprehen-
sive evaluation metric. Experimental results
demonstrate that our method significantly out-
performs existing approaches in both transla-
tion quality and tag structure consistency.

1 Introduction

In the context of deep integration between global-
ization and the internet, cross-lingual information
exchange is becoming increasingly frequent. Web
pages, documents, and various other forms of on-
line content widely adopt structured tags such as
HTML. These tags not only control the presen-
tation format of text but also carry rich semantic
connotations and functional value. During machine
translation (Vaswani et al., 2017; Sutskever et al.,
2014), if such tags are not properly handled, it can
easily lead to formatting chaos and may further
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Figure 1: Our LLM-Enhanced tag-aware translation vs.
plain SFT: A Comparison of Detag and Tag Translation
Modes in English-Chinese machine Translation.

cause semantic distortion and functional failure,
thereby compromising the accuracy of information
delivery and the ultimate user experience.
Although large language models (LLMs) (Tou-
vron et al., 2023; Bai et al., 2023; DeepSeek-Al,
2024) make significant progress in translating un-
tagged text, they still face considerable challenges
when handling tagged text. As shown in Figure
1, after supervised fine-tuning (SFT) (Dong et al.,
2024) on untagged data (Plain SFT), LLMs not
only exhibit low consistency in tag structure but
also a decline in translation quality when directly
translating tagged text. Therefore, tag-aware trans-
lation for LLMs are highly significant to explore.
Before the rise of LLMs, tag-aware transla-
tion primarily relied on two approaches: one is
the detag-and-project method (Joanis et al., 2013;
Miiller, 2017; Zenkel et al., 2021), which involves
removing tags from the source text for translation
and then mapping source-language tags to the trans-
lated text based on alignment. This method sep-
arates the translation process from tag handling,
making it prone to error propagation and leading
to semantic misalignment between tags and trans-
lations or structural nesting issues. The other is



the masked tag training method (Hanneman and
Dinu, 2020; Elshin et al., 2024), which involves
normalizing tags to incorporate them into the trans-
lation process. However, due to the sparsity of tags
in training data, the effectiveness of normalization
remains limited.

With the development of LLMs, related studies
(Dabre et al., 2023) have begun to introduce tagged
bilingual sentence pairs as few-shot example to
aid translation. Although such methods are rela-
tively easy to implement, their effectiveness still
falls short of training models directly on tagged
data. Other studies (Dabre et al., 2024; Ryu et al.,
2022) have leveraged phrase alignment techniques
or utilized LLMs to automatically add tags to un-
tagged bilingual texts, thereby constructing tagged
bilingual training data to enhance translation model
capabilities. However, the lack of diversity in syn-
thetic data makes it challenging for models to ef-
fectively handle complex and varied tag structures.
Overall, existing methods remain crude in data syn-
thesis and lack systematic modeling and optimiza-
tion for tag-aware training.

To address this, we propose a LLM-based tag-
aware translation method. This method integrates
a hybrid tag synthesis strategy with a two-stage
training pipline, aiming to enable LLM not only
to perform text translation but also to deeply un-
derstand the functional intent behind tags, thereby
achieving accurate and flexible semantic and func-
tional conversion in the target language.

2 Method

As shown in Figure 2, our proposed method con-
sists of two parts: hybrid synthetic tag and two-
stage tag-aware training.
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Figure 2: Our Proposed Tag-Aware Translation Method.

2.1 Hybrid Synthetic Tag

Tagged bilingual data serves as the foundation for
tag-aware training, but such data is often scarce and
requires synthesis. A common practice involves
leveraging abundant bilingual data and injecting
tags into it. Currently, there are two mainstream
methods for synthesizing tags:
Phrase Alignment-Based Synthesis Tag (AST)
(Ryu et al., 2022): First, bilingual word alignment
is obtained using alignment tools, then expanded
into phrase alignment. Finally, tags are sampled
from a predefined set and wrapped around ran-
domly selected aligned phrase pairs in the source
and target languages.
LLM-based Synthesis Tag (LST) (Dabre et al.,
2024): Using a few tagged examples as prompts,
LLM can be guided to directly generate tagged
bilingual sentence pairs from untagged ones.
However, both existing methods have limitations:
AST tends to produce unnatural phrase structures
due to random tag insertion, while LST, although
capable of selecting more natural insertion posi-
tions, remains constrained by alignment with the
target side, resulting in relatively rigid generated
data that affects model generalization. To address
these issues, we propose the following enhanced
methods based on LLM:
Two-Stage LLM-based Synthesis Tag (LST-2S):
LST-2S method comprises two stages. In the first
stage, guided by a small set of examples, LLM is
prompted to sample tags from a predefined set and
insert them randomly into the source text, with-
out imposing alignment constraints with the target,
thereby enriching structural diversity. In the sec-
ond stage, the original bilingual text is used as con-
textual guidance for LLM to translate the tagged
source text into corresponding tagged target text.
This allows flexible adaptation of sentence struc-
tures, improving expressiveness and naturalness.
Figure 3 shows examples of synthesis tag using
different methods on English-Chinese (en2zh).
Hybrid LLM-based Synthesis Tag (Hy-LST): To
address potential translation quality degradation in
LST-2S, we further propose a hybrid strategy that
integrates LST with LST-2S, aiming to balance
translation quality with tag structural diversity.

2.2 Two-Stage Tag-Aware Training

Tag-aware training enhances the translation of
tagged texts by fine-tuning a general LLM on
tagged bilingual data. The process begins with



Source: The project deadline was missed by the team.

Torget:  EINEIE 7 IRE LD,

randomly add tags to the source and target.

l Based on phase alignment information,

Tagged Source: <b>The project deadline</b> was <i>missed</i> by <u>the team</u>.

Tagged Target: <u>BIPA</u><i>§id</i>T7<b>IRE&LEAHE</b>,

AST example
Source: The project deadline was missed by the team. Source: The project deadline was missed by the team.
Target: BIRASHIS T REELEAR. Target:  FIPASHIS TIRE# LR,
Based on few-shot examples, use LLM to Stage 1: based on few-shot examples, use
randomly add tags to the source and target. LLM to randomly add tags to the source.
Tagged Source:  The project <ph>deadline was missed by the team</ph>.

Tagged Source: <b><i>The project deadline</i> was missed</b> by <u>the team</u>.

Tagged Target: <u>BlPA</u><b>$8i3 T <i-IREA&ELL Bl </i></b>,

LST example

Stage 2: based on the source and target, use LLM
to translate the tagged source into tagged target .
Tagged Target: B <ph>E L HEREEIPATEIL T </ph>,

Our LST-2S example

Figure 3: Our method (LST-2S) vs. existing methods (AST and LST) for synthesizing en2zh tag examples.

SFT (Dong et al., 2024), which enables the model
to properly process tagged text. For better per-
formance, we propose a two-stage training strat-
egy, consisting of multi-task SFT followed by
multi-reward Group Relative Policy Optimization
(GRPO) (Shao et al., 2024).

2.2.1 Multi-Task SFT

As shown in Figure 4, during the multi-task SFT
stage, following the design concept of decoupling
and reconstruction, we decompose the tag-aware
translation task into four progressively advanced
training tasks, aiming to enable the model to fully
master the ability to translate tagged text. The
specific task definitions are as follows:

TASK1 Prompt:
Translate the following untagged sentence from {source_lang} to {target_lang}.
untagged {source_lang}: {source_sentence}

untagged {target_sentence}:

TASK2 Prompt:

Translate the following tagged sentence from {source_lang} to {target lang}.
tagged {source_lang}: {tagged source_sentence}

tagged {target_sentence}:

TASK3 Prompt:

Reference the untagged {source_lang} sentence, translate the following tagged
sentence from {source_lang} to {target_lang}.

untagged {source_lang}: {untagged source_sentence}

tagged {source_lang}: {tagged source_sentence}

tagged {target_sentence}:

TASK4 Prompt:

Reference the untagged {source_lang} and {target lang} sentence pair, translate
the following tagged sentence from {source_lang} to {target_lang}.

untagged {source_lang}: {untagged_source_sentence}

untagged {target lang}: {untagged target sentence}

tagged {source_lang}: {tagged_source_sentence}

tagged {target_sentence}:

Figure 4: Prompt Design for Multi-task SFT.

Untagged Translation (Task1): Training is con-
ducted based on untagged bilingual parallel data,
aiming to establish fluent semantic mapping re-
lationships and build a foundational translation
framework for subsequent tasks.

Tagged Translation (Task2): Training utilizes
tagged bilingual data, introducing tags in the form
of special tokens. This enables the model to learn
to recognize the opening and closing structures of
tags, construct a tag vocabulary, and thus grasp the
basic usage patterns of tags in the text.

Tagged Translation with Untagged Source as
Context (Task3): Building on the tagged bilingual
data, untagged source language text is additionally
introduced as context to help the model understand
the semantic function and scope of tags.

Tagged Translation with Untagged Source and
Target as Context (Task4): Continuing with the
use of tagged bilingual data, both untagged source
language text and target language text are intro-
duced as context. This guides the model to ac-
curately insert tags in the translation and flexibly
adjust sentence structures based on the context.

2.2.2 Multi-Reward GRPO

After completing SFT, to further calibrate the
model’s tag-aware translation performance, we de-
sign three reward functions based on the GRPO re-
inforcement learning framework (Shao et al., 2024),
each assigned an identical weight coefficient, to
systematically improve the translation quality and
tag structure consistency of tagged texts. The defi-
nitions of each reward function are as follows:

Translation Quality Reward (R1): As shown
in Equation 1, we use COMET (Rei et al.,
2020, 2022a) as the reward function to evaluate
the overall translation quality after tag removal.
Here, srcdetag, Mtdetag and 7€ fetqq denote the
tag-removed versions of the source sentence, the



translated output, and the reference translation,
respectively. To mitigate overfitting, we adopt
COMET-20 during the GRPO training phase, and
switch to COMET-22 for the testing phase.

R = Comet20(srcdetaga mtdetuga refdetag) (1)

Tag Structure Consistency Reward (R2): As
shown in Equation 2, we assess the tag structure
consistency between the translation and the ref-
erence. Here, tags,,; denotes the tag set of the
translation, while tags,. s represents the tag set of
the reference. The reward R» takes a value of 1
only if the two sets are identical; otherwise, it is 0.

Ry =0 if tagsm; # tags,es else 1 2)

Tag-Scoped Translation Quality Reward (R3):
As shown in Formula 3, we evaluate the translation
quality of content within each tag pair using our
XML-IN-COMET. Here, N represents the total
number of tag pairs; src;, mt;, and ref; respec-
tively denote the source, translation and reference
within i-th tag pair. The reward R3 is the average
of the translation quality scores across all tag pairs.

R3 = mean({cometay(sre;, mt;, refi)}il\il) 3)

3 Experiment

3.1 Dataset

3.1.1 Open-source Dataset

The dataset serves as the foundation for the training
and evaluation of tag-aware translation tasks. Pre-
viously, Hashimoto et al. (Hashimoto et al., 2019)
constructed a high-quality multilingual dataset' for
structured document translation, which has now
become an open-source benchmark in this field.
Based on this, we select five translation directions
for our experiments: English to Chinese, Japanese,
German, French, and Russian.

Each translation direction contains approxi-
mately 100,000 training samples, along with 2,000
development set samples and 2,000 test set samples.
Since the references for the test set are not publicly
available, we use the development set as the test
set for evaluation. To avoid introducing model bias
due to duplication between training data and test
data, we deduplicate the source texts in the training
sets of all translation directions against the source
texts in each test set. Subsequently, we randomly

1h'ctps ://github.com/salesforce/
localization-xml-mt

select 2,000 samples from the training set of each
direction as the development set. Detailed data
statistics are shown in Table 1.

Dataset | en2zh en2ja en2de en2fr en2ru
Train 88611 90761 91333 91419 88983
Dev 2000 2000 2000 2000 2000
Test 2000 2000 2000 2000 2000

Table 1: Our extended localization-xml-mt dataset.

3.1.2 Extended Testset

Evaluation baselines for open-source datasets show
that both XML-ACC and XML-Match metrics ex-
ceed 99% on the original test set. On the surface,
the tag-aware translation task appears to require
no further optimization. However, analysis reveals
that only 27% of the original test set contains tags,
and 82% of those samples contain only 1-2 tag
pairs, indicating relatively low difficulty. To in-
crease the challenge of the test, we employ the LST
method to augment tags in the test set: first, we
manually construct three examples with added tags
for each translation direction; then, multiple LLMs
(Qwen-max (Bai et al., 2023), GPT-40 (Hurst et al.,
2024), and Claude-4) are called to randomly add
tags to the test set based on the provided exam-
ples; finally, qualified data are filtered based on
XML-MATCH and XML-IN-KIWI metrics (with
thresholds set at 100 and 80, respectively), while
samples that remain unqualified after multiple at-
tempts retain their original data. After expansion,
the proportion of samples containing tags signifi-
cantly increases from 27% to 97%, and the propor-
tion of samples with only 1-2 tag pairs drops from
82% to 44%, substantially enhancing the complex-
ity and reliability of the test set. To avoid conver-
gence in data distribution with the extended testset,
we use DeepSeek-v3 (DeepSeek-Al, 2024) when
synthesizing tagged training data with LLMs.

3.2 Evaluation Metrics

Our evaluation of tag-aware translation primar-
ily focuses on three aspects: translation quality,
tag structure consistency, and overall comprehen-
sive evaluation. Regarding translation quality, we
adopt BLEU (Papineni et al., 2002) and COMET
(Rei et al., 2022a) metrics to assess the translation
quality of pure text after tags are removed. For
tag structure consistency, we use XML-ACC and
XML-Match (Hashimoto et al., 2019) to measure
the correctness of the tags themselves in the trans-
lation, as well as their correspondence with the


https://github.com/salesforce/localization-xml-mt
https://github.com/salesforce/localization-xml-mt

tags in the source text. In terms of comprehensive
evaluation, early methods employed XML-BLEU
(Hashimoto et al., 2019), the basic idea of which is
to split the translation into multiple lines according
to tags and compute BLEU line by line.

However, when a translation contains multiple
tags, this method may lead to alignment deviations
due to tag misplacement, affecting evaluation accu-
racy. Therefore, we propose a simplified splitting
strategy: only extracting the text content between
each pair of tags to avoid alignment issues, and
then using BLEU to evaluate the quality of these
segments. We name this metric XML-IN-BLEU.
Furthermore, by replacing BLEU with COMET
or KIWI (Rei et al., 2022b), it can be extended
to XML-IN-COMET and XML-IN-KIWI to meet
more flexible evaluation needs. During the test-
ing phase, COMET calculations use COMET22 to
avoid overlap with the GRPO training phase.

3.3 Baselines

We choose Qwen2.5-7B-Instruct as the base LLM
to carry out experiments. Below are the comparison
baselines we build based on existing methods:
Prompt Baseline: We take tagged text as input and
perform translation by prompting the base LLM.
Few-shot Prompt Baseline: Based on LABSE se-
mantic similarity (Feng et al., 2022), we select the
three most similar source-target example sentences
from the training set for each test sentence to con-
struct few-shot translation examples, guiding the
base LLM to translate the tagged text.
Detag-and-project Baseline: We remove the tags
from the source language sentence and translate it
using the Plain SFT LLM, which is obtained by
supervised fine-tuning of the base LLM on tag-free
corpora. Then, we automatically extract bilingual
word-level alignment relations using the awesome-
align tool (Dou and Neubig, 2021), implemented
based on multilingual BERT (Wang et al., 2019).
Before processing, the text must be tokenized: En-
glish, French, German, and Russian are tokenized
using the Moses tokenizer?, Chinese using jieba®,
and Japanese using Mecab*. Finally, based on the
word alignment results, the tags are inserted into
corresponding positions in the translation using
Min-Max Tag Pair Projection(Zenkel et al., 2021).
Masked SFT Baseline: During the model training
phase, we replace the actual tags in the original

2https ://github.com/moses-smt/mosesdecoder
3https ://github.com/fxsjy/jieba
*https://github.com/SamuraiT/mecab-python3

tagged data with numbered Mask tokens for train-
ing; during the inference phase, we first replace
the tags in the input text with the corresponding
Mask tokens, and after the model generates the
translation results, we restore the Mask tokens in
the translation to the actual tags.

AST SFT Baseline: When synthesizing tagged
data using the AST method and then conducting
SFT training, the key is to extract matching phrase
pairs for each parallel sentence pair to build aligned
tagged data. The specific steps are as follows: first,
use the awesome-align tool to perform word-level
alignment on the bilingual data. Then, based on the
word alignment results, apply a phrase extraction al-
gorithm (Och et al., 1999) to obtain all phrase pairs
that comply with word alignment constraints. This
algorithm determines phrase-level correspondences
by enumerating all possible phrase combinations
consistent with the word alignment; a concrete im-
plementation can refer to the relevant algorithm in
the NLTK library (Bird and Loper, 2004). Finally,
for each sentence pair and its corresponding set
of phrase alignments (where the number of align-
ments typically far exceeds the number of words
in the sentences), we randomly select a subset of
aligned phrase pairs and wrap them with a tag to
synthesize the required tagged training data.

LST SFT Baseline: We use the LST method to
synthesize tagged data and then perform supervised
fine-tuning. Specifically, we select the Deepseek-
V3 model and manually create three few-shot ex-
amples per translation direction. These examples
guide the model in generating source and target
sentences with tags from sentences without tags.

3.4 Our Baselines

Besides existing methods, we also construct the
following two new LLM-based baselines:

LST-2S SFT Baseline: LST-2S SFT baseline and
LST SFT baseline both utilize synthetic tag data
generated from Deepseek-V3, but they differ in
their tag generation processes. LST-2S adopts a
two-stage synthetic tagging approach: first, we
manually create three few-shot examples per trans-
lation direction to instruct Deepseek-V3 in tagging
the source text; second, we prompt Deepseek-V3
to translate the tagged source text by referencing
the untagged source and target sentences.

Hy-LST SFT Baseline: Hy-LST SFT Baseline
improves model training effectiveness by integrat-
ing the advantages of both LST and LST-2S tag
synthesis methods. In the specific implementation,
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en2zh BLEU COMET XML-ACC XML-MATCH XML-IN-BLEU XML-IN-COMET | Avg.
Prompt 32.99 84.93 94.25 38.15 33.79 76.83 60.16
Few-shot Prompt 34.07 85.55 97.05 60.15 49.59 84.32 68.46
Detag-and-project 55.49 90.36 95.25 73.65 56.53 90.03 76.89
Masked SFT 55.84 90.99 99.85 79.30 77.01 94.02 82.84
AST SFT 55.70 90.75 99.15 80.70 75.44 93.94 82.61
LST SFT 57.16 91.33 99.95 85.10 78.22 94.48 84.37
LST-2S SFT 56.06 91.13 99.90 82.90 77.66 94.14 83.63
Hy-LST SFT 57.40 91.41 99.95 85.21 78.70 94.64 84.55
Multi-Task Hy-LST SFT | 59.66 91.76 99.95 85.00 79.93 94.94 85.21

+Multi-Reward GRPO | 60.22 91.98 100.00 86.25 80.16 95.10 85.62

Table 2: Evaluation results of different methods on the the en2zh ocalization-xml-mt extended testset.

untagged training data is equally divided into two
parts: one part utilizes the LST method, while the
other employs the LST-2S method. Finally, the two
parts of data are merged to train the base LLM.

3.5 Training Details

We report the implementation details and hyperpa-
rameter settings during the training phase.

3.5.1 SFT

We utilize Qwen2.5-7B-Instruct as the base model
and implement SFT and multi-task SFT training
based on the LlamaFactory framework (Zheng
et al., 2024). The specific configuration is as fol-
lows: we adopt LoRA (Gao et al., 2024) for fine-
tuning, with the rank set to 8, the scaling parameter
a setto 16, and all LoRA target modules are trained.
The LoRA dropout (Srivastava et al., 2014) is set
to 0.0. During training, the warmup (Fradkin et al.,
2010) ratio is set to 0.1, the learning rate scheduler
adopts a cosine annealing strategy (Liu, 2022), and
the learning rate is set to 1e-4. Gradient accumula-
tion is used to achieve an effective batch size of 32.
The model is trained for up to 3 epochs, with vali-
dation evaluation conducted after each epoch, and
the checkpoint with the lowest validation loss is se-
lected as the final optimal model. All experiments
are performed on 8 GPUs.

3.5.2 GRPO

We conduct Mutil-Reward GRPO training on the
model after SFT based on the Open-R1 framework
(Hugging Face, 2025). To improve training effi-
ciency, we choose Task2 as the training objective.
This is mainly because Task2 has a faster transla-
tion speed and shows minimal performance gaps
compared to other tasks after multi-task Hy-LST
SFT. The data amount used in this phase is approxi-
mately one-tenth of that used in the SFT stage. The
training is conducted in parallel across 8 GPUs:
one GPU is responsible for running the vLLM

(Kwon et al., 2023) inference engine to generate
7 candidate translations for each source text at a
temperature of 1.0, while the remaining 7 GPUs
handle the training tasks, each with a batch size
of 7 per card and an equivalent batch expansion
achieved through 4-step gradient accumulation.
To enhance memory and computational efficiency,
we employ the DeepSpeed (Rasley et al., 2020)
ZeRO3-offload optimization strategy along with
bfloat16 (Kalamkar et al., 2019) mixed-precision
training. The main training parameters are as fol-
lows: the learning rate is set to a relatively low
value of 1e-6, the scheduler adopts a cosine anneal-
ing strategy with a warm-up step count of 5% of
the total training steps, and the maximum sequence
length is limited to 4096 tokens. The reward signal
used for model updates is obtained by averaging the
outputs of three reward functions. We implement
an early stopping mechanism based on validation
loss: if the loss does not decrease over five consec-
utive evaluations, the training is terminated. Evalu-
ations and model checkpoint saving are performed
every 100 steps.

4 Result and Analysis

4.1 Main Results

Table 2 presents the results of of our tag-aware
method compared with existing baselines on en2zh,
while the results for the other four translation di-
rections are detailed in Appendix A. Among the
existing baseline methods, the LST SFT baseline
achieves the best overall performance. In our new
baseline approaches, limited by the quality of re-
generated translations during tag synthesis, the
LST-2S baseline fails to surpass the original LST
baseline. However, the Hybrid-LST SFT base-
line, obtained by mixing LST-2S with LST, out-
performs all existing baselines across nearly all
evaluation metrics. Furthermore, based on the
aforementioned Hybrid-LST data, our proposed



en2zh BLEU COMET XML-ACC XML-MATCH XML-IN-BLEU XML-IN-COMET | Avg.
Plain SFT 51.54 88.57 98.45 45.70 33.66 77.23 65.86
Clean SFT 5529  90.60 99.90 77.20 76.18 93.34 82.09
Masked SFT 55.84  90.99 99.85 79.30 77.01 94.02 82.84
AST SFT 55.70  90.75 99.15 80.70 75.44 93.94 82.61
LST SFT 57.16  91.33 99.95 85.10 78.22 94.48 84.37
LST-2S SFT 56.06 91.13 99.90 82.90 77.66 94.14 83.63
LST+LST-2S SFT 5740 9141 99.95 85.21 78.70 94.64 84.55
AST+LST-2S SFT 5645 91.15 99.90 82.60 71.73 94.20 83.67
AST+LST+LST-2S SFT | 57.30 91.42 100.00 84.40 78.56 94.72 84.40

Table 3: Results for the en2zh localization-xml-mt extended development set.

two-stage tag-aware training method (Multi-Task
SFT + Multi-Reward GRPO) achieves significant
performance improvements at each stage.

Translation Quality: BLEU and COMET are
used to evaluate translation quality of untagged
texts. Without extra training, Prompt and Few-
shot Prompt baselines perform far worse than other
SFT methods. The Detag-and-project baseline uses
a base SFT model trained on untagged data, rep-
resenting the basic SFT translation ability, with
BLEU and COMET scores of 55.49 and 90.36.
Applying Masked SFT and AST SFT improves
translation quality. Using LST SFT, LST-2S SFT,
and Hy-LST SFT brings even greater improvement.
Among all baselines, Hy-LST SFT achieves the
best results, with BLEU and COMET reaching
57.40 and 91.41. Adding two-stage tag-aware train-
ing further boosts performance, raising BLEU and
COMET to 60.22 and 91.98.

Tag Structure Consistency: XML-ACC measures
the accuracy of tag structures in translations. Most
baselines score above 99 here, showing that with
simple fine-tuning, LL.Ms rarely break tag struc-
tures when translating tagged text. XML-Match
evaluates how consistent tag structures are between
translations and source texts. The prompt-based
baseline performs worst in tag structure consis-
tency, with XML-Match around 38.15. The few-
shot prompt baseline improves significantly but
remains relatively low at 60.15. This indicates the
base LLM still struggle to keep tag structures con-
sistent between translations and sources. Among
existing baselines, this metric can be improved to
over 85.21. After two-stage tag-aware training,
XML-Match is further raised to 86.25.

Overall comprehensive evaluation: XML-IN-
BLEU and XML-IN-COMET assess translation
quality within each tag pair, evaluating both the
accuracy of tag scope and the quality of content
translation. Errors in either dimension result in
lower scores. Among all baselines, Hy-LST SFT

achieves the highest performance, with scores of
78.70 on XML-IN-BLEU and 94.64 on XML-IN-
COMET. Following two-stage tag-aware training,
these scores improve to 80.16 and 95.10, respec-
tively. The evaluation trends observed are consis-
tent with those from other metric categories, pro-
viding further validation of the assessment results.

4.2 Comparison with Tag Synthetic Methods

We compare different tag synthesis methods in SFT.
First, two baselines are introduced: Plain SFT uses
bilingual data with tags removed, while Clean SFT
retains original tag structures. We also explore
three hybrid tag synthesis approaches in Hybrid-
LST SFT: LST + LST-2S, AST + LST-2S, and
AST + LST + LST-2S. When synthesizing tag data
using mixed methods, we keep the total amount
of training data unchanged and only distribute the
data evenly across different synthesis approaches.

Results show that Plain SFT performs worst in
tag translation, with an average score of 65.86, due
to no tag information during training. Clean SFT
uses manually annotated tags, raising the average
score to 82.09. However, since tags occupy a lim-
ited proportion in the data, its performance does
not surpass other SFT methods that employ syn-
thetic tags. Msked SFT shows that normalizing
tags improves overall performance.

Among single-method baselines, LST SFT and
LST-2S SFT outperform AST SFT in tag trans-
lation, with LST SFT scoring highest at 84.37.
Among Hybrid-LST SFT methods, mixing LST
+ LST-2S works best, achieving 84.55 and surpass-
ing single-method baselines. The experimental re-
sults indicate that introducing tag data synthesized
by the AST method does not provide significant
performance gains for Hybrid-LST SFT.

4.3 Comparison with SFT Training Tasks

We employ the Hybrid-LST data and compare the
effects of multi-task joint training versus indepen-



en2zh BLEU COMET XML-ACC XML-MATCH XML-IN-BLEU XML-IN-COMET | Avg.
Taskl SFT 51.54  88.57 98.45 45.70 33.66 77.23 65.86
Task2 SFT 5740 91.41 99.95 85.21 78.70 94.64 84.55
Task3 SFT 58.02  91.58 100.00 85.10 79.19 94.70 84.77
Task1+Task4 SFT 59.39  91.79 99.90 85.40 80.13 94.78 85.23
Multi-Task SFT (Task1 MT) 57.63 91.40 - - - - -

Multi-Task SFT (Task2 MT) 59.66 91.76 99.95 85.00 79.93 94.94 85.21
Multi-Task SFT (Task3 MT) 60.16  91.92 100.00 85.65 79.95 94.96 85.44
Multi-Task SFT (Task1+Task4 MT) | 60.18  91.90 99.95 85.85 80.22 95.04 85.52

Table 4: Results for the en2zh localization-xml-mt extended development set.

en2zh BLEU COMET XML-ACC XML-MATCH XML-IN-BLEU XML-IN-COMET | Avg.
Multi-Task Hy-LST SFT | 59.66 91.76 99.95 85.00 79.93 94.94 85.21
+R1 GRPO 60.32 92.10 100.00 85.10 80.02 95.01 85.43
+R2 GRPO 59.72 91.81 100.00 86.34 80.03 95.03 85.49
+R3 GRPO 60.12 91.91 99.95 85.66 80.19 95.14 85.50
+Multi-Reward GRPO | 60.22 91.98 100.00 86.25 80.16 95.10 85.62

Table 5: Results for the en2zh localization-xml-mt extended development set.

dent training for each task during the SFT stage.
For the independent training of Task4, we addition-
ally incorporate data from Task1, as Task4 involves
a two-stage translation whose output depends on
the translation result of Task1 as input.

The experimental results show that Taskl,
trained solely on untagged bilingual data, performs
the worst. Task2, trained directly on tagged bilin-
gual data, achieves a significant performance im-
provement, with the average score increasing from
65.86 to 84.55. Task3 further introduces untagged
source text as context, leading to even better re-
sults, with the average score rising further to 84.77.
Meanwhile, Task4, which incorporates both un-
tagged source text and untagged translation as con-
text, demonstrates superior performance, with the
average score improving to 85.23.

Multi-task SFT enables mutual enhancement
among tasks, leading to further performance gains.
Additionally, the model obtained through multi-
task SFT supports multiple translation modes.
Among the three modes available for translating
tagged source text, we evaluate them accordingly:
compared to their independently trained counter-
parts, all three inference modes under multi-task
SFT show improved performance, with the gaps be-
tween them significantly narrowing. Among these,
the translation mode for Task2 achieves an average
score of 85.21, slightly lower than the other twos.

4.4 Comparison with GRPO Rewards

Based on the multi-task Hy-LST SFT LLM, we
further compare the effects of jointly using ver-
sus separately using three reward functions dur-
ing the GRPO training phase. Experimental re-
sults show that R1 function primarily improves

translation quality, with BLEU and COMET scores
reaching 60.32 and 92.10 respectively; R2 function
more significantly enhances tag structure consis-
tency, increasing the XML-MATCH score to 86.34;
while R3 function achieves better performance on
comprehensive evaluation metrics, with XML-IN-
BLEU and XML-IN-COMET reaching 80.19 and
95.14 respectively. Overall, using all three reward
functions together yields the best overall effect,
with the most notable improvement in the average
score, rising from 85.21 to 85.62.

5 Conclusion

This paper tackles the challenge of balancing trans-
lation fluency and tag structure consistency when
LLMs translate tagged texts. It proposes a com-
prehensive tag-aware machine translation optimiza-
tion method. By employing innovative data con-
struction and a systematic training framework, the
approach significantly improves translation in com-
plex tag scenarios. First, Hybrid-LST is designed
to address the scarcity of tagged bilingual data. Sec-
ond, a two-stage tag-aware training enhances the
model’s tag comprehension and conversion capa-
bilities. For evaluation, a multilingual test set with
complex tag structures and comprehensive met-
rics is constructed. Experiments show our method
outperforms existing baselines in both translation
quality and tag structure consistency, validating the
hybrid data strategy and two-stage training. This
work provides new insights for handling structured
text in machine translation. Future research may
extend the framework to other tag-based languages
(e.g., LaTeX and Markdown).



Limitations

Although the method proposed in this paper
achieves significant progress, it still has some limi-
tations. First, our method heavily relies on the data
synthesis and instruction-following capabilities of
large language models, and its performance ceiling
may be constrained by the performance and biases
of the underlying large language model itself. Sec-
ond, the experiments primarily focus on format tags
such as HTML tags in web pages; for tag types in-
volving more complex logic or dynamic functions,
the generalization ability of the method requires
further validation. Finally, although the constructed
evaluation dataset and improved evaluation metrics
are highly targeted, the tag scenarios they cover
remain limited. Future work should extend to more
complex real-world application scenarios for more
comprehensive validation.
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en2ja BLEU COMET XML-ACC XML-MATCH XML-IN-BLEU XML-IN-COMET | Avg.
Prompt 30.97 82.04 93.30 30.90 22.62 73.86 55.62
Few-shot Prompt 37.20 84.82 98.00 64.15 39.14 84.28 67.93
Detag-and-project 60.18 92.38 93.95 65.60 41.02 88.21 73.56
Masked SFT 60.22  92.79 99.80 73.85 68.81 93.84 81.55
AST SFT 59.97 92.27 99.15 73.45 67.82 93.67 81.06
LST SFT 62.24  93.06 100.00 81.45 71.58 94.79 83.85
LST-2S SFT 61.46 9297 99.90 77.50 70.66 94.21 82.78
Hy-LST SFT 6224  93.20 99.95 81.45 72.24 94.83 83.99
Multi-Task Hy-LST SFT | 65.23 93.61 100.00 83.50 75.01 95.20 85.43

+Multi-Reward GRPO | 65.62  93.76 99.95 83.75 75.88 95.47 85.74

Table 6: Evaluation results of different methods on the the en2ja ocalization-xml-mt extended testset.

en2de BLEU COMET XML-ACC XML-MATCH XML-IN-BLEU XML-IN-COMET | Avg.
Prompt 25.84 76.35 92.90 43.80 28.74 74.91 57.09
Few-shot Prompt 30.32 81.18 94.60 75.20 42.04 82.75 67.68
Detag-and-project 51.14 89.53 97.40 81.70 50.50 89.34 76.60
Masked SFT 48.46 88.73 99.40 87.00 63.65 90.75 79.67
AST SFT 48.45 88.62 99.25 86.85 62.92 90.41 79.42
LST SFT 52.73 89.53 100.00 91.55 67.87 92.74 82.40
LST-2S SFT 51.28 89.68 99.90 88.95 66.04 92.45 81.38
Hy-LST SFT 5291 89.65 100.00 92.00 68.17 92.74 82.58
Multi-Task Hy-LST SFT | 56.72 90.34 100.00 91.35 71.15 93.41 83.83

+Multi-Reward GRPO | 57.35 90.64 100.00 92.25 71.98 93.68 84.32

Table 7: Evaluation results of different methods on the the en2de ocalization-xml-mt extended testset.

en2fr BLEU COMET XML-ACC XML-MATCH XML-IN-BLEU XML-IN-COMET | Avg.
Prompt 36.89  80.81 92.05 46.05 33.32 74.06 60.53
Few-shot Prompt 43.73 81.41 96.40 71.65 47.31 82.15 70.44
Detag-and-project 65.05 89.98 97.90 86.20 61.37 88.84 81.56
Masked SFT 63.84  89.29 99.55 91.50 73.24 91.44 84.81
AST SFT 63.01 88.98 98.45 90.35 72.66 90.98 84.07
LST SFT 65.95 89.79 99.95 96.25 77.00 93.18 87.02
LST-2S SFT 65.73 89.9 100.00 94.35 76.89 92.88 86.63
Hy-LST SFT 66.43  90.04 99.95 95.90 77.21 93.29 87.14
Multi-Task Hy-LST SFT | 68.87  90.57 100.00 96.00 79.25 93.73 88.07

+Multi-Reward GRPO | 69.91  90.93 99.95 96.52 79.99 93.92 88.54

Table 8: Evaluation results of different methods on the the en2fr ocalization-xml-mt extended testset.

enZru BLEU COMET XML-ACC XML-MATCH XML-IN-BLEU XML-IN-COMET | Avg.
Prompt 24.32 80.99 93.30 54.25 23.55 71.66 58.01
Few-shot Prompt 27.58 82.43 96.60 66.05 33.41 77.55 63.94
Detag-and-project 44.45 90.02 96.05 80.10 44.83 86.60 73.68
Masked SFT 42.45 89.57 99.90 86.95 62.03 89.80 78.45
AST SFT 41.72 89.45 99.75 86.55 61.59 89.56 78.10
LST SFT 49.48 90.66 99.95 92.5 67.24 91.89 81.95
LST-2S SFT 46.42 90.54 100.00 90.20 65.28 91.31 80.63
Hy-LST SFT 49.82 90.81 99.95 92.55 68.04 91.85 82.17
Multi-Task Hy-LST SFT | 52.17 91.24 100.00 93.65 69.81 92.42 83.22

+Multi-Reward GRPO | 53.27 91.60 100.00 94.15 71.03 92.68 83.79

Table 9: Evaluation results of different methods on the the en2ru ocalization-xml-mt extended testset.
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