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Abstract

This study reports the details of the Entity-
Aware Machine Translation model proposed
by the YNU-HPCC team to participate in the
SemEval 2025, Task 2. The task focuses on
Entity-Aware Machine Translation (EA-MT) to
enhance the translation of sentences containing
challenging named entities. We investigated
traditional machine translation (MT) and large
language model (LLM)-based approaches, eval-
uating their performance using metrics such as
M-ETA, and COMET. We integrated a BERT-
based Named Entity Recognition (NER) mod-
ule for the traditional MT system. This ap-
proach is simple and intuitive, providing fast
performance for common NE categories while
achieving accuracy at the standard level. In
the LLM-based system, we leveraged multi-
ple LLMs and designed tailored prompts sup-
plemented with a few examples, to guide the
model in recognizing named entities. The sys-
tem effectively translated these entities with
high precision by incorporating contextual in-
formation from the rest of the sentence. A com-
parative evaluation of both methods aims to
provide insights for future research. More de-
tails can be found here.1

1 Introduction

The definition of named entities was first proposed
by Beth M. Sundheim in 1995 (Ide et al., 2003).
Named entities typically refer to entities in a text
that have a specific identity or name. In machine
translation tasks, named entities may be related to
language and cultural differences. The meaning
of the same named entity can vary significantly in
different contexts. The translation result may be un-
satisfactory if the model fails to correctly identify
potential named entities in a sentence and trans-
late them in the context. In the past, people used

1The code of this paper is available at:
https://github.com/skyfuryonline/SemEval2025_
task2_YNU-HPCC

methods such as regular matching, traditional ma-
chine learning models like SVM (Ju et al., 2011),
and context-dependent models like LSTM for trans-
lating sentences with named entities. This paper
proposes four methods, respectively, based on tradi-
tional machine translation models and LLM-based
models, aiming to improve the translation accuracy
of sentences with named entities and explore the
capabilities of LLMs.

This study proposes a local cache and online
retrieval-based method for translating sentences
containing named entities, which consists of two
modules. The NER module is primarily used to
accurately identify named entities in the sentence,
preparing for the subsequent translation task. The
translation module is mainly responsible for inte-
grating the NE translation results and translating
the entire sentence in context. Experimental re-
sults show that traditional MT models have speed
and deployment cost advantages, while LLM-based
models outperform translation accuracy and con-
textual coherence.

The rest of the paper is organized as follows:
First, our team propose four methods to improve
the performance of ea-mt based on the two mod-
ules mentioned above. Then we test them across
all ten languages. Finally, we will analyze the ex-
perimental results.

2 Related Work

Named Entity Recognition (NER) is a fundamen-
tal task in Natural Language Processing (NLP),
with applications in social media (Peng and Dredze,
2015), news (Vychegzhanin and Kotelnikov, 2019),
e-commerce (Vychegzhanin and Kotelnikov, 2019),
Nested Medical NER (Du et al., 2024) and other
fields. NER in the past was performed using meth-
ods such as regular expression matching, tradi-
tional machine learning models like Support Vec-
tor Machines (SVM), Conditional Random Fields
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(CRF) (Panchendrarajan and Amaresan, 2018),
Maximum Entropy models (MaxEnt) (Saha et al.,
2008), Recurrent Neural Networks (RNN) (Lyu
et al., 2017), and Long Short-Term Memory net-
works (LSTM). Although these methods were ef-
fective in specific domains, the training process
was cumbersome, and the ability to recognize con-
text remained weak. With the introduction of
Transformers and the emergence of various pre-
trained models (Liu et al., 2023), recent advance-
ments in pre-trained models, such as transformer-
based model in name entity recognition (Luo et al.,
2022), BERT (Ma et al., 2021), Tacl-BERT, and
Nezha (Wei et al., 2019), have significantly im-
proved NER performance. In SemEval 2022 Task
11 (Chen et al., 2022), impressive results were
achieved by two teams: one proposed a knowledge-
based NER system, while the other enhanced their
model’s performance by utilizing a gazetteer con-
structed from Wikidata. In SemEval 2023 Task
2 (Lu et al., 2023), one of the top-performing teams
approached NER as a sequence labeling problem.
These methods have performed well in their respec-
tive tasks and provided valuable insights for our
upcoming task.

3 System Description

This section introduces four methods implemented
in Task 2 (Conia et al., 2025) and analyzes how
each works.

3.1 Method 1: M2M-100 with BERT

The m2m-100 pre-trained translation model per-
forms the overall translation task in this ap-
proach (Fan et al., 2021). In contrast, a BERT
model pre-trained on the CoNLL-2003 Named
Entity Recognition dataset is used for named en-
tity recognition (Sang and De Meulder, 2003). A
named entity dictionary is maintained to identify
potential named entities in the prediction dataset
using the pre-trained model, and their correspond-
ing translations are retrieved from Wikidata.

Considering the model size, named entities in the
sentence may not be correctly truncated. Therefore,
the position information of each named entity is
recorded, and truncation is extended to the nearest
space, sentence start, or sentence end. Since poten-
tial parentheses, punctuation, numbers, and special
symbols may interfere with identifying named enti-
ties, a set of regular expression rules is also defined
to clean the entities. The recognized named entities’

corresponding translation information is searched
on Wikidata. Given the complex page information
in Wikidata and the tendency for similar entries
to point to the same meaning, a similarity algo-
rithm is used for filtering. The top 20 entries are
retrieved, and their similarity to the queried entity
is calculated. The number of statements and site
links are also considered to prevent interference
from similar entries. The highest similarity entry
translation is obtained by calculating a weighted
overall similarity. Before being translated by the
m2m-100 pre-trained model, the named entities are
replaced using a fixed-length sliding window, and
the result is input to the translation model to obtain
the final translation.

3.2 Method 2: Qwen2.5-32B with M2M-100

Considering the impact of BERT’s model size
on named entity recognition (NER) accuracy, the
NER module was replaced with the 32b Qwen
model. Prompts were carefully designed to guide
the model in identifying potential entities within
the sentence and returning them as a list (or None if
no entities were found). A set of examples, accom-
panied by step-by-step instructions, was provided
to facilitate the model’s understanding of the task.
The resulting output is then directly provided as in-
put to the m2m-100 model. Through these changes,
the average M-ETA score for each language im-
proved by 10 to 15 points.

However, since the translation task was based on
the m2m-100 model, the improvement in COMET
scores was limited. Furthermore, traditional MT
models may alter or re-translate named entities to
some extent, leading to potentially uncontrolled
results. Fine-tuning a machine translation (MT)
model on a given training dataset can help the
model memorize translation rules for named en-
tities to some extent. However, this approach has
two potential drawbacks: first, the overall transla-
tion ability of the model may decrease, as indicated
by a slight reduction in COMET scores for each
language; second, the model is limited to memo-
rizing the translation rules for named entities in
the training dataset and lacks strong generalization
ability, making it unable to handle unseen entities
or new translation scenarios.

3.3 Method 3: Qwen Ner and Translator

Considering the factors above, the Qwen model
replaced the m2m-100 translation model. The
Qwen-Max API from the Qwen series expanded
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Figure 1: The overview of the system architecture

the model’s parameters, enhancing its ability to
translate in context and maintain named entities
as required. Prompts were designed to guide the
model step by step using the stored named entity
dictionary to replace the entities in the sentence. A
few examples and explanations were provided to as-
sist the model in executing the task more effectively.
After the adjustments, the M-ETA score signifi-
cantly improved, while the comet score remained
stable. The approach utilized two LLMs from the
same series. It raises the question of whether a
single model could be used with different prompts
designed for various tasks.

In this method, the following considerations
were made: for the languages IT and TR, the model
underperformed on the comet metric, possibly due
to issues within the translation module. Similarly,
the model’s performance on the M-ETA metric was
suboptimal for TR and ZH-TW, likely stemming
from the named entity recognition module. It is be-
ing considered whether fine-tuning the correspond-
ing modules on specific languages can improve the
model’s performance for those languages.

3.4 Method 4: Qwen with Reason and Act

To further explore the capabilities of LLMs, the
combination of reasoning and execution abilities
in translation tasks involving named entities is in-
vestigated. It examines whether the model can
effectively handle unexpected situations, such as
the absence of corresponding translations in the
named entity dictionary, while enhancing human in-
terpretability and translation reliability. The ReAct
method (Yao et al., 2023), based on the LangChain

framework, is employed to implement the transla-
tion task.

In this method, the high generalization ability of
the LLM for translation tasks is validated. The
model can quickly understand the task require-
ments and sequentially generate the translation
steps by providing only a few examples in the sam-
ple. Especially when multiple potential named
entities are present in a sentence, the model first

ReAct(Reason + Act)

 ["I need to first recognize the named entities in the sentence"]Act 1: Think

Act 2:
Recognize the NE present in the sentence and return them in a 

list format.

Obs2: The named entities are stored in a list.

(What if the dictionary contains an inappropriate translation for NE?)

Obs2: The reply I received seems incorrect; I need to translate based on

 my knowledge."

......

 ["I now know the final answer."]Act x: Think

Act y: Finish "Final Answer": The final translation result.

Figure 2: Combining ReAct with LLM approach

identifies them and produces a list of named enti-
ties. It then uses a tool function to search for cor-
responding translations. If no translation is found
or the result is deemed unsatisfactory, the model
automatically calls a new tool function to search
for better matches. The model can theoretically
achieve more accurate named entity translation by
constructing a feasible tool function and providing
effective information sources.
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System ar_AE de_DE es_ES fr_FR it_IT ja_JP ko_KR th_TH tr_TR zh_TW Avg

Method 1 47.10 60.92 66.71 57.67 68.66 47.95 41.62 37.99 59.58 53.81 54.20
Method 2 75.23 71.54 76.09 76.19 70.09 75.78 72.52 69.51 70.00 71.88 72.88
Method 3 91.47 88.09 91.72 90.04 92.35 91.54 91.41 89.84 86.05 86.91 89.94
Method 4 89.38 86.62 90.12 89.22 91.13 89.27 90.48 88.68 83.87 85.51 88.43

Table 1: Results of different methods on the task across different languages. Language codes: Arabic (AR), German
(DE), Spanish (ES), French (FR), Italian (IT), Japanese (JA), Korean (KO), Thai (TH), Turkish (TR), and Chinese
(ZH).

ar_AE de_DE es_ES fr_FR it_IT ja_JP ko_KR th_TH tr_TR zh_TW Avg

System M C M C M C M C M C M C M C M C M C M C M C

Method 1 82.47 32.96 83.28 48.02 85.54 54.67 82.46 44.34 85.74 57.26 83.64 33.61 82.88 27.79 71.10 25.92 85.34 45.77 78.29 40.99 82.07 41.13
Method 2 91.06 64.09 88.24 60.16 87.57 67.27 91.41 65.31 75.51 65.40 92.47 64.19 91.84 59.92 90.65 56.37 88.64 57.84 91.54 59.17 88.89 61.97
Method 3 94.33 88.78 94.38 82.59 95.28 88.42 93.77 86.59 94.96 89.88 95.68 87.74 94.90 88.17 93.43 86.51 94.09 79.28 94.24 80.64 94.51 85.86
Method 4 93.78 85.33 94.21 80.17 94.69 85.97 93.47 85.34 94.31 88.15 94.29 84.76 93.12 87.99 92.76 84.94 93.27 76.19 94.12 78.35 93.80 83.72

Table 2: Results across languages with M-ETA (M) and Comet (C) scores. Language codes: Arabic (AR), German
(DE), Spanish (ES), French (FR), Italian (IT), Japanese (JA), Korean (KO), Thai (TH), Turkish (TR), and Chinese
(ZH).

4 Results and Analysis

4.1 Dataset

This section introduces the dataset used in Task
2, which consists of training data, validation data,
and predictions provided by GPT-4o and GPT-4o-
mini (Conia et al., 2024). Both the training and
validation datasets are provided in JSON format.
The training data covers six languages: Arabic
(ar), German (de), Spanish (es), French (fr), Italian
(it), and Japanese (ja). Each data entry includes
a unique ID, source language label (uniformly set
to English), target language label, source sentence,
target sentence, the source of the named entity,
and the Wikidata ID. Approximately 5,000 data
entries are provided for each language. In addition
to the six languages mentioned, the validation data
includes four additional languages: Korean (ko),
Thai (th), Turkish (tr), and Traditional Chinese (zh-
TW). Furthermore, each validation data entry in-
cludes all fields from the training data, along with
the named entity type (e.g., "Artwork," "Movie").
Each validation entry may contain multiple transla-
tion versions. While the scale of validation data for
each language is relatively small, it exhibits high
diversity in language types and task complexity.

4.2 Evaluation Metrics

This section primarily introduces the evaluation
metrics used in Task 2, which assess the translation
of named entities (NER) and the overall sentence
translation. The final evaluation formula is shown
in Equation 2.

English Sentence: I watched the TV series  'Breaking Bad' last week.

Chinese Sentence: 我上周看了电视剧《绝命毒师》

Who is the author of the book English Sentence: The Prize: The Epic Quest for Oil, Money, and Power?

Japanese Sentence: という本の著者は誰ですか?石油の世紀 - 支配者たちの興亡（上下）

English Sentence: I watched the movie ' The Shawshank Redemption ' last night.

French Sentence: J'ai regardé le film ' Les Évadés ' hier soir.

Figure 3: Example sentences from dataset

4.2.1 COMET
COMET (Cross-lingual Optimized Metric for Eval-
uation of Translation) is a metric used to evaluate
the quality of machine translation systems. It is
based on comparing the output of a machine trans-
lation system to the output of a human translation
system. COMET uses a pre-trained model to gener-
ate a score for each translation, which is then used
to evaluate the quality of the translation.

Sim = 0.2 ∗N + 0.3 ∗M + 0.5 ∗K (1)

4.2.2 M-ETA
M-ETA (Manual Entity Translation Accuracy) is
a metric used to evaluate the accuracy of entity
translation in machine translation systems. At a
high level, given a set of gold entity translations
and predicted entity translations, M-ETA computes
the proportion of correctly translated entities in the
predicted entity translations.

4.2.3 Overall Score
The final evaluation score will be the harmonic
mean of the two scores, i.e.:

overall = 2 ∗ M − ETA ∗ COMET

M − ETA+ COMET
(2)
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Figure 4: Our four methods compared with the Top-1.

4.3 Implementation Details
This section primarily discusses the details of the
implementation of the parameters. When calculat-
ing the weighted similarity, experiments showed
that the most accurate results and the highest M-
ETA score were achieved when the statements, site
links,and string ontology similarity weights were
set to 0.2, 0.3, and 0.5, respectively. As shown
in Formula 1, where N represents the number of
statements, M represents the number of site links,
and K represents the similarity calculated between
two named entity strings using the Levenshtein Dis-
tance algorithm. In the regularization and cleaning
of named entities, the focus is on potential brackets,
excess punctuation, and special characters, without
altering their character encoding (since languages
like Arabic and Chinese may have multiple writing
systems, the original version is retained without
modification). In the named entity recognition sec-
tion, the Qwen model does not involve temperature
or top-p parameters adjustments. In the MT transla-
tion section, multiple experiments showed that set-
ting the temperature parameter to 0.75 resulted in
stable M-ETA values while maximizing the comet
score.

5 Results

In the SemEval 2025 Task 2: EA-MT, the sys-
tem performed translations for all 10 languages.
The model ranked fifth without using Wikidata IDs
or information, fifth without RAG, and seventh
without fine-tuning. The final overall ranking was
11th. As shown in Table 1, the final scores for each
language were presented for the four methods. It
can be observed that the method combining two
LLM models achieved the best result. Although the
React method, implemented using the LangChain
framework, yielded slightly lower results, it sig-
nificantly increased human interpretability and the

Average across all languages

System M-ETA Comet Overall

Method 1 41.133 82.074 54.081
Method 2 61.972 88.893 73.031
Method 3 85.860 94.506 89.976
Method 4 83.719 93.802 88.474

Table 3: Results of four methods on the task.

credibility of the outcomes, facilitating subsequent
debugging and improvement. The COMET and M-
ETA and overall scores for each method are shown
in Table 3. The details of each language are shown
in the Table 1 and Table 2.

6 Conclusion

This study implements four methods for accurately
translating sentences containing named entities in
this shared task. A translation method based on tra-
ditional MT models was developed, offering speed,
ease of deployment, and a certain level of named
entity recognition. Multiple LLMs were combined
for models based on LLMs, focusing on named
entity recognition and translation. A named entity
dictionary was utilized to improve the translation
accuracy of entities. Additionally, the LangChain
framework was used to test the performance of
LLMs in generating reasoning trajectories and task-
specific actions in the translation of named enti-
ties. Our experiments show that, with an additional
named entity dictionary, LLMs can be effectively
used for cross-lingual content translation involving
unknown or complex named entities. For future
work, the tool functions in LangChain to assist
LLMs in translation, and it is expected that fine-
tuning and RAG techniques will be combined to
enhance the performance of LLMs in EA-MT fur-
ther.
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