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Abstract

This paper presents an entity-aware machine
translation system that significantly improves
named entity translation by integrating exter-
nal knowledge from Wikidata with Large Lan-
guage Models (LLMs). While LLMs demon-
strate strong general translation capabilities,
they struggle with named entities that require
specific cultural or domain knowledge. We ad-
dress this challenge through two approaches:
retrieving multilingual entity representations
using gold Wikidata IDs, and employing Relik,
an information extraction tool, to automatically
detect and link entities without gold annota-
tions. Experiments across multiple language
pairs show our system outperforms baselines
by up to 63 percentage points in entity trans-
lation accuracy (m-ETA) while maintaining
high overall translation quality. Our approach
ranked 3rd overall and 1st among non-finetuned
systems on the SemEval-2025 Task 2 leader-
board. Additionally, we introduced language-
specific post-processing further enhances per-
formance, particularly for Traditional Chinese
translations.

1 Introduction

Machine translation (MT) has witnessed remark-
able advancements in recent years, largely driven
by neural approaches and, more recently, large
language models (LLMs). Despite these improve-
ments, the accurate translation of named entities
remains a significant challenge.

Named entities—proper names referring to peo-
ple, famous landmarks, and cultural artifacts,
which often require specialized handling that goes
beyond standard translation procedures. The chal-
lenge of named entity translation is multifaceted.
Many entities demand specific localized forms in
the target language (e.g., country names, famous
landmarks). Some entities, particularly those re-
lating to cultural artifacts like books, movies, and

products, may have official translations or estab-
lished conventions in target languages that must be
adhered to for accurate communication.

Traditional MT systems typically struggle with
named entities for several reasons. First, named en-
tities are often rare in training data, leading to poor
representation in the model’s parameters. Second,
ambiguity in entity references frequently requires
contextual or world knowledge to resolve correctly.
Third, domain-specific or culturally-specific enti-
ties demand specialized knowledge that general
MT systems may lack.

These challenges become even more pronounced
when translating between languages with different
writing systems or culturally distant contexts. For
instance, translating English entity names into lan-
guages like Chinese, Japanese, or Arabic involves
not just semantic transfer but also phonetic adapta-
tion and cultural localization.

To address these challenges, we explore how
LLMs can be enhanced with external knowledge
to better handle these challenging cases. Our ap-
proaches leverage Wikidata as an external knowl-
edge source and demonstrate significant improve-
ments in both entity translation accuracy and over-
all translation quality. Our main contributions are
as follows:

* We establish baseline performance for entity-
aware translation using state-of-the-art LLMs
(Qwen-Plus, Qwen-Max, and GPT-40-mini)
with simple prompting strategies

* We propose a novel approach using gold Wiki-
data ID to retrieve multilingual entity infor-
mation before translation, and leverage these
information to guide the translation

* We develop a more practical approach using
Relik (Orlando et al., 2024), an information
extraction tool, to automatically identify en-
tities and retrieve their multilingual represen-
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tations without relying on gold entity annota-
tions

* We implement language-specific post-
processing techniques to address issues such
as simplified/traditional Chinese character
conversion

2 Related Work

The challenge of translating named entities has
been a longstanding issue in machine translation
research. Our work addresses the task introduced
by (Conia et al., 2025) in SemEval-2025 Task 2,
which highlights the limitations of existing transla-
tion models in handling named entities that require
more than literal translation.

Previous work by (Conia et al., 2024) estab-
lished the foundation for this task by demonstrat-
ing the effectiveness of retrieval-augmented gener-
ation (RAG) from multilingual knowledge graphs.
While (Zhao et al., 2020) showed promising re-
sults with knowledge-enhanced translation in the
biomedical domain, such approaches often struggle
to generalize beyond specific domains to broader
translation scenarios.

The recent emergence of LLM offers a potential
solution to these generalization challenges. (Zhu
et al., 2024) demonstrated impressive zero-shot
translation abilities with LLMs, while (Zhang et al.,
2023) and (Guo et al., 2024) explored various
prompting strategies to enhance their translation
quality. These models show particular promise for
low-resource language pairs (Dai et al., 2025) and
challenging linguistic phenomena (Nicholas and
Bhatia, 2023). Despite these advances, (Guerreiro
et al., 2023) identified that LLMs remain prone to
hallucinations when translating entities they have
limited knowledge of, highlighting the need for
augmentation with external knowledge sources.

To effectively integrate external knowledge, ro-
bust entity recognition and linking capabilities are
essential. Existing systems like BLINK (Wu et al.,
2020), GENRE (De Cao et al., 2020), and cross-
lingual approaches (Botha et al., 2020) provide
valuable capabilities but often require significant
computational resources. Our work overcomes
these constraints by leveraging ReLiK (Orlando
et al., 2024), which provide en efficient method for
identifying entities in text and connecting them to
knowledge graph entries.

Our work builds upon these foundations, combin-
ing the strengths of LLMs with external knowledge

retrieval to address the specific challenges of entity-
aware machine translation. By leveraging tools like
ReLiK for entity detection and Wikidata for multi-
lingual entity information, we create a system that
significantly improves named entity translation.

3 System Description

This section describes our entity-aware machine
translation approach, which enhances LLMs with
external knowledge to improve translation of sen-
tences containing named entities.

3.1 Baseline Systems

We conducted experiments using three pre-trained
LLMs: Qwen-plus, Qwen-max, and GPT-40-mini.
Our initial baseline used minimal prompting, in-
structing the model to translate from source to tar-
get language with a simple system prompt without
any inspiration of entity information.

In particular, we noticed that the dataset we are
worked with is composed of questions, so we im-
plemented a second baseline with a more explicit
prompt to address cases where models attempted to
answer questions rather than translate them. This
explicit identification of the sentence improved task
adherence but did not resolve the fundamental chal-
lenge of entity translation.

3.2 Entity-Enhanced Translation

To overcome the limitations in entity translation,
we developed two approaches that incorporate ex-
ternal knowledge:

Gold Entity Knowledge Integration. Our first
approach leverages gold Wikidata IDs provided
in the dataset. First we query the Wikidata API
to retrieve entity names in both source and target
languages, and enhance the translation prompt by
including these entity mappings. Then let LLMs
translate sentences with explicit knowledge of the
correct entity representations. This approach signif-
icantly improves translation accuracy and overall
translation quality.

Automatic Entity Detection and Knowledge Re-
trieval. However, gold entity annotations are im-
practical in real-world scenarios, so we further de-
veloped an approach free the system from gold en-
tity annotations. We employ Relik (Orlando et al.,
2024), an information extraction tool, to identify
potential named entities in the source text. For
each detected entity, we query Wikidata to retrieve
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corresponding entity names in both source and tar-
get languages. These automatically retrieved en-
tity mappings are integrated into the translation
prompt to guide LLMs during the translation pro-
cess. While this approach does not achieve the
same level of accuracy as using gold entity data, it
significantly outperforms baselines and represents
a practical solution for real-world applications.

3.3 Post-Processing for Language-Specific
Challenges

For Traditional Chinese (zh-TW) translations, we
implemented a targeted post-processing step us-
ing the zhcony tool to convert any Simplified Chi-
nese characters in the output to Traditional Chinese.
This addresses the common issue where LLMs pro-
duce mixed character sets despite instructions to
use Traditional Chinese.

3.4 System Components

Our entity-aware translation system integrates the
following key components:

 Pre-trained LLMs: Qwen-plus, Qwen-max,
and GPT-40-mini

* Relik for entity extraction and linking to Wiki-
data

* Wikidata API for cross-lingual entity name
retrieval

e zhcony for Traditional Chinese character con-
version

The prompt templates and detailed examples of
entity-enhanced prompts are provided in the Ap-
pendix. We proposed a novel approach to integrat-
ing external knowledge into LLM-based transla-
tion, specifically targeting the challenging problem
of entity translation across languages.

4 Results and Analysis

In this section, we present our experimental results
on the entity-aware machine translation task, com-
paring our system against baselines and analyzing
factors affecting translation quality and entity han-
dling across different settings.

4.1 Main Results

Table 1 summarizes the performance of our sys-
tems evaluated on m-ETA (entity translation accu-
racy), COMET (Rei et al., 2020) (overall transla-
tion quality), and the overall score (harmonic mean
of m-ETA and COMET).

Average across all languages

System M-ETA COMET Overall
GPT-40-mini 0.317 0.903 0.469
GPT-40-mini-relik 0.724 0.931 0.815
GPT-40-mini-gold 0.851 0.943 0.895
Qwen-plus 0.257 0.879 0.398
Qwen-plus-relik 0.728 0.922 0.814
Qwen-plus-gold 0.880 0.940 0.909
Qwen-max-relik 0.713 0.928 0.806
Qwen-max-gold 0.883 0.947 0.914
Our system-relik 0.714 0.928 0.807
Our system-gold 0.890 0.948 0.917

Table 1: Performance comparison of different system
configurations on the entity-aware translation task. Sys-
tems with "-relik" use automatic entity detection, while
"-gold" systems use gold Wikidata entity information.

Our experiments reveal a clear performance gap
between baseline LLMs without entity knowledge
and our enhanced approaches. Without external
entity information, models like GPT-40-mini and
Qwen-plus achieve m-ETA scores of only 0.317
and 0.257 respectively, confirming the difficulty
LLMs face in correctly translating named entities
using only their parametric knowledge.

Adding gold Wikidata entity information dramat-
ically improves performance, with m-ETA scores
increasing by approximately 60 percentage points
across all models. More importantly, our Relik-
based approach, which automatically identifies en-
tities without relying on gold annotations, achieves
m-ETA scores of 0.714-0.728, representing a prac-
tical solution for real-world scenarios.

Table 2 compares our systems with top per-
formers on the SemEval leaderboard. Our gold-
enhanced system ranked 3rd overall and achieved
the highest COMET score (94.76%) among all non-
finetuned systems. Notably, while not officially
submitted, our Relik-based system (71.35% m-
ETA, 92.82% COMET) would have outperformed
the best non-gold and non-finetuned system on the
leaderboard, demonstrating the effectiveness of our
approach in practical scenarios.

4.2 Impact of Entity Knowledge Integration

To understand how different levels of entity infor-
mation affect translation quality, we conducted a
controlled experiment using GPT-40-mini across
ten language pairs. We compared three conditions:
(1) no external entity information, (2) source lan-
guage entity information only, and (3) complete
entity information for both source and target lan-
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System Uses Gold Finetuned LLM Name m-ETA COMET Overall score Rank
Top System Yes Yes Qwen2.5 89.10%  94.74% 91.79% 1
Top Non-gold System No Yes GPT-40-mini  77.13%  91.81% 83.63% 17
Top Non-gold & Non-finetuned System No No Qwen2.5 68.24%  91.64% 78.17% 19
Ours-Gold(Top Non-finetuned System) Yes No Qwen2.5-max 88.95% 94.76% 91.74% 3
Ours-Relik No No Qwen2.5-max 71.35%  92.82% 80.68% -

Table 2: Comparison with top systems on the SemEval-2025 Task 2 leaderboard. Our Relik-based system was not

submitted to the official leaderboard.

Language w/o Info Source Info Full Info
EN-ZH 32.44% 33.30% 64.61%
EN-AR 25.53% 25.45% 91.18%
EN-DE 35.11% 35.57% 84.97%
EN-IT 36.19% 38.21% 91.72%
EN-JA 31.42% 33.48% 87.43%
EN-KO 30.76% 29.59% 86.32%
EN-ES 42.19% 45.05% 89.68%
EN-TH 13.05% 12.97% 89.79%
EN-TR 35.03% 35.14% 75.45%
EN-FR 34.86% 37.44% 89.53%
Average 31.66% 32.62% 85.07%

Table 3: Entity translation accuracy (m-ETA) with vary-
ing levels of external entity information across language
pairs. Language codes: Chinese (ZH), Arabic (AR),
German (DE), Italian (IT), Japanese (JA), Korean (KO),
Spanish (ES), Thai (TH), Turkish (TR), and French
(FR).

guages.

As shown in Table 3, providing only source lan-
guage entity information yields minimal improve-
ment (31.66% to 32.62% on average), suggesting
that recognizing the entity alone is insufficient. The
model requires the target language entity informa-
tion to perform accurate translation. When com-
plete entity information is provided, performance
improves dramatically across all language pairs,
with an average increase of over 53 percentage
points.

This pattern is particularly striking for language
pairs with significant linguistic distance from En-
glish. For Thai, m-ETA increases from 13.05%
to 89.79% when complete entity information is
provided, highlighting how critical external knowl-
edge is for translating entities into languages with
different writing systems or cultural contexts.

4.3 Handling Traditional Chinese

For Chinese translations, we observed that models
frequently produced a mixture of Simplified and
Traditional Chinese characters despite explicit in-
structions to generate Traditional Chinese. This
inconsistency significantly affected evaluation met-
rics when comparing against gold Traditional Chi-
nese references.

Table 4 demonstrates the effectiveness of our
post-processing approach using the zhiconv tool.
This simple yet effective step improved m-ETA
scores by approximately 6-16 percentage points
across all models, with the most significant im-
provement seen in GPT-40-mini (from 64.61% to
80.64%).

Interestingly, we also observed that without ad-
ditional entity information but with the same post-
processing step, LLMs generally performed better
when asked to translate into Simplified Chinese
rather than Traditional Chinese, suggesting a po-
tential bias in model training toward more widely
used character sets.

Systems w/o zhconv w zhconv
GPT-40-mini 64.61% 80.64%
Qwen2.5-plus 73.93% 80.51%
Qwen2.5-max 74.78% 80.76%

Table 4: Impact of post-processing to convert Simplified
to Traditional Chinese on m-ETA scores.

4.4 Additional Findings

Our experiments revealed several additional in-
sights about entity-aware translation:

Impact on Low-Resource Languages The ben-
efits of entity knowledge integration are particu-
larly pronounced for low-resource languages. For
instance, Thai showed one of the most dramatic
improvements (13.05% to 89.79%) when complete
entity information was provided. Similar trend can
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be find in Korean. Due to the scarcity of data,
LLM:s struggled more with low-resource languages
when no entity information was provided. However,
when we retrieved entity information using Relik or
gold annotations and provided entity information
to the model, the performance improved signifi-
cantly. In some cases, the performance for low-
resource languages surpassed that of rich-resource
languages like German, as shown in Table 3.This
suggests that external knowledge can effectively
compensate for limited training data in the model’s
parameters.

Task Comprehension Given that all sentences
in the dataset are questions, we found that explic-
itly indicating the sentence to be translated in the
prompt improved model performance. Without
this specification, models occasionally attempted
to answer the question rather than translate it, par-
ticularly in baseline configurations.

Prompt Language We explored whether prompt-
ing in the target language rather than English would
improve performance. Results showed minimal
and inconsistent effects across language pairs, sug-
gesting that the availability of external entity knowl-
edge is a much stronger determinant of perfor-
mance than the language of instruction.

These findings collectively underscore the impor-
tance of external knowledge integration for entity-
aware translation and highlight the effectiveness of
our proposed approaches in addressing this chal-
lenging aspect of machine translation.

5 Conclusion

We introduced an entity-aware machine transla-
tion system that improves the translation of named
entities by integrating external knowledge from
Wikidata. Using gold Wikidata IDs or the Relik
tool for automatic entity extraction, our approach
outperforms baseline models and ranks highly on
the official leaderboard. This demonstrates the ef-
fectiveness of incorporating external knowledge to
address the limitations of LLMs in handling named
entities during translation tasks.

This paper presented an effective approach to
entity-aware machine translation by enhancing
LLMs with external knowledge retrieval. We
demonstrated that while state-of-the-art LLMs pos-
sess impressive general translation capabilities,
they struggle significantly with named entity trans-
lation, particularly for culturally-specific entities or

those requiring specialized knowledge.

Our experimental results across multiple lan-
guage pairs confirm that integrating entity knowl-
edge from Wikidata substantially improves both
entity translation accuracy and overall translation
quality. The gold entity knowledge integration
approach achieved near-optimal performance (m-
ETA of 89.0%, COMET of 94.8%), ranking among
the top systems in the SemEval-2025 Task 2 com-
petition. More importantly, our practical Relik-
based approach, which automatically identifies and
links entities without requiring gold annotations,
achieved competitive results (m-ETA of 71.4%,
COMET of 92.8%) while being applicable to real-
world translation scenarios.

Analysis of our approach revealed several key
insights: (1) providing complete entity informa-
tion in both source and target languages is crucial
for accurate entity translation, (2) automatic en-
tity detection with knowledge retrieval is highly
effective for practical applications, and (3) targeted
post-processing for specific language challenges,
such as Traditional Chinese character conversion,
can yield substantial gains.

Our work contributes to the ongoing efforts to
make machine translation more reliable for real-
world scenarios where accurate handling of named
entities is essential for effective cross-cultural com-
munication.

Limitations

While our approach significantly improves entity-
aware machine translation, several limitations
should be acknowledged:

First, our system’s effectiveness is contingent
upon the quality and coverage of Wikidata. For low-
resource languages or specialized domains, Wiki-
data may lack comprehensive entity information or
accurate translations. Furthermore, as a dynamic
knowledge source that undergoes frequent updates,
Wikidata’s evolving nature may lead to inconsistent
translations of certain entities over time, potentially
affecting reproducibility.

Second, the Relik-based approach, though ef-
fective in practical scenarios, introduces potential
error propagation. Inaccuracies in entity detection
or linking to incorrect Wikidata entries directly im-
pact translation quality. Our analysis shows that
approximately 15-20% of translation errors with
the Relik approach stem from entity linking failures
rather than translation model limitations, detailed
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analysis can be find in Appendix.

Third, our post-processing solutions, such as
Chinese script conversion, introduce language-
specific complexity that doesn’t generalize well
across all language pairs. This approach requires
maintaining separate conversion pipelines for dif-
ferent writing systems, increasing implementation
complexity.

Finally, despite strong performance, our ap-
proach still requires multiple API calls to exter-
nal services for each sentence containing entities,
introducing latency that may be problematic for
real-time applications or high-volume translation
services.
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A Appendix A
A.1 Prompt Templates

This appendix provides the prompt templates used
in our experiments and examples of how they are
implemented for specific translation tasks.

A.1.1 Basic Baseline Prompt

Prompt-0 You are an expert translator.
Translate from {SOURCE_LANGUAGE} to
{target_language}.
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Only provide the translation without
explanations.
{sentence}

A.1.2 Enhanced Baseline Prompt (Explicitly
Identifying the Sentence)
Prompt-1
Translate from
{target_language}.
Only provide the translation without
explanations.
The sentence is: {sentence}

{SOURCE_LANGUAGE} to

A.1.3 Source Only Entity-Enhanced Prompts

Prompt-2 You are an expert translator.

Translate from
{target_language}.

Only provide the translation without
explanations.

The sentence contains an entity, and
its mention is provided.

If the mention is ‘Label not found’,

{SOURCE_LANGUAGE} to

translate the entire sentence on your own.

The sentence is: {source_text}
The mention is {source_title}

A.1.4 Full Entity-Enhanced Prompts

Prompt-3 You are an expert translator.

Translate from
{target_language}.

Only provide the translation without
explanations.

The sentence contains an entity. The
entity name is specified in both the
source and target languages. When you
translate the sentence, please use the

{SOURCE_LANGUAGE} to

specified mention in the target language.

If the mention is ‘Label not found’,
translate it it by yourself.

The sentence is: {source_text}

The entity in {SOURCE_LANGUAGE} is
{source_title}, in {target_language} is
{target_title}.

A.2 Examples of Language-Specific Prompts
A.2.1 Traditional Chinese Prompt
Prompt-4-zh N EHIFEHER - HiFE (&
BS) o HENRERES MR -

A FHEEER - BERAHERESMEE
mETYCEE - BEEA TR EEAAE
Fnn 5 PIRERITR K o IR B AR IR K
#&=’Label not found’ ° #5 H1THIEE -

You are an expert translator.

) : {source_text}
A E RS & {source_title} °
Y (288 ) FRIERS Z{target_title}

A.2.2 Japanese Prompt
Prompt-4-JA & 7 7= 133U 7-FE T4 . 3h
5HARICEIL TS Ax v Bl TIcEIO A
#RILTL FEn.

iz 74 7408H0DFEF. TV T4
FTAZBYRAFE LTy P EOHTIHESh
TWEd. Xaflds&E13. 2759 PET
TREShAEREFHAL S ZE W, 27y
P EODOF KA [Label not found] @&t -
B4 TEIL TS 2En

W : {source_text}

TDIT YT 4T 413 {source_title} T
94 .
HA T3 {target_title} T .

A.2.3 Italian Prompt

Prompt-4-IT Sei un traduttore esperto.

Traduci dall’inglese all’italiano.
Traduci solo la traduzione senza
spiegare.

Ci sono entita nella frase. Il

nome dell’entita €& specificato sia nella
lingua di origine che in quella di
destinazione. Quando traduci la frase,
usa la menzione specificata nella lingua
di destinazione. Se la menzione nella
lingua di destinazione & ’Label not
found’, traducila da solo.

Frase: {source_text}
inglese é {source_title}.

In italiano e {target_title}.

L’entita 1in

B Appendix B
B.1 Error Analysis

This appendix presents a detailed error analysis
of our system outputs, focusing on Qwen2.5-Max.
Through careful examination of translation errors,
particularly instances of entity mismatch, we iden-
tified three primary error categories:

» Wikidata-Dataset Misalignment: Despite
using gold Wikidata IDs provided in the
dataset, entity name retrieval sometimes pro-
duces translations that differ from the gold la-
bels. This discrepancy stems from Wikidata’s
continual updates since the dataset’s creation.
For example, the entity "Q1024181" (Pushkin
House) returns "# % 4:/2" in Chinese from
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current Wikidata, while the dataset’s gold la- Language Gold Relik  Missing

bel is " A 4 Z ZX"—a subtle but evaluation- Mismatch  Errors  Labels
affecting difference. EN-AR 8.23% 16.14%  11.08%
. o EN-ZH 1887%  1937%  11.93%

As shown in Table 5, these Wikidata-dataset EN-DE 12.92% 20.78%  10.79%
misalignments result in 10.8% errors on av- EN-IT 7.34%  21.56%  11.59%
| ith val . EN-JA 7.83% 20.16%  10.85%

€rage across languages, with values ranging EN-KO 8.85% 22.399% 16.92%
from 7.34% for Italian to 18.87% for Tradi- EN-ES 10.70% 18.79%  9.50%
tional Chinese. This represents an artificial EN-TH 8.56% 19.52%  15.09%
K P EN-TR 15.58% 17.77% 13.08%
evaluation penalty rather than a true transla- EN-FR 9.09% 21.17%  8.44%
tion error, as both forms may be valid trans- Average 10.80% 1994%  11.93%

lations. Further more, we observe that LLMs

can fix some small misalignments, because the  Table 5: Mismatch rates by error type across language
miss match rate dropped 1% after the LLMs  pairs.Language codes: Chinese (ZH), Arabic (AR), Ger-
translation. man (DE), Italian (IT), Japanese (JA), Korean (KO),
Spanish (ES), Thai (TH), Turkish (TR), and French
Relik Entity Retrieval Errors: When using  (FR).
Relik for automatic entity detection, the sys-
tem occasionally prioritizes prominent entities
over the actual target entities. For instance, in
"How does Jia Jing contribute to the overall
plot of Dream of the Red Chamber?", Relik
identifies the famous novel "Dream of the Red
Chamber" but misses the character "Jia Jing"
(the actual entity of interest).

exhibits notably higher error rates across all lan-
guage pairs, with an average difference of 16.93
percentage points. This gap demonstrates the sig-
nificant impact of accurate entity identification on
translation quality. It also illustrates the error prop-
agation from entity linking to the final translation

results.
This entity retrieval error challenge affects
approximately 19.94% target labels are miss Language Gold System  Relik System
match to the dataset label, as shown in Table 5. EN-AR 8.47% 23.91%
EN-ZH 25.22% 35.62%
* Missing Target Language Labels: In some EN-DE 14.06% 30.82%
-1 . . EN-IT 7.16% 25.60%
cases, Wikidata lacks a correspondlpg entity EN-JA 2.50% 26.10%
name in the target language. When this occurs, EN-KO 9.31% 28.39%
the system passes "Label not found" as the tar- EN-ES 9.74% 26.40%
. . . EN-TH 9.02% 30.40%
get label, leading to two typical outcomes: EN-TR 16.12% 30.90%
(1) the model produces a translation that mis- EN-FR 8.93% 28.64%
matches the gold label, or (2) the model re- Average 11.75% 18 .68%
tains the source language entity name untrans-
lated. Table 6: Error rates comparison between sys-

.1 . . tems.Language codes: Chinese (ZH), Arabic (AR), Ger-
As indicated in Table 5, when gold infor- " ialian (IT), Japanese (JA), Korean (KO),

mation provided, there is less than 1% in- g, pich (ES), Thai (TH), Turkish (TR), and French
stance missing target language labels, when  (pR).

retrive entity information uesing Relik, there
is 11.93% instance missing target language
labels.

Table 5 presents the miss match rate that due to
these error categories across language pairs. Our
analysis reveals substantial variation across lan-
guages, reflecting different challenges in entity han-
dling for each language pair.

Additionally, we compared the performance be-
tween our gold entity system and Relik-based sys-
tem. As shown in Table 6, the Relik-based system
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