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Abstract

Large Language Models (LLMs) demonstrate strong multilingual capabilities yet exhibit systematic cultural biases
that affect entity-aware machine translation. While external knowledge integration improves translation accuracy,
the extent of these benefits across varying degrees of cultural specificity remains unexplored. To fill this gap, we
propose a three-level cultural specificity classification and framework (Culturally Agnostic, Culturally Sensitive, and
Culturally Local Knowledge) to systematically analyze how cultural context affects entity translation difficulty and
the utility of external knowledge. Through experiments spanning 11 LLMs and 10 languages, we demonstrate that
external knowledge provides substantially greater improvements for culturally local entities (up to 70% in m-ETA)
compared to culturally agnostic ones. Our analysis reveals distinct behavioral patterns across model tiers: closed
and open-weight models show synergistic improvements in both entity accuracy and overall translation quality, while
open-data models struggle with instruction-following despite improved entity accuracy.

Keywords: Machine Translation, Multilinguality, Cultural Specificity

1. Introduction

Large Language Models (LLMs) have demon-
strated remarkable multilingual capabilities, yet they
exhibit systematic cultural biases that reflect un-
even knowledge across cultures. Recent bench-
marks reveal that LLMs perform significantly better
on globally prominent cultures than on underrepre-
sented ones (Myung et al., 2024; Chiu et al.; Cao
et al., 2023; Alhanai et al., 2025), often struggling
with local cultural knowledge even when queries are
posed in culturally appropriate languages (Etxaniz
et al., 2024). This imbalance largely stems from
skewed training data distributions: Western and
high-resource language content dominates large-
scale corpora, leaving models with limited paramet-
ric knowledge of culturally specific entities from less
represented regions (Arora et al., 2023).

These knowledge gaps create tangible chal-
lenges in generation tasks that require cultural un-
derstanding. Machine Translation (MT), increas-
ingly powered by LLMs, is particularly sensitive
to the correct interpretation of word meaning in
context. Prior work has shown that MT systems
struggle with lower-frequency word senses (Cam-
polungo et al., 2022; Martelli et al., 2025), and more
broadly that Word Sense Disambiguation becomes
significantly more difficult when models must re-
solve less common senses (Meconi et al., 2025).
This challenge becomes even more pronounced
when translating named entities that exhibit vary-
ing degrees of cultural specificity. While univer-
sally recognized entities tend to translate reliably
across languages, culturally embedded entities,
like traditional dishes, local festivals, regional land-

marks, or historical figures, pose substantial diffi-
culties (Budimir, 2025). Because such entities ap-
pear infrequently in training data, models are less
likely to have encountered them or their context-
dependent meanings, which increases the risk of
mistranslation or incorrect interpretation. We thus
need systematic methods to measure and address
these knowledge gaps.

We argue that entity-aware machine translation
(EA-MT) provides a systematic framework for study-
ing these cultural knowledge gaps. The task fo-
cuses on accurately translating named entities
within their sentential context (Conia et al., 2025).
Entities are particularly diagnostic of cultural knowl-
edge imbalances because they span a clear spec-
trum of cultural specificity: universally known enti-
ties like “United Nations” or “World Health Organi-
zation” are well represented across training data,
whereas culturally embedded entities such as re-
gional festivals, traditional dishes, or local historical
figures may appear predominantly in specific cul-
tural contexts. Integrating external knowledge from
multilingual knowledge bases like Wikidata has
proved capable of producing substantial improve-
ments in translation accuracy (Xu, 2025). How-
ever, two critical questions remain unanswered:
Do LLMs exhibit systematic behavioral differences
across varying levels of cultural specificity, and
does the benefit of external knowledge vary ac-
cordingly?

Cultural specificity has long been recognized in
translation studies, where culture-specific items
(CSls) have been extensively analyzed in terms of
translation strategies (Daghoughi and Hashemian,
2016). Recent MT research has begun address-
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ing this challenge: work on cultural MT has devel-
oped benchmarks and datasets focusing on cul-
turally embedded entities (Yao et al., 2024; Conia
et al., 2024). However, existing approaches treat
collected cultural entities uniformly without system-
atically distinguishing between different levels of
cultural embeddedness. For instance, a globally
recognized landmark like the “Eiffel Tower” and a
local temple known only in a specific prefecture
are both labeled as cultural entities, despite repre-
senting vastly different degrees of cultural speci-
ficity and likely requiring different levels of external
knowledge support. Meanwhile, traditional MT dif-
ficulty metrics focus on linguistic factors such as
sentence length, syntactic complexity, and word
rarity (Araghi and Palangkaraya, 2024; Lim et al.,
2024), which are largely culture-agnostic and do
not capture the cultural dimension of translation dif-
ficulty. However, no systematic framework exists to
categorize entities by their degree of cultural speci-
ficity and analyze how external knowledge benefits
vary across this continuum.

To address this gap, we argue that entities should
be understood through graduated levels of cultural
specificity rather than as binary categories of “cul-
tural” versus “non-cultural.” This multi-level per-
spective is critical because LLMs’ parametric knowl-
edge is not uniformly distributed: models trained
predominantly on high-resource languages and
general-domain text may possess sufficient knowl-
edge for universally recognized entities but progres-
sively lack cultural knowledge as entities become
more locally embedded. We operationalize this
through a three-level cultural specificity framework
that distinguishes between Culturally Agnostic, Cul-
turally Sensitive, and Culturally Local entities. We
hypothesize that external knowledge benefits will
increase systematically along this dimension, pro-
viding the greatest improvements for culturally local
entities where models’ internal knowledge is most
deficient. Our experiments across multiple models
and language pairs strongly support this hypothe-
sis.

We carry out entity-aware MT experiments span-
ning 10 languages and 11 LLMs, demonstrating
consistent improvements when integrating external
knowledge. To systematically understand these
benefits, we conduct an in-depth cultural specificity
analysis on two languages (Traditional Chinese
and ltalian), revealing that external knowledge pro-
vides substantially greater improvements for cultur-
ally local entities compared to culturally agnostic
ones. This systematic pattern holds across differ-
ent model sizes, though smaller models demon-
strate greater overall reliance on external knowl-
edge. Through extensive qualitative analysis on
Traditional Chinese and Italian, we uncover how
and why models exhibit distinct behavioral patterns

when handling entities at different cultural speci-
ficity levels. These findings reveal that cultural
specificity is a critical dimension for understanding
when external knowledge benefits entity transla-
tion, with important implications for designing more
culturally-aware MT systems.

In this paper we put forward the following contri-
butions:

» We propose a novel perspective on entity cul-
tural specificity and operationalize it through
a three-level annotation framework, providing
a systematic approach for analyzing how cul-
tural context affects translation difficulty and
the utility of external knowledge.

* We conduct the first comprehensive study
across several LLMs demonstrating that ex-
ternal knowledge benefits vary substantially
and systematically across the three-tier cul-
tural specificity.

» We release our cultural specificity annotations
to facilitate future research on culturally-aware
machine translation.

2. Related Work

Entity-Aware Machine Translation The accu-
rate translation of named entities has long been
recognized as a fundamental challenge in machine
translation, as these entities often require special-
ized handling beyond literal word-to-word transla-
tion. Multi-task training frameworks that jointly opti-
mize named entity recognition and machine trans-
lation objectives (Rikters and Miwa, 2024), and
end-to-end entity-aware systems incorporating en-
tity classifiers within encoders and decoders (Xie
et al., 2022), have demonstrated improved accu-
racy through architectural innovations. However,
these approaches do not systematically investi-
gate when and why external knowledge benefits
entity translation across varying degrees of cul-
tural specificity. The integration of external knowl-
edge sources has emerged as a complementary
paradigm. Knowledge graphs enhance seman-
tic feature extraction for rare entities and termi-
nological expressions (Zhang et al., 2023), and
have proven successful in question-answering sys-
tems where entity correctness is crucial (Srivas-
tava et al., 2023). With Large Language Models,
RAG-based frameworks using knowledge graphs
as non-parametric sources have achieved substan-
tial improvements through multi-task training that
teaches models to refine and utilize multilingual
knowledge (Wang et al., 2024). Our work ad-
dresses this gap by proposing a cultural specificity
framework that systematically categorizes entities

'Available at: Github/SapienzaNLP/cultural-ea-mt.
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and quantifies how external knowledge benefits
vary across this spectrum.

Cultural and Knowledge Biases in LLMs Re-
cent systematic evaluations across 107 countries
reveal that LLMs consistently align with West-
ern cultural values, especially those of English-
speaking and Protestant European countries, with
cultural distance from these reference points corre-
lating strongly with model misalignment (Tao et al.,
2024). This bias manifests across multiple dimen-
sions: LLMs struggle with non-Western cultural
nuances even when trained on the languages of
those non-Western cultures (Aksoy, 2025), exhibit
acute knowledge deficiencies for low-resource cul-
tures (Ochieng et al., 2024), show limited symbolic
diversity for non-Western regions (Li et al., 2024),
and fail at culturally-grounded reasoning tasks (Ce-
cilia Liu et al., 2024). These biases pose significant
challenges for entity-aware translation, where accu-
rate rendering of culturally-specific named entities
requires deep cultural knowledge that current LLMs
often lack. Our work directly addresses this gap
by systematically quantifying how cultural speci-
ficity affects translation quality and the degree of
external knowledge augmentation required. Unlike
previous approaches, which treat entities uniformly,
we demonstrate that knowledge integration ben-
efits vary substantially from culturally agnostic to
culturally local entities, and therefore provide a nu-
anced understanding of when and why external
knowledge proves most useful, with particular at-
tention to the interplay between model capabilities
and entity cultural specificity.

3. Cultural-Level Annotation

Entity-aware machine translation requires handling
entities with varying degrees of cultural specificity.
We hypothesize that both the benefit of external
knowledge and the difficulty of translation corre-
late with an entity’s cultural specificity. To test this
hypothesis, we develop a three-level annotation
scheme:

* Level 0 - Culturally Agnostic: Entities whose
recognition does not require cultural knowl-
edge. Bilingual speakers familiar with the
entity in their native language can recognize
it in another language through direct lexical
mapping. For instance, a native English
speaker familiar with "Introduction to Algo-
rithms" can identify "#{% 514" via composi-
tional transparency — i.e., "H{%"(Algorithms)
+ "518"(Introduction) without — knowing the
cultural background of the target language.

* Level 1 — Culturally Sensitive: Entities with
clear cultural origin but widely recognized inter-

nationally. Bilingual speakers familiar with the
entity in their native language may not directly
recognize it through its name in another lan-
guage, but can identify it by leveraging cultural
knowledge of both linguistic contexts. For in-
stance, a native English speaker familiar with
"the Forbidden City" may not immediately rec-
ognize "££%8" from lexical mapping alone,
but by connecting these cultural concepts "45"
(purple) signifying royalty, "Z%" (forbidden) de-
noting restriction, and "3" (city), the speaker
can deduce this refers to the correct entity,
which is China’s most famous ancient imperial
palace.

* Level 2 — Culturally Local: Entities requir-
ing deep local or insider cultural knowledge,
meaningful primarily within their own cultural
context. Bilingual speakers familiar with the
entity in their native language cannot recog-
nize it through its name in another language
without possessing insider cultural knowledge
typically unavailable to non-native speakers.
For instance, a native English speaker famil-
iar with the TV series "Love Like The Galaxy"
would not recognize "B KL, A FHiEHE"
without a deep understanding of Chinese lit-
erary culture, specifically the classical poetry
underlying "2 X AlI/=" (stars splendid in the
Milky Way) and "H F-2i&" (moon rising over
the vast sea), which form the poetic title that a
typical bilingual speaker would not be able to
connect to the English name.

4. Experimental Setup

4.1. Entity-Aware Machine Translation
Dataset

We build upon XCTranslate, the Entity-Aware Ma-
chine Translation dataset introduced by Conia et al.
(2024). Given a sentence s in English containing a
mention of an entity e, the task is to translate s into
a target language while adapting the name of e to
the target language in such a way as to preserve
the original meaning of the sentence.
Each input sample consists of:

* wikidata_id: the identifier of the entity e in
the input text.

* entity_types: the types of which entity e is
an instance (chosen from 14 available types,
reported in Table 9).

* source: the source text (in English).

* targets: a list of possible translations, each
containing the translated text in one of the 10
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target languages and, as a mention, the cor-
rect translation of the entity e in the target lan-
guage.

We translate from English into 10 languages us-
ing 7,278 samples from XCTranslate (over 700 sam-
ples per language). The target languages are clas-
sified into two tiers: German, Spanish, Chinese,
Italian, French, and Japanese (high-resource lan-
guages), and Korean, Turkish, Arabic, and Thai
(mid-resource languages). For our cultural analy-
sis, we further annotate the entities appearing in the
Italian and Chinese subsets, resulting in 306 and
267 annotated entities, respectively. We classify
each language tier based on its presence in NLP
resources related to Machine Translation, following
the rationale of Joshi et al. (2020). This catego-
rization helps highlight our findings more clearly by
separating results according to language resource
availability.

4.2. Models

We evaluate a diverse set of instruction-tuned
LLMs, organizing them into three categories based
on their openness and accessibility:

* (i) Closed Models: These models are acces-
sible exclusively through proprietary APls. We
include GPT-5-mini (OpenAl) (OpenAl et al.,
2024), Gemini-2.5-flash (Google) (Team et al.,
2025a), and Qwen-plus (Qwen et al., 2025).
Although Qwen-plus is derived from an open-
source base model, it is only accessible via an
API.

+ (i) Open-Weight Models: These models
release their weights, but their entire train-
ing pipeline remains closed, including infor-
mation about the data used. We evaluate
Gemma-3-4B (Team et al., 2025b), Llama-3.1-
8B (Grattafiori et al., 2024), and Qwen2.5-7B
(Qwen et al., 2025).

« (iii) Open-Data Models: These models exem-
plify full open-science practices, both model
weights and training data are publicly avail-
able, and the entire development pipeline is
documented. From this category, we include
Minerva-7B (Orlando et al., 2024b), Occiglot®
(both Occiglot-de-7B and Occiglot-eu-7B vari-
ants), EuroLLM-9B (Martins et al., 2025), and
Salamandra-7B (Gonzalez-Agirre et al., 2025).

4.3. Experimental prompt settings

To address the Entity-Aware Machine Translation
task, we define three different prompt strategies,
following the approach of Xu (2025):

2https://huggingface.co/occiglot

SYSTEM

You are an expert translator.
Translate from English to {tar-
get_language}. Only provide the
translation without explanations.

USER

sentence: {source_text}

Table 1: Prompt for Baseline setting.

+ Baseline: Simple prompt to perform the ma-
chine translation task, without external knowl-
edge.

« Relik: Extension of the Baseline prompt using
entity information automatically retrieved via
Relik (Orlando et al., 2024a), state-of-the-art
Entity Linking system, which identifies entities
and links them to Wikidata IDs in order to ob-
tain source and target language names.

» Gold: An extension of the baseline prompt,
enriched with Wikidata entity information re-
trieved using gold Wikidata IDs from the
XCTranslate benchmark, including entity
names in both the source and target lan-
guages.

In Table 1 we show the prompt used in the Base-
line setting, while in Table 2 we show the prompt
used in the Relik and Gold settings, which rely on
the same prompt structure.

The bold variables in the prompts shown in the
tables are placeholders for the input data and ex-
ternal knowledge.

4.4. Evaluation Metric

We rely on two different metrics to assess mod-
els’ outputs. We use COMET (Rei et al., 2020) as
an overall quality estimator metric, which is one
of the most widely used metrics for the Machine
Translation task. We also use m-ETA (mean Entity
Translation Accuracy) as our task-specific metric,
which directly measures whether entities are cor-
rectly translated through string matching.

5. Dataset Annotation

To enable our cultural study we annotate the
XCTranslate data using our three-tier annotation
scheme (see Section 3). We focus on two lan-
guages of XCTranslate’s entity set: Chinese and
ltalian. The annotation was performed by three
annotators: one native ltalian speaker and one na-
tive Chinese speaker from our research group, plus
one native Chinese-speaking PhD student from a
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SYSTEM

You are an expert translator.
Translate from English to {tar-
get_language}. Only provide the
translation without explanations.
There is an entity in the sentence,
the Wikipedia titles of the en-
tity in both source language and
target language are given. When
you translate the sentence, please
use the given mention in the tar-
get language. If the mention in
the target language is ’Label not

found’, then translate it word by
word.

USER

sentence: {source_text}.

The entity in English is
{source_title}.

In {target_language} it is {tar-
get_title}.

Table 2: Prompt for Relik and Gold settings.

Language Level0 Levell Level2
it IT 35 379 316
zh_TW 51 236 435

Table 3: Number of task samples for Italian (it_IT)
and Chinese (zh_TW) divided by our three different
cultural levels.

Chinese university. Each annotator independently
labels each entity in the selected subset, and for
each entity, the final cultural level is computed as
the majority vote across all annotations.

We computed an averaged pairwise inter-
annotator agreement (Cohen’s kappa) of 0.81 for
Chinese and 0.74 for Italian, which represent an
“almost perfect" agreement in both languages.

Table 3 reports the number of samples per cul-
tural category for both Italian and Chinese. We
observe that culturally sensitive and culturally local
entities make up the majority of the data in both
languages, whereas culturally agnostic entities are
underrepresented, accounting for only 4% of the
Italian data and 7% of the Chinese data.

6. Results

6.1.

Table 4 reports the m-ETA and COMET scores
across the three prompt settings, for 11 LLMs dis-

Overall Performance

tinguished by their openness tier. The results are
divided by language resourcedness tiers. Con-
sistently with the findings of Xu (2025), we ob-
serve that the prompting strategy strongly affects
m-ETA scores. The Baseline prompt yields con-
sistently lower m-ETA values, with top performing
models scoring around 40%, whereas knowledge-
augmented prompts (Relik and Gold) lead to sub-
stantial improvements, leading models to reach
quite good performances, around 80%-90%, show-
ing an average improvement of 40%-50% across all
models and languages.

Overall, the Relik prompt consistently trails the
Gold prompt across all models for both m-ETA
and COMET metrics. This highlights the critical
role of accurate entity linking in leveraging external
knowledge: even a state-of-the-art linker such as
Relik underperforms relative to gold annotations
in knowledge-enhanced, entity-aware translation.
Nonetheless, Relik still provides a meaningful im-
provement over the Baseline, which fails to achieve
competitive m-ETA scores without knowledge aug-
mentation.

We also observe that the language resourced-
ness tier significantly influences performance, par-
ticularly for Open-Weight and Open-Data models.
These models exhibit lower m-ETA and COMET
scores for mid-resource languages compared to
high-resource ones.

Finally, we identify distinct trends across model
tiers. Closed and Open-Weight models show
consistent gains in COMET when supplied with
external knowledge, reflecting a synergistic im-
provement between entity accuracy (m-ETA) and
overall translation quality (COMET). In contrast,
Open-Data models exhibit the opposite pattern:
while knowledge-augmented prompts raise m-ETA
scores, COMET scores drop markedly. This sug-
gests that Open-Science models, despite correctly
incorporating external entities, may suffer from
degraded overall translation quality, likely due to
weaker instruction-following and limited capacity to
integrate external knowledge effectively.

6.2. Performance Across Entity Types

To quantify the impact of the type of entity on trans-
lation difficulty, in Table 5 we report the m-ETA
scores of Qwen-plus, one of the best performing
models, prompted with the Baseline setting. We
select a subset of entity types, choosing the ones
that contain a sufficient number of samples per lan-
guage. From our results we notice that some types
like “TV series" and “Movies" are more difficult to
be translated correctly, due to language specific
and cultural aspects (e.g. names of movies that
do not have the same meaning across languages:
“Eternal sunshine of a spotless mind" (English) and
“Se mi lasci ti cancello” (Italian) EN: If you leave
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Model Baseline

Relik Gold

m-ETA COMET ‘ m-ETA COMET ‘ m-ETA COMET

High-Resource Languages

Closed Models
GPT-5-mini 32.2 77.6 75.4 93.2 89.7 94.9
Gemini-2.5-flash 46.2 91.2 76.3 93.6 88.8 94.9
Qwen-Plus 38.7 90.9 75.0 93.4 89.2 94.8

Open-Weight Models
Gemma-3-4B 23.8 86.1 71.7 87.1 87.6 89.8
Llama-3.1-8B 19.1 74.4 62.4 80.5 75.6 83.3
Qwen2.5-7B 17.7 83.0 68.5 83.4 84.5 87.7
Open-Data Models
Minerva-7B 10.5 69.1 46.9 63.7 56.5 65.3
EuroLLM-9B 30.3 87.6 72.8 74.4 86.3 78.1
Occiglot-de-7B 14.5 56.5 55.8 51.6 68.5 52.9
Occiglot-eu-7B 16.8 55.5 52.2 54.3 64.3 55.6
Salamandra-7B 134 68.0 47.6 63.5 571 64.4
Mid-Resource Languages

Closed Models
GPT-5-mini 28.5 89.3 72.3 93.1 89.0 94.8
Gemini-2.5-flash 37.1 89.8 75.0 93.5 88.3 94.7
Qwen-Plus 25.0 88.9 72.0 92.7 87.8 94.2

Local Models
Qwen2.5-7B 5.2 65.7 56.9 72.2 73.3 75.8
Gemma-3-4B 141 85.8 67.6 85.7 85.6 88.7
Llama-3.1-8B 7.5 58.9 52.1 67.8 65.8 70.0

Open-Data Models

Minerva-7B 1.8 44.7 48.6 52.8 63.6 55.5
EuroLLM-9B 18.4 75.1 64.2 63.1 81.1 65.8
Occiglot-de-7B 2.7 41.9 47.5 42.7 59.1 43.5
Occiglot-eu-7B 2.3 39.2 45.9 39.7 60.8 40.9
Salamandra-7B 1.5 48.0 29.2 50.1 37.6 51.0

Table 4: m-ETA (%) and COMET scores averaged across high- and mid-resource languages. The results
are reported separately for the three prompt settings (Baseline, Relik, and Gold).

Language Musical Artwork Food Book Fictional Landmark Movie Placeofw. TV series Person
High-Resource 53.9 37.4 56.4 37.5 47.7 36.1 19.4 47.0 18.1 37.6
Mid-Resource 32.6 253 383 26.8 345 21.3 19.5 28.5 16.0 25.5

Table 5: m-ETA(%) scores for Qwen-plus using the Baseline prompt, for several entity types. Results are
averaged across high-resource and mid-resource languages.

me, I'll erase you). Other entity types demonstrate
higher accuracy; for example, “Musical" and “Food"
entities achieve an average m-ETA higher than 50%
across high-resource languages. This pattern likely
arises because these entities are more commonly
known and culturally shared.

6.3. Performance by Cultural Level

We hypothesize that LLMs exhibit different behav-
iors when translating entities with varying degrees
of cultural specificity, and external knowledge pro-
vides greater benefits for culturally specific entities.

To test this hypothesis, we utilize our annotation
pipeline (Section 5) for Italian and Chinese, cate-
gorizing entities into three culturality levels: Level 0
(Culturally Agnostic), Level 1 (Culturally Sensitive),
and Level 2 (Culturally Local). Table 6 reports m-
ETA scores for all models across the three prompt
settings and cultural levels, for Chinese and Italian.

Our results show a substantial degradation in m-
ETA from Culturally Agnostic to the more culturally
specific levels under the Baseline prompt setting.
This trend is consistent across all models and both
languages, highlighting a key limitation in how cur-
rent LLMs handle culturally grounded information.
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Level 0 (Agnostic)

Level 1 (Sensitive)

Level 2 (Local)

Model Base Relik Gold | Base Relik Gold | Base Relik Gold
Chinese
Closed Models
GPT-5-mini 76.5 76.5 84.3 424 746  86.9 195 63,5 805
Gemini-2.5-flash  70.6  86.3 88.2 53.8  80.1 86.4 | 29.7 658 80.0
Qwen-Plus 608 726 843 | 521 775 86.9 | 258 63.0 80.2
Open-Weight Models
GEMMA-3-4B 39.2 78.4 86.3 17.0 71.6 83.9 4.4 60.5 79.8
Llama-3.1-8B 33.3 745 74.5 8.1 62.3 74.2 32 526 64.1
Qwen2.5-7B 59 68.6 74.5 09 695 843 1.2 556 73.6
Open-Data Models
Minerva-7B 7.8 60.8 62.8 00 46.2 627 0.7 441 58.2
EuroLLM-9B 39.2 804 92.2 23.7 712 839 129 618 749
Occiglot-de-7B 9.8 64.7 56.9 1.3 37.7 50.0 0.5 44 A 51.7
Occiglot-eu-7B 59 628 60.8 09 470 619 1.2 356 524
Salamandra-7B 39 471 43.1 1.3  38.1 47.9 02 29.7 395
Iltalian
Closed Models
GPT-5-mini 66.7 88.6 94.3 50.0 80.0 92.4 29.1 78.5 94.6
Gemini-2.5-flash  80.0 85.7 94.3 604 79.7 921 31.3 78.8 946
Qwen-Plus 60.0 829 91.4 559 789 926 | 21.8 775 943
Open-Weight Models
GEMMA-3-4B 743 88.6 914 380 77.0 905 155 76.3 93.0
Llama-3.1-8B 51.4  80.0 88.6 31.1 68.9 826 13.0 646 829
Qwen2.5-7B 34.3 771 914 31.7 75.2 89.7 10.8 741 91.5
Open-Data Models
Minerva-7B 54.3 62.9 88.6 30.6 64.4 70.7 13.9 51.0 56.7
Occiglot-de-7B 20.0 571 80.0 20.8 68.6 78.6 120 623 750
Occiglot-eu-7B 486  60.0 74.3 325 61.7 697 | 127 479 59.2
EuroLLM-9B 65.7 85.7 100.0 | 454 80.0 918 184 75.0 88.3
Salamandra-7B 48.6  60.0 54.3 224 53.0 58.1 9.2 50.6 62.3

Table 6: m-ETA (%) across three cultural levels and three prompt settings, for Traditional Chinese (zh_TW)

(Top) and ltalian (it_IT) (Bottom).

These findings underscore the need for future re-
search in order to better address culturality and
knowledge bias in multilingual and cross-cultural
translation.

Moreover, knowledge-augmented prompts (Re-
lik and Gold) largely mitigate this degradation. In
most cases, they yield improvements of up to 70%
in m-ETA over the Baseline, demonstrating that ex-
ternal knowledge integration can effectively bridge
the gap in entity translation performance across
different cultural levels.

The results underscore the value of our three-tier
annotation framework. Across both languages and
nearly all models, external knowledge produces the
greatest improvements at Level 2 (Culturally Local)
and the smallest at Level 0 (Culturally Agnostic).
The differing behaviors of LLMs across the three
levels of culturality highlight the importance of incor-
porating a third layer of cultural specificity, which

is crucial for more effectively disentangling cultural
factors.

Overall, our findings consistently support the hy-
pothesis that LLMs behave differently across vary-
ing levels of culturality, and that the integration of
external knowledge plays a crucial role, particularly
for culturally local and culturally sensitive entities.

7. Qualitative Analysis

To further analyze the behavior of LLMs on the
entity-aware machine translation task, we conduct
a qualitative analysis on the output of LLMs for the
Gold prompting setting, selecting GPT-5-mini as
the LLM to analyze. We carry out our analysis on
the Italian and Chinese languages, where GPT-5-
mini with Gold prompt reaches an m-ETA of 93.4%
Italian and 82.8% for Chinese.

Our manual analysis reveals that, across all in-
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Input | Prediction | Wikidata Label | Gold Label
How many episodes are in the TV | Quanti episodi ci sono nella serie | Uchu senkan | La corazzata
series Space Battleship Yamato 11? | TV Uchi senkan Yamato 2 ? Yamato 2 Yamato
(EN: How many episodes are | (EN: Space | (EN: The Battle-
there in the TV series Space | Battleship Yam- | ship Yamato)
Battleship Yamato 27?) ato 2)
How many movements are Quanti movimenti ha la Sinfonia n. 41 Symphony  No.
there in Symphony No. 417? Sinfonia n. 41 ? 41
(EN: Symphony
(EN:  How many move- No. 41)
ments are there in Symphony
No. 417?)
What kind of animal is Perry MEREER IR T AT B ? FIES I B 2 B R s R, B
the Platypus?
(EN: What kind of ani- (EN: Platy- | (EN: Platy-
mal is Perry the Platypus?) pus Perry) pus Perry)

Table 7: Qualitative analysis of GPT-5-mini predictions. The table report input English text, model
prediction, Wikidata retrieved labels and XCTranslate annotated labels. In the prediction the green text

represent the correct usage of Wikidata injected knowledge.

Lang level O level 1 level 2
it IT 3 ( 8.5%) 29 ( 7.0%) 17 ( 5.3%)
zh_. TW 8 (15.6%) 31 (13.1%) 86 (19.7%)

Table 8: Number of samples (and percentage %)
where the retrieved Wikidata label in Italian or Chi-
nese does not correspond to the gold annotated
mention for entities in XCTranslate.

correctly translated entity names, a recurring is-
sue arises from mismatches between the Wikidata
labels and the corresponding entity names anno-
tated in the XCTranslate dataset, which serves as
the reference for computing the m-ETA score. Ta-
ble 7 presents illustrative examples of such mis-
alignments for Italian and Chinese, along with the
corresponding predictions from GPT-5-mini. In
these cases, the model fails to match the gold men-
tion translation, despite correctly leveraging the
retrieved Wikidata information.

For instance, in the first ltalian example, the Wiki-
data label “Uchu senkan Yamato 2" does not align
with the gold label “La corazzata Yamato", which is
correctly annotated. In contrast, the second Italian
case demonstrates that the Wikidata label actually
provides the correct ltalian translation, while the
XCTranslate annotation is erroneous. A similar pat-
tern is observed in the third example for Chinese,
where the gold label is incorrect and fails to match
the valid Wikidata label.

This analysis highlights inconsistencies and po-
tential annotation errors in the XCTranslate dataset,
suggesting the need for further verification and cor-
rection. Moreover, it underscores the inherent lim-

itations of relying on external knowledge sources
such as Wikidata, which may occasionally contain
inaccuracies or mismatches that affect knowledge
injection methodologies.

We quantify label misalignment in Table 8, where
we show the percentage of mismatched Wiki-
data labels retrieved compared to the gold labels
in XCTranslate. We see that the percentage of
wrongly retrieved data is higher than the error
reached by some models in Table 6. Additional
manual analysis reveals that some misalignments
between Wikidata and XCTranslate are due to some
minor aspects, like misspelling, uncommon name
associated with an entity, or plural version of the
label. For example, LLMs can handle inconsisten-
cies such as “cipolla d’'inverno" (Welsh onion) in
Wikidata and “cipolle d'inverno" (Welsh onions) in
XCTranslate by exploiting the context of the input
text.

Additionally, we analyze the predicted output
of Open-Data Models under the Gold prompt set-
ting. We notice that these models often struggle
to correctly leverage external knowledge, result-
ing in translations that use incorrect entity names
in the target language. Furthermore, our analysis
highlights the limited instruction-following ability of
Open-Data LLMs: in several cases, the models
fail to adhere to the prompt requirement of pro-
ducing only the translation, adding unrequested
information. This observation helps explain the
trend reported in Table 4, where both Relik and
Gold prompts lead to improvements in the m-ETA
score while at the same time degrading the overall
translation quality, as reflected by lower COMET
scores for Open-Data Models.
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8. Conclusion

This work investigates the role of cultural speci-
ficity in entity-aware machine translation, address-
ing a critical gap in understanding when external
knowledge integration provides the greatest bene-
fit. Through systematic evaluation across 11 LLMs
with varying degrees of openness, we demonstrate
that cultural specificity fundamentally influences
both the difficulty of entity translation, and the ef-
fectiveness of knowledge augmentation strategies
in 10 high- and mid-resource languages.

We put forward a three-tier annotation strategy
that shows substantial performance degradation
from culturally agnostic to culturally local entities un-
der baseline conditions. Our findings confirm that
external knowledge provides the greatest benefit
for culturally local entities and minimal improve-
ment for culturally agnostic ones. Our qualitative
analysis highlights important limitations in current
evaluation paradigms, with misalignments between
Wikidata labels and dataset annotations contribut-
ing to artificial evaluation penalties. These findings
point to future research directions in developing
culturally-aware knowledge sources and improv-
ing evaluation metrics for cross-cultural translation
scenarios.

We hope our culturally-annotated dataset for Chi-
nese and ltalian, comprising annotations for over
500 entities across three cultural levels, will enable
future research into cultural aspects of machine
translation and language understanding.

9. Limitations

Although this paper presents an analysis of cultural
and knowledge biases, it is not without limitations.

Due to the structure of the XCTranslate dataset,
our analysis was limited to translations from En-
glish into the target languages. This constraint
prevented us from examining translations in the
opposite direction, which could provide valuable
insights into additional forms of cultural bias in mul-
tilingual LLMs.

Our cultural specificity annotations are limited
to two languages: Traditional Chinese and ltalian.
While these belong to distinct linguistic families, ex-
tending the annotations to additional languages —
particularly mid- and low-resource languages such
as Thai and Turkish — would strengthen the gener-
alizability of our findings.

The annotation process, although achieving high
inter-annotator agreement (x = 0.81 for Chinese;
x = 0.74 for ltalian), required substantial manual
effort, which limited our ability to scale the analysis
to all 10 languages in the XCTranslate dataset.

Although our three-level framework moves be-
yond a binary “cultural” versus “non-cultural” clas-

sification, cultural specificity lies fundamentally on
a continuous spectrum. Our categorical approach,
while more nuanced, still constitutes a discretization
that obscures meaningful variation. Considerable
within-level variation remains: two Level 2 entities
may differ substantially in their degree of local em-
beddedness, ranging from regionally recognized to
highly community-specific.
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12. Appendices

The following table reports the average number
of entities for each entity type across two lan-
guage groups. The first group corresponds to
high-resource languages (French, German, ltalian,
Japanese, Chinese, and Spanish), while the sec-
ond group represents mid-resource languages (Ko-
rean, Thai, Turkish, and Arabic). Table 9 presents
the average number of unique entities per type,
highlighting differences in data coverage between
the two groups. Table 10 then provides represen-
tative examples for each entity type.
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Type High-Resource Mid-Resource

Animal 0.2 -

Artwork 44.0 61.0
Book 30.3 355
Book series 2.7 2.0
Fictional entity 26.2 17.5
Food 17.8 10.5
Landmark 22.5 11.8
Movie 28.0 36.3
Musical work 24.7 13.0
Natural place 1.0 -

Person 33.0 40.0
Place of worship 33.3 29.0
Plant 0.7 1.0
TV series 28.0 30.5

Table 9: Average entity count per entity type across
language groups.

Type Example

Animal Sergey Lavrov
Artwork The Gift of the Magi
Book Pentaglot Dictionary
Book series Tsubasa to Hotaru
Fictional entity Noah’s Ark

Food Sichuan pepper
Landmark St. Cecilia Cathedral
Movie Night of the Kings
Musical work Flight of the Bumblebee
Natural place Sokolniki Park

Person Jia Yingchun

Place of worship  Solovetsky Monastery
Plant Welsh onion

TV series Love Like The Galaxy

Table 10: Entity types in the dataset with represen-
tative examples, sampled across multiple language
subsets.
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