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Abstract

Large language models (LLMs) often exhibit
significant cultural representation biases in
multilingual everyday knowledge understand-
ing, struggling to accurately capture region-
specific customs and values. This paper
presents our system submission for SemEval
2026 Task 7: BLEnD Challenge Track 2
(MCQ) (Ousidhoum et al., 2026). To address
these challenges, we propose a training-free
retrieval-augmented generation (RAG) frame-
work. Without introducing any external data,
we manually constructed a localized multi-
cultural knowledge base for each language-
region and used text-embedding-v4 for region-
specific cultural background retrieval. In the
generation stage, we adopted a strict zero-
shot setting: prompts contain no task in-
stance question-answer examples, only inject-
ing locale-relevant background cultural de-
scriptions via RAG to compensate for con-
textual information absence, combined with a
dual-model ensemble strategy using Gemini 3
Flash (preview) (GoogleDeepMind, 2025) and
GPT-5.2 Chat (OpenAI, 2025). Our system
achieved an overall score of 96.35 on the fi-
nal Evaluation dataset. Additionally, we con-
ducted in-depth analysis of model performance
on specific languages, particularly highlight-
ing severe cultural alignment challenges faced
by large models in dialectal variants like Mo-
roccan Arabic (ar-MA) and highly localized
subjective Japanese (ja-JP) everyday scenar-
ios.

1 Introduction

With the global deployment of large language
models (LLMs), evaluating and enhancing mod-
els’ cultural awareness across different languages
and regions has become critically important. Ex-
isting models, often trained predominantly on
English-centric corpora, frequently provide an-
swers deviating from local customs when ad-
dressing multiple-choice questions about region-

specific daily life. SemEval 2026 Task 7 (BLEnD)
Track 2 evaluates whether systems can select the
most appropriate answer for target regions when
presented with four options representing different
national cultural perspectives. (Ousidhoum et al.,
2026; Ghosh et al., 2026)
For this task, we avoided costly model fine-

tuning and instead developed a lightweight RAG-
based system. Our main contributions are:

• Culturally-aligned RAG framework:
Without external data, we manually authored
compact multicultural knowledge bases for
each language-region, summarizing local
practices in food, holidays, family, education,
and work, combined with text-embedding-v4
to provide precise cultural background
references for closed-source LLMs.

• Dual-model ensemble with matching: Un-
der a unified RAG framework, we performed
parallel inference with Gemini 3 Flash (pre-
view) and GPT-5.2 Chat, extracting final an-
swers through option matching, achieving an
excellent score of 96.35 on approximately
47K Evaluation data samples.

• In-depth negative insights: Through de-
tailed error analysis, we revealed cognitive
blind spots in current top LLMs when han-
dling Arabic dialects heavily influenced by
other language families (e.g., Moroccan Ara-
bic) and highly subjective localized common-
sense (e.g., Japanese convenience store cul-
ture).

2 Background / Related Work

Recent research on large model cultural awareness
has grown significantly. For instance, Pawar et
al. (2025)’s survey (Pawar et al., 2025) points
out significant deficiencies in models regarding
non-textual cultural commonsense; Alam et al.
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(2025)’s NativQA framework (Hasan et al., 2025)
also emphasizes the importance of localization and
everyday knowledge. Our work is inspired by
these studies, attempting to dynamically inject lo-
calized knowledge during inference using RAG
techniques to mitigate LLMs’ inherent cultural bi-
ases. The BLEnD benchmark proposed by Myung
et al. (2024) (Myung et al., 2024) systematically
evaluated LLM performance in multicultural ev-
eryday knowledge scenarios, discovering signifi-
cant performance gaps across different languages
and regions, which directly motivated the design
of SemEval-2026 Task 7.

3 Data

We evaluated our system using the official
SemEval-2026 Task 7 dataset, which extends
the BLEnD benchmark (Myung et al., 2024)
to cover more language-culture combinations.
Track 2 (MCQ) instances each contain an English
question, target language-region code (Language-
Region, e.g., ar-MA, ja-JP, su-JB), and four can-
didate options representing different regional cul-
tural perspectives.
We used the following two official datasets:

• Trial Data: Used throughout the entire De-
velopment (Dev) phase, including familiar-
ization with input format, pipeline validation,
model selection, hyperparameter tuning, and
ensemble strategy validation;

• Evaluation Data: Used for the final Eval-
uation (Eval) phase, with official scores ob-
tained through CodaBench submission, con-
taining approximately 47K samples.

All data was used solely for development
and evaluation, strictly adhering to Task 7’s
evaluation-only policy, with no parameter training
or few-shot example construction.

3.1 Dataset Statistics and Distribution
Characteristics

To better understand Track 2’s internal structure
and complexity, we conducted detailed distribu-
tion statistics and analysis of both Trial Data and
Evaluation Data.
1. Trial Data Distribution The Trial Data used

in the Dev phase contains 146 initial samples cov-
ering 23 fine-grained Language-Region combina-
tions. Overall, this small-scale dataset has rela-
tively uniform distribution, with each target region

containing approximately 5 to 8 samples (see table
below). This small but broad-coverage dataset was
effectively used to pre-build early RAG knowl-
edge base templates and validate overall engineer-
ing pipeline robustness.

Table 1: Trial data distribution by language-region in
the development phase.

Language-Region Count Language-Region Count

es-EC 8 ar-SA 7
tl-PH 8 ar-MA 7
fr-FR 8 ja-JP 7
ms-SG 7 ta-SG 7
ar-EG 7 zh-SG 7
bg-BG 7 el-GR 5
ta-LK 7 ko-KR 5
ga-IE 7 id-ID 5
eu-ES 7 es-MX 5
en-AU 7 es-ES 5
zh-CN 5 en-GB 5
fa-IR 5 Total 146

2. Evaluation Data Language Imbalance For
the Evaluation Data containing 47,014 blind test
samples, we decomposed by primary language
(Language). Results show extreme imbalance in
language distribution (Long-tail Distribution):

Table 2: Evaluation data language distribution (by pri-
mary language).

Language Count Language Count

Spanish 4,807 Hausa 2,008
Korean 4,697 Indonesian 1,995
English 4,622 Tagalog 1,327
Arabic 3,955 Tamil 1,114
Persian (Farsi) 3,699 Basque 1,075
Amharic 2,863 Irish 856
Greek 2,734 Bulgarian 648
Assamese 2,451 Swedish 447
Chinese 2,357 Japanese 410
Sundanese 2,345 French 307
Azerbaijani 2,297 Total 47,014

As shown, Spanish, Korean, and English dom-
inate (all >4,600 samples), while Japanese (410
samples) and French (307 samples) form ex-
tremely sparse long tails. This distribution tests
both high-resource language culture performance
and zero-shot cultural inference in resource-scarce
contexts (like our Japanese scenarios showing
strong localization).
3. Core Question Stem High-Frequency

Reuse Further text deduplication analysis revealed
the core challenge of ”cross-cultural alignment” in
this task. Despite containing 47K massive sam-
ples, the Evaluation Data has only 2,706 unique
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question stems (statistics shown below):

Table 3: Question stem reuse statistics in the evaluation
data.

Statistic Value

Unique question count 2,706
Mean frequency 17.37
Standard deviation 56.53
Median (50%) 3
Maximum frequency 1,144

The data shows the same English question ap-
pears on average 17.37 times, with the most
frequent question repeated 1,144 times. High-
frequency repetitionmeans identical English stems
are systematically assigned to dozens or hundreds
of different target region codes with constantly
changing option combinations. This means mod-
els cannot rely on single, static ”common knowl-
edge” to memorize answers, but must make dis-
tinctly different cultural fact reasoning based on
the specific region code injected in the prompt.
This extreme data skew pattern inversely vali-
dates the necessity and rationality of our ”region-
specific RAG injection strategy.”

4 System Overview

This section details our retrieval-augmented gen-
eration (RAG) framework for cross-cultural MCQ
tasks.

4.1 Multicultural Knowledge Base
Construction

To enhance cross-cultural perception, we did not
directly use Task 7/BLEnD question-answer pairs
as retrieval documents. Instead, completely with-
out external corpora, based on understanding of
target regions’ daily life, we manually authored
an efficient, localized multicultural knowledge
base. For each language-region (e.g., ar-MA, ja-
JP, su-JB), we constructed short text profiles sum-
marizing typical daily practices and social customs
in food, holidays, family structure, education sys-
tems, work, and leisure.
Each profile contains at least:

• Language-Region code;

• Theme category (e.g., food, holidays, family,
work);

• Several natural language descriptions reflect-
ing common practices, noting ”multiple prac-

tices exist” when necessary to avoid oversim-
plification into single stereotypes.

These profiles are organized by locale and vec-
torized for indexing as retrieval candidate docu-
ments. All locale profiles followed the same tem-
plate and were manually checked for format con-
sistency, obvious contradictions, and overly spe-
cific stereotypes. Practice shows that even without
external data, relying on these compact locale cul-
tural profiles, we can provide sufficient regional
background for generationmodels, achieving good
cultural alignment at low data cost.

4.2 Retrieval Core

We used text-embedding-v4 as the core retrieval
engine. For each multiple-choice question in De-
velopment or Evaluation phases, the system ex-
tracts [Question] and [Language-Region] (region
code) as Query, performing similarity retrieval
in the corresponding cultural region’s knowledge
base subset. To balance context richness and noise
control, we set Top-K=3 based on Trial Data ob-
servations, extracting the 3 most relevant context
chunks as subsequent generation references (Ref-
erences). Retrieval uses cosine similarity, with all
profiles pre-encoded and indexed offline for online
inference efficiency.

4.3 Generation and Prompting Strategy

To strictly comply with the official ”prohibition
of using BLEnD dataset (Myung et al., 2024) for
fine-tuning or few-shot learning” evaluation rules,
we adopted pure zero-shot setting in generation:
besides the current question and four candidate
options, prompts contain no additional question-
answer examples fromBLEnD/Task 7, only inject-
ing target locale-related background cultural de-
scriptions via RAG to compensate for contextual
information absence.
We designed a strongly constrained system

prompt requiring the model to act as a general
Q&A assistant proficient in multiple countries’
languages and cultural customs. Core prompt de-
sign includes:

• Role setting: Clearly informing the model
of required knowledge in different coun-
tries/regions’ history, culture, and daily life,
guiding autonomous judgment of retrieved
references’ relevance and reliability.
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• Input structure: Structured input of
Language-Region (e.g., ar-MA, ja-JP, su-JB),
Question, 4 candidate Options, and RAG-
retrieved References, all in unified, clear
format.

• Strict output rules: Forcing model to out-
put only one option letter or corresponding
option plain text from 4 options, prohibit-
ing any explanations, lead-ins, or metadata to
ensure perfect adaptation to automated eval-
uation and post-processing; simultaneously,
setting LLM Temperature parameter to 0.0
uniformly for generation determinism.

5 Experimental Setup

5.1 Model Selection and Development Phase
In the Development (Dev) phase, we used Trial
Data to select optimal base models for the fi-
nal Evaluation phase. Under identical zero-
shot prompts, we independently evaluated sev-
eral mainstream large language models with and
without RAG. Model accuracies in Dev phase are
shown below:

Table 4: Development accuracywith andwithout RAG.

Model RAG No RAG

Gemini 3 Flash (preview) 97.97 94.59
Claude Sonnet 4.5 (20250929) 97.30 95.95
GPT-5.2 Chat 97.30 91.22
DeepSeek-V3.2 88.51 84.46

Results show that RAG consistently improved
all tested models on Trial Data. Gemini 3 Flash
(preview) (Google DeepMind, 2025) achieved the
best RAG accuracy of 97.97. Although Claude
Sonnet 4.5 (Anthropic, 2025) and GPT-5.2 Chat
(OpenAI, 2025) obtained the same RAG accuracy,
we selected GPT-5.2 Chat as the second ensem-
ble model because it showed slightly more stable
answer-only format compliance during manual in-
spection. DeepSeek-V3.2 (Liu et al., 2025) bene-
fited from RAG but remained weaker on multilin-
gual localized commonsense.
We used Trial Data only in Dev phase for model

selection and hyperparameter tuning, making no
adjustments before final Eval submission.

5.2 Final Evaluation Strategy:
Option-Constrained Ensemble

Based on Dev performance, for processing 47K
sample-scale Evaluation Data, we abandoned

single-model inference for dual-model ensemble
with option matching (Dual-Model Ensemble with
Option Matching). Specifically, Gemini 3 Flash
(preview) and GPT-5.2 Chat performed parallel in-
ference on identical questions.
Since only one correct answer exists among 4

options per question, we designed strict option
matching:

1. Extract two models’ text outputs and
match against given 4 candidate options
(accepting exact matches or minor whites-
pace/punctuation differences);

2. If only one model’s output successfully
matches candidate set, adopt that prediction;

3. If both outputs match valid options but con-
flict, prioritize Dev-best Gemini;

4. For rare cases where neither output matches
any option, use embedding similarity fall-
back: encode each option as vector, com-
pare similarity with retrieved evidence aver-
age vector, select highest similarity option.

No model fine-tuning throughout, all hyperpa-
rameters fixed pre-Eval, maximizing accuracy un-
der format compliance via ensemble and filtering.

6 Results and Analysis

6.1 Overall Performance
Our system achieved 96.35 overall in final Eval-
uation phase. This demonstrates region-specific
cultural knowledge base combined with advanced
LLM ensembling effectively handles most cross-
cultural everyday knowledge MCQs. Detailed
performance across 30 language-region combina-
tions:
Most regions (e.g., as-AS, bg-BG, su-JB)

achieved near/exceeding 99% accuracy, but clear
performance valleys appeared in specific cultural
regions.

6.2 Language-Specific Findings and Negative
Insights

Combining region scores and error analysis, we
identified key blind spots:
Massive Intra-Arabic Cultural and Dialectal

Differences
Though excelling in Egyptian Arabic (ar-EG:

96.74) and Algerian Arabic (ar-DZ: 98.15), per-
formance plummeted to 83.98 in Moroccan Ara-
bic (ar-MA), with Saudi Arabic (ar-SA: 91.89)
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Table 5: Accuracy by language–region on the evalua-
tion set.

Language-Region Accuracy (%)

am-ET 98.67
ar-DZ 98.15
ar-EG 96.74
ar-MA 83.98
ar-SA 91.89
as-AS 99.35
az-AZ 99.22
bg-BG 99.54
el-GR 98.10
en-AU 90.06
en-GB 98.25
en-US 98.66
es-EC 98.36
es-ES 98.55
es-MX 98.00
eu-PV 97.12
fa-IR 97.95
fr-FR 97.72
ga-IE 96.26
ha-NG 96.07
id-ID 97.59
ja-JP 87.32
ko-KP 94.60
ko-KR 99.76
su-JB 99.87
sv-SE 94.63
ta-LK 96.86
tl-PH 94.35
zh-CN 97.82
zh-SG 95.09
Overall 96.35

also notably lower. Analysis suggests Moroc-
can Arabic (Darija) heavily influenced by Berber
and French in daily life creates vast vocabulary
and custom gaps from standard Middle Eastern
or Egyptian Arabic. LLMs clearly lack sufficient
alignment with North African informal daily lan-
guage and unique customs in pretraining corpora.
Japanese Cultural Specificity and Common-

sense Misalignment
Japanese (ja-JP: 87.32) ranks second-lowest

overall. Beyond Japanese’s complex writing sys-
tem (hiragana, katakana, kanji mix) comprehen-
sion challenges, we found many daily questions
exhibit extreme subjectivity and localization.
Error Case Analysis
For question ” コンビニで売ってないもの”

(things not sold at convenience stores), gold an-
swer is ” おにぎり” (rice ball), with distractors
including ”電車の切符” (train tickets). In exper-
iments, both Gemini and GPT violated gold anno-
tation, erroneously selecting ”電車の切符” based
on common real-world experience.
Analysis

Such questions often stem from specific group
subjective cognition or contexts, while LLMs tend
toward statistical inference from broad fact distri-
butions (train tickets aren’t convenience store sta-
ples like rice balls). Models systematically fail
on highly localized or counterintuitive subjective
cultural questions, exposing ”local consensus vs
universal fact” weighing blind spots. Australian
English (en-AU: 90.06) relative underperformance
further confirms region-specific daily common-
sense remains LLM weakness even within same
language family.

7 Conclusion

This paper presents an RAG Q&A framework for
cross-cultural everyday knowledge MCQs. Ex-
periments prove region-specific cultural knowl-
edge bases combined with advanced LLM dual-
model ensembling significantly enhance multicul-
tural performance (final Eval phase: 96.35 over-
all accuracy). However, detailed score distri-
butions and error analysis reveal systematic de-
ficiencies in handling multi-language influenced
complex dialects (e.g., Moroccan Arabic) and
highly subjective local commonsense (e.g., spe-
cific Japanese scenarios). These results also sug-
gest that RAG cannot fully compensate for the
underlying model’s limited understanding of low-
resource dialectal variants and highly subjective
local commonsense. Future work will explore
better cross-cultural representation learning, finer-
grained local cultural knowledge graphs, and local
expert collaboration to address these gaps.

8 Ethical Considerations

Though using no external data, we recognize orig-
inal annotation data for evaluation and knowledge
base referencing may contain specific group sub-
jective preferences. LLMs outputting culturally-
attributed answers may inadvertently amplify re-
gional stereotypes or ignore minority voices.
Thus, deploying such cultural perception models
in real-world cross-cultural communication or ed-
ucation requires stricter human review and bias
mitigation; future work must incorporate more di-
verse annotator groups and stakeholders in evalu-
ation and feedback.
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