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Abstract

In multilingual and multicultural contexts,
LLMs require contextualization mechanisms
to generate culturally coherent responses. In
this sense, this study presents a LLaMA-based
approach to answer short cultural questions in
different languages within Task 7 of SemEval-
2026 (Track 1: SAQ), without access to offi-
cial training data. The system integrates con-
trolled synthetic data generation, evidence re-
trieval through web snippets, and a Retrieval-
Augmented Generation (RAG) framework with
Few-shot learning. BLEnD is used solely as
a thematic guide, ensuring semantic indepen-
dence. During development, the LLaMA-3.1-
8B model achieved 38.51% global accuracy,
while LLaMA-3.2-1B obtained 15.54%. In a
large-scale evaluation (30,500 instances), the
1B model achieved 16.69% and maintained sta-
bility after prompt optimization. The results
demonstrate that contextual retrieval improves
the evaluation of multilingual cultural knowl-
edge and highlight the importance of pipeline
design and model capacity.

1 Introduction

Everyday and cultural knowledge constitutes a key
element for LLMs to produce responses that are
not only linguistically correct, but also semantically
and contextually appropriate. Although recent ad-
vances in natural language processing (NLP) have
substantially improved the fluency, coverage, and
overall quality of generated responses, these mod-
els still exhibit significant limitations when reason-
ing about practices, social norms, traditions, and
implicit knowledge that vary across cultures and
territories. This issue becomes especially critical
in contexts characterized by high cultural and lin-
guistic diversity, where a single language may en-
compass distinct sociocultural realities, as well as
in regions with low representation in training cor-
pora, which increases the risk of bias, unwarranted
generalizations, and misinterpretations.

Within this framework, SemEval-2026 Task 7:
Everyday Knowledge Across Diverse Languages
and Cultures proposes a systematic evaluation
framework to analyze the cultural awareness of lan-
guage models across a wide variety of languages,
countries, and regions (Myung et al., 2024). This
study focuses on Track 1: Short Answer Questions
(SAQ), which poses an additional challenge by not
providing a training dataset, thus requiring partici-
pants to design alternative strategies for response
generation and validation. To address this limita-
tion, an information retrieval-based approach was
implemented, using snippets obtained via an API
to provide relevant contextual evidence during in-
ference. These fragments were integrated into an
LLaMA model, enabling the generation of concise,
culturally coherent answers in multiple languages.
The results show competitive performance, placing
17th, demonstrating that the combination of contex-
tual retrieval and generative models constitutes an
effective strategy for addressing everyday knowl-
edge in multilingual environments. The repository
is available at the following link: (available after
review). 1

2 Background

The dataset used in this research is from BLEnD,
a manually designed benchmark for evaluating the
everyday knowledge of language models across di-
verse cultural contexts. The construction process
was carried out in four main stages: (i) collection
of culturally grounded questions by native speak-
ers, (ii) filtering and translation to avoid stereo-
types and references specific to a single country,
(iii) annotation of answers by multiple native an-
notators with lived experience in the correspond-
ing territory, and (iv) aggregation and normaliza-
tion of responses to consolidate linguistic variants
and account for cultural consensus. As a result,

1https://github.com/VerbaNexAI/SemEval2026
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BLEnD comprises 52.6k question–answer pairs,
corresponding to 16 countries or regions and 13
languages, including low-resource languages such
as Amharic, Assamese, Azerbaijani, Hausa, and
Sundanese, and covers six sociocultural categories:
food, sports, family, education, celebrations, and
working life.

Each country or region includes 500 base ques-
tions, formulated in both the local language and
English, enabling analysis of model performance
in monolingual and cross-lingual scenarios. For
each question, responses were collected from at
least five annotators, who could provide multiple
variants or explicitly indicate cases of no answer or
not applicable, thereby reflecting the inherent un-
certainty of everyday knowledge. The final dataset
includes multiple candidate answers per instance,
along with their selection frequency and versions in
both the local language and English. In the context
of SemEval-2026 Task 7, BLEnD is a particularly
suitable setting for evaluating LLMs’ ability to rea-
son, retrieve information, and generate culturally
appropriate answers under inference conditions.

Recent studies have shown that, despite advances
in general linguistic capabilities, LLMs continue
to exhibit substantial limitations in understanding
and generating culturally situated knowledge (Chen
et al., 2025). In the evaluation domain, it has been
demonstrated that models tend to amplify cultural
biases and distortions when confronted with spe-
cific social contexts, leading to phenomena such
as generative exaggeration and ideological polar-
ization (Nudo et al., 2026). Likewise, research in
psychometrics and cross-cultural adaptation has
evidenced that, although LLMs can assist in trans-
lation and cultural adaptation processes, their per-
formance requires rigorous empirical validation
to avoid semantic loss, implicit biases, and relia-
bility issues (Grobelny et al., 2025). In parallel,
large-scale review and benchmarking studies have
identified significant gaps between high- and low-
resource cultures, revealing performance differ-
ences of more than 60% in cultural knowledge and
commonsense tasks, even in state-of-the-art multi-
lingual models (Binegde and Zhang, 2026). In re-
sponse to these limitations, multiple cultural bench-
marks and evaluation frameworks have been pro-
posed, along with systematic schemes to measure
cultural biases and historical inaccuracies through
specific metrics and human validation in the evalu-
ation loop (Al-Monef et al., 2026) (Martínez et al.,
2025) (Mak and Luo, 2025). Complementarily,

recent work presented at leading conferences has
shown that explicitly incorporating local human
preferences and cultural judgments significantly
improves models’ cultural awareness. However,
these benefits are not distributed homogeneously
across architectures and regions (Chiu et al., 2025)
(Guo et al., 2025) (Schneider et al., 2025). In this
context, BLEnD positions itself as a particularly
relevant benchmark by focusing on everyday, mul-
tilingual, and multicultural knowledge, providing
a realistic and challenging scenario to analyze the
extent to which LLMs can generalize beyond dom-
inant contexts and respond in a culturally coherent
manner.

3 System Overview

The proposed system implements a comprehensive
pipeline to solve culturally situated short-answer
questions (SAQ) in BLEnD, combining controlled
data generation, external evidence retrieval, and
context-conditioned answer generation. The archi-
tecture operates in two clearly differentiated phases:
(i) the construction of a synthetic training set and
(ii) inference through Retrieval-Augmented Gener-
ation (RAG) applied to the development and test
sets. As shown in Figure 1, the flow begins with
BLEnD as a thematic reference, continues with
question generation using an LLM, web-based evi-
dence retrieval through text fragments (snippets),
construction of the synthetic dataset, and finally the
application of a Few-shot + RAG scheme to answer
new questions under the same inference scenario.

3.1 Data Source, Feature Extraction, and
Vocabulary

BLEnD serves as the system’s starting point and is
used exclusively as a thematic guide rather than as a
direct training set. This decision ensures generaliza-
tion and avoids memorization of original instances.
From the questions organized by topic, keyword
extraction is performed to construct a controlled
vocabulary. The process includes normalization,
cleaning, and lemmatization, followed by candi-
date identification using noun chunks and informa-
tive grammatical categories (nouns, proper nouns,
and adjectives). The objective is to select terms that
represent culturally relevant entities, practices, or
concepts, discarding common words typical of in-
terrogative formulations. Additionally, a semantic-
similarity-based diversity criterion is applied to
prevent keywords from becoming excessively cor-
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Figure 1: Architecture system.

related with a specific question, thereby reducing
the risk of generating reformulations close to the
base set.

3.2 Multilingual SAQ Question Generation
with LLM

New SAQ questions are generated using the
model meta-llama/Llama-3.2-1B-Instruct un-
der a controlled generation scheme. The prompt
imposes explicit constraints: brief questions, valid
interrogative structure, a single semantic intent,
and coherence between the topic and the keyword.
When a quantitative answer is required, a specific
template is activated to restrict the expected out-
put type and avoid ambiguities. For the multilin-
gual component, a base set is initially generated
in English and subsequently adapted to other re-
gions through controlled translation using the same
LLM. Each generated question is evaluated using
embedding-based semantic similarity (cosine simi-
larity). If similarity exceeds a 20% threshold, the
question undergoes rewriting. This iterative pro-
cess ensures semantic independence from the orig-
inal content and enables the construction of a co-
herent, diverse synthetic training set. Although
the synthetic data is controlled through similarity
thresholds, duplicate filtering, and iterative vali-
dation to ensure diversity and avoid redundant or
overly similar questions.

3.3 Evidence Retrieval with Google Snippets
and Top-K Selection

For each generated question, external evidence is
retrieved using the Google Custom Search API.
Multiple results and their corresponding text frag-
ments are extracted, after which the Top-K most
relevant fragments (K = 4) are selected using
embeddings and cosine similarity. The choice of

K = 4 balances informational coverage and com-
putational efficiency, reducing token cost and min-
imizing the risk of contradictory evidence while
maintaining sufficient context to cover implicit an-
swers (Morillo et al., 2025).

3.4 Construction of the Final Training Set
Using the questions and selected fragments, the
final training set is constructed, including the iden-
tifier, topic, keyword, question in the local lan-
guage, question in English, and the four associated
fragments. The LLM is additionally used to gener-
ate answers consistent with the retrieved evidence,
ensuring that training faithfully reproduces the in-
ference scenario: answering short questions based
exclusively on brief textual evidence. During this
process, accuracy was used as a preliminary metric
to verify the coherence between the question, the
evidence, and the generated answer.

3.5 Few-shot + RAG
During evaluation on the development and test sets,
the same retrieval mechanism is applied. For each
target question, the Top-K most relevant fragments
are selected, and semantically similar examples
from the training set are incorporated using embed-
dings. These examples are inserted into the prompt
together with the retrieved evidence under a Few-
shot + RAG scheme. The model generates a single-
line response in the same language as the question,
under strict constraints that prevent additional ex-
planations or lengthy outputs, prioritizing precision
and cultural adequacy (Almanza-González et al.,
2025).

4 Experimental Setup

The experimental configuration evaluates the sys-
tem under a scheme in which training is based ex-
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Table 1: Accuracy by language/region on the development data — meta-llama/Llama-3.1-8B-Instruct

Language ar-EG ar-MA ar-SA bg-BG el-GR en-AU en-GB es-EC es-ES es-MX eu-ES fa-IR
Accuracy (%) 42.86 42.86 57.14 57.14 40.00 14.29 60.00 50.00 60.00 20.00 28.57 40.00

Language fr-FR ga-IE id-ID ja-JP ko-KR ms-SG ta-LK ta-SG tl-PH zh-CN zh-SG Overall
Accuracy (%) 12.50 28.57 40.00 14.29 0.00 28.57 71.43 14.29 50.00 100.00 28.57 38.51

clusively on synthetic data, supported by external
evidence. At the same time, the official develop-
ment and test sets are processed using the same
retrieval and generation pipeline. It allows measur-
ing generalization capability without direct training
on BLEnD.

4.1 Models and Components Used

The system integrates three main compo-
nents. The central generative model is
meta-llama/Llama-3.2-1B-Instruct, used
both in synthetic dataset generation and in final
inference. To analyze the impact of model size,
meta-llama/Llama-3.1-8B-Instruct was also
evaluated, allowing the study of how parametric ca-
pacity influences multilingual cultural performance.
Semantic similarity tasks, novelty control, and
Few-shot retrieval employ the embedding model
sentence-transformers/all-MiniLM-L6-v2.
External retrieval is performed using the Google
Custom Search API, which provides textual
fragments and metadata (title, link, and summary),
enabling verification of whether the answer is
explicitly contained in the evidence or must be
generated from the available context.

4.2 Operational Parameters of the Pipeline

The pipeline prioritizes consistency and control
over output format. For each question, four frag-
ments are selected according to cosine similarity.
The context sent to the model includes the ques-
tion, the evidence, and, when applicable, Few-shot
examples. Responses are limited to 10-15 words,
with a maximum of 24 generated tokens, to avoid
lengthy or explanatory outputs and ensure unifor-
mity in evaluation.

4.3 Evidence Collection and Reproducibility

To guarantee reproducibility, API queries are stored
in a local cache, avoiding repeated calls and main-
taining consistency across runs. Credentials and
usage limits are enforced, and a resumption mecha-
nism is implemented to resume processing without
recalculating prior instances. Additionally, version

control is implemented using Git to ensure trace-
ability and proper management of experimental
development.

5 Results

The results on the development set show a clear dif-
ference between the evaluated models. With meta-
llama/Llama-3.1-8B-Instruct, the system achieved
an overall accuracy of 38.51%, whereas with meta-
llama/Llama-3.2-1B-Instruct the accuracy dropped
to 15.54%. This gap highlights the significant
impact of model size on tasks that require cul-
tural reasoning and implicit contextualization. The
higher-capacity model (8B) captures complex se-
mantic relationships more effectively and better
leverages evidence retrieved from RAG. In contrast,
the 1B model exhibits limitations when integrating
information dispersed across multiple web snip-
pets. The language-level analysis on the develop-
ment set reinforces this structural difference. In the
8B model, outstanding performance is observed in
zh-CN (100.00%) and ta-LK (71.43%), and consis-
tent results are observed in en-GB (60.00%), es-ES
(60.00%), ar-SA (57.14%), and bg-BG (57.14%).
In contrast, the 1B model shows a considerable re-
duction across most languages, with multiple cases
close to zero. This behavior suggests that the addi-
tional parametric capacity of the 8B model enables
better alignment between the question, the retrieved
evidence, and the final generation, especially when
the answer is not explicitly contained within a sin-
gle snippet.

In terms of computational efficiency, during the
first submission on the development set (158 in-
stances), the 1B model required approximately 45
minutes to generate all responses. Considering that
the evaluation set consists of 30,500 instances, a
prompt and inference flow optimization was per-
formed to improve scalability without compromis-
ing performance. After this optimization, the sys-
tem processed the 30,500 instances in an equivalent
time (approximately 45 minutes), maintaining com-
parable accuracy. This result shows that although
the 1B model has representational limitations, its
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Table 2: Accuracy by language/region on the development data — meta-llama/Llama-3.2-1B-Instruct

Language ar-EG ar-MA ar-SA bg-BG el-GR en-AU en-GB es-EC es-ES es-MX eu-ES fa-IR
Accuracy (%) 0.00 14.29 0.00 14.29 40.00 0.00 20.00 12.50 40.00 20.00 0.00 40.00

Language fr-FR ga-IE id-ID ja-JP ko-KR ms-SG ta-LK ta-SG tl-PH zh-CN zh-SG Overall
Accuracy (%) 0.00 0.00 20.00 14.29 0.00 14.29 28.57 14.29 0.00 100.00 14.29 15.54

Table 3: Accuracy by language/region on the evaluation data — meta-llama/Llama-3.2-1B-Instruct

Language ar-EG ar-MA ar-SA bg-BG el-GR en-AU en-GB es-EC es-ES es-MX eu-ES fa-IR
Accuracy (%) 7.60 2.20 6.00 10.00 9.40 31.60 35.00 5.20 19.40 15.60 1.00 16.20

Language fr-FR ga-IE id-ID ja-JP ko-KR ms-SG ta-LK ta-SG tl-PH zh-CN zh-SG Overall
Accuracy (%) 20.40 0.20 24.20 8.20 12.80 0.00 3.20 14.60 14.60 13.80 19.40 16.69

smaller size allows for greater efficiency when the
pipeline is properly optimized.

On the evaluation set, the trend observed in de-
velopment is maintained. The 1B model achieves
an overall accuracy of 16.69%, slightly higher than
in development (15.54%), but significantly lower
than that of the 8B model. This behavior indi-
cates that although the pipeline generalizes without
direct training on BLEnD, the final performance
strongly depends on the generative model’s capac-
ity. At a large scale, the 1B model faces greater
difficulty handling the cultural and linguistic vari-
ability of the full dataset, particularly in languages
where everyday knowledge is implicit or depends
on local conventions that are not easily inferred
from short web evidence.

Likewise, variability across languages persists
in the evaluation set. While some languages show
moderate performance, others, such as ga-IE or ta-
LK, register low scores. This dispersion suggests
that the approach’s effectiveness depends not only
on model size but also on the availability and clarity
of the retrieved evidence. In languages where web
snippets provide direct, explicit answers, the sys-
tem tends to respond correctly; in contrast, when
the information is implicit or requires additional
inference, the lower-capacity model exhibits limi-
tations. Overall, the results confirm that integrat-
ing web snippets through RAG constitutes a viable
strategy for addressing multilingual cultural knowl-
edge without direct supervised training. However,
they also demonstrate that model capacity plays a
decisive role in the final quality of the responses.
The 8B model shows greater robustness and bet-
ter utilization of retrieved context. In contrast, the
1B model, although computationally more efficient
and scalable after pipeline optimization, imposes

constraints in high-cultural-complexity scenarios.

6 Conclusion

This study demonstrates that evaluating everyday
knowledge in multilingual and multicultural con-
texts requires architectures that explicitly integrate
external evidence. The main contribution of this
work lies in the systematic integration of web frag-
ments (snippets) as contextual evidence and in re-
inforcing the LLM to identify, within those frag-
ments, whether the correct answer is explicitly con-
tained, validating its coherence before generating
it. Additionally, iterative prompt adjustments were
incorporated to validate the response and select the
fragment with the highest semantic relevance to
the question through embedding-based similarity.
This scheme enabled the alignment of question, ev-
idence, and final output within a controlled flow
that reduces ambiguity.

The results confirm that parametric capacity sig-
nificantly influences the integration of implicit cul-
tural knowledge; however, they also show that,
through optimization of the inference pipeline, it
was possible to maintain the same performance of
the lightweight model while substantially reducing
execution time on the evaluation set, which con-
tains a considerably larger volume of instances than
the development set. Additional exploratory ex-
periments using alternative configurations, includ-
ing Few-shot without retrieval and standard RAG
without synthetic data, showed lower performance,
reinforcing the effectiveness of the proposed in-
tegrated pipeline. From a prospective standpoint,
we propose designing comparative experiments us-
ing LLMs from different families and parametric
scales beyond the LLaMA architecture to analyze
how different pretraining.
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