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Abstract

Although Large Language Models (LLMs)
demonstrate excellent capabilities and perfor-
mance for general reasoning tasks within the
general public domain, they may face chal-
lenges with culturally grounded knowledge
within languages with limited digital and tex-
tual data. In this paper, we investigate cul-
turally grounded multiple-choice question an-
swering with the BLEnD benchmark, which
consists of a multilingual corpus of 30 lan-
guages and covers various socio-cultural do-
mains, such as cuisine, sports, family, etc. We
propose a region-aware hybrid retrieval ap-
proach that combines BM25 lexical matching
and dense semantic similarity with regional
weighting heuristics to improve the relevance
of the answer. The retrieved documents are
used to construct a structured prompt for the
Qwen3-14B quantized model with logit-based
deterministic answer selection. The experi-
mental results show improvements to cross-
lingual stability with the hybrid retrieval ap-
proach over pure parametric inference for cul-
turally grounded question answering. How-
ever, there are still notable performance gaps
between languages with more and less train-
ing data. This shows that the limitations of
the retrieval augmentation approach are not en-
tirely overcome by the training data imbalance
problem.

1 Introduction

Large Language Models (LLMs) have shown im-
pressive capabilities in delivering outstanding re-
sults across a broad range of natural language pro-
cessing tasks (Schick et al., 2023; Brown et al.,
2020). When asked to answer questions based on
Western culture, their answers are highly accurate.
However, if they are asked to answer questions
related to everyday cultural knowledge from an
Eastern background or other less-represented re-

gions, their performance is not as satisfactory (Tao
et al., 2024; Naous et al., 2024). If these models are
asked questions related to everyday cultural knowl-
edge, their limitations become quite apparent. For
example, if they are asked to answer questions like

“What do Australians need to do to prevent fires
in summer?” their limitations become quite appar-
ent. The reason behind this is that these models
are trained on large-scale corpora like Wikipedia
and Common Crawl, which are dominated by in-
formation from specific regions, languages, and
perspectives. The distribution of culturally specific
everyday knowledge in these models is inherently
unbalanced (Navigli et al., 2023; Naous et al.,
2024). As a result, these models are likely to pro-
duce answers that are incomplete, too general, or
even incorrect (McIntosh et al., 2024). The unbal-
anced distribution of culturally specific everyday
knowledge in these models can result in halluci-
nations, leading to stereotypical answers (Myung
et al., 2025). The limitations of these models in
question-answering systems need to be evaluated
in relation to everyday knowledge.
This research focuses on the answering of multiple-
choice questions culturally based with large lan-
guage models. The following are the main items
we will accomplish:

• Create a hybrid retrieval method that incorpo-
rates BM25 (what the BM25 algorithm does
is attempts to match relevant documents to
the query) matched to the query lexically and
matched semantically .

• Implement a region-based enhancement on
the retrieval process (where we prioritize ev-
idence that is culturally relevant to the ques-
tion).

• Utilize retrieval based augmentation to add
culturally appropriate evidence retrieved to
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the structured prompt for culturally situated
reasoning.

• Apply a logit-based approach for determin-
ing the answer choice (A-D) so we can pro-
vide deterministic and efficient selection of
multiple-choice answers.

2 Related Work

2.1 Cultural Commonsense Knowledge in
Large Language Models

Even though Large Language Models (LLMs) per-
form well on general types of commonsense rea-
soning, they do not perform as well when evaluated
based on culture-specific commonsense reasoning.
The differences between cultures often result in
very different performance on the general com-
monsense tasks provided to LLM’s. For example,
while both general commonsense and cultural con-
text influence performance of LLMs on common-
sense reasoning, the language used in the query
modifies the accuracy of the LLM on tasks related
to only culture (Shen et al., 2024). These differ-
ences in performance indicate that LLM’s exhibit
built-in biases towards a particular culture, result-
ing from an unbalanced amount of training data
that is heavily weighted toward dominant cultural
representations as well as completely monolingual,
English-language datasets (Navigli et al., 2023).
The same types of biases exist with respect to moral
values. For example, monolingual English LLMs
do not adequately account for the fine-grained dif-
ferences between countries with respect to moral
concepts such as homosexuality or divorce, nor do
they have a good grasp of the overall patterns of
global moral diversity found in datasets such as
the World Values Survey or PEW Surveys. The
fine-tuning of LLMs using representative data will
increase the accuracy of moral inferences across
multiple countries but decrease accuracy with re-
spect to norms within the United States (Ramezani
and Xu, 2023).

2.2 Performance on Eastern and
Region-Specific Cultural Knowledge

Evaluations of LLMs (Large Language Models)
confirm that they perform less well with everyday
knowledge of Eastern cultures. In a case study,
the Korean medical licensing examination (Korean
National Licensing Examination for Korean Medi-
cal Doctors, K-NLEKMD) had a 66.18% success-
ful score for GPT-4. While this was above the

cutoff of 60%, LLMs lost accuracy on localized
topics (e.g. public health law, internal medicine,
acupuncture) when compared to non-localized top-
ics (compared TKM-specialized versus non-TKM-
specialized).Improvements in prompting (e.g., an-
notating the prompts with Chinese terms, self-
consistency) were an important factor in the LLM’s
successful score; reflecting how LLMs continue
to encounter challenges when adapting to other
languages and cultures (Jang et al., 2023). n
the context of Mandarin Chinese, ChatGPT-3.5
had a passing score of 153.5/300 in the Postgrad-
uate Examination for Clinical Medicine (passed
at the 20th percentile), but ChatGPT-3.5’s perfor-
mance on the open-ended exam questions (31.5%
accuracy) failed; results were 42% in common,
37% in multi-choice, and 17% in case analysis,
although there was a 90% average agreement and
high insight from the generated results. These
results suggest that the recall/diagnosis perfor-
mance of the LLM was better than that of the
intervention-based performance and suggest that
the LLM faces challenges adapting to other lan-
guages (Yu et al., 2024). Research comparing
English to Chinese has shown vast differences be-
tween these two languages as well as how LLM’s
are challenged greatly with Chinese language for-
mality and structure, or grammar, due to cultural
differences (Wang et al., 2024).

2.3 Bias Origins and Mitigation Strategies

selection bias of the training data, I.e., it may
reflect a variety of social biases (e.g., those re-
lated to gender, age, ethnicity, religion, and lan-
guage) (Navigli et al., 2023). An imbalanced cor-
pus can also contribute to under-representation of
low-resource languages and cultures. Examples
of initiatives intended to mitigate this problem in-
clude NusaWrites, which creates a culturally rel-
evant corpus using paragraphs written by native
speakers in each of the 12 low-resource languages
spoken in Indonesia, showing more lexical diver-
sity than scraping or translation methods of ob-
taining data (Cahyawijaya et al., 2023). LLMs
present opportunities for researchers in the human-
ities to use low-resource languages for research;
however, researchers face difficulties due to the
scarcity of data, adaptability, and cultural sensi-
tivity of the data collected. Researchers require a
customized model and collaboration with interdis-
ciplinary teams in order to overcome these obsta-
cles (Zhong et al., 2026).
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Figure 1: Overview of the proposed system architecture.

3 Methodology

We designed a two step pipeline for the BLEnD
dataset consisting of:

• a Hybrid Evidence Ranker

• a Quantized LLM Inference Engine

to address both the cultural rationale of the dataset
and the Multiple Choice Question (MCQ) objec-
tives. The overall system architecture is illustrated
in Figure 1. It consists of a hybrid evidence rank-
ing module followed by a quantized LLM-based
inference engine for deterministic answer selec-
tion.

3.1 Hybrid Evidence Ranking

To determine cultural context relevance, our re-
trieval system provides a combination of traditional
lexical matching and dense semantic similarity.

• Using the standard BM25 algorithm (Robert-
son and Zaragoza, 2009) with word-boundary
tokenization, lexical matching captures ex-
act matches of keywords between the cultural
question and document evidence.

• To define contextual nuance and semantic
meaning, dense embeddings were produced
using the all-MiniLM-L6-v2 SentenceTrans-
former model and the cosine similarity be-
tween the question and the picture evidence
was calculated.

• BM25 and semantic scores were combined to
obtain an overall score (40% BM25, 60% se-
mantic). For further refinement, a heuristic of
30% weight was added to the combined score
if there was a regional reference in the evi-
dence evidence text. The final ranking score
for each document is calculated according.
FinalScore = (0.4·BM25+0.6·Semantic)·
(1 + RegionBonus)

• Output: The documents are sorted based on
this final score, and the top 5 highest-ranking
evidence chunks are extracted and passed to
the inference stage.

3.2 LLM-Based Cultural Reasoning
For the MCQ selection, we utilized a large lan-
guage model to synthesize the retrieved evidence
and determine the correct answer.

• Modeling Setup: The Qwen3-14B (Team,
2025) model was utilized. To reduce VRAM
usage and efficiently batch process models,
we loaded the model with 4-bit NormalFloat
(nf4) quantization with double quant and us-
ing float16 for compute.

• Prompt Construction: The model is prompted
as a "cultural reasoning model." The model’s
5 best documents are inserted directly above
the question and choices in the context win-
dow, with choices labelled A, B, C and D. If
there is no evidence returned, the prompt de-
faults to using the model’s parametric knowl-
edge.
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• Prediction Selection based on Logits: Instead
of using generated free text, which can have a
lot of formatting errors or be very wordy, we
used a very strict logarithmic scoring system.
The next-token prediction logit values are ex-
tracted only for the four letters A, B, C, and D.
The choice with the highest probability mass
(highest logit) is selected as the final choice.

• Prediction Processing and Exporting: Predic-
tions are processed in batches of 16 for maxi-
mum use of GPU. The final predictions will
be converted to one-hot encoding format for
the four choices.

4 Results

4.1 Dataset
For evaluations, we use the BLEnD bench-
mark (Myung et al., 2024), developed as part of
SemEval-2026 Task 7 (Ousidhoum et al., 2026),
which focuses on evaluating everyday knowledge
across diverse languages and cultural contexts. It
comprises approximately 52,600 question–answer
pairs spanning 16 diverse countries/regions and
30 languages, including several low-resource lan-
guages such as Amharic, Assamese, Azerbaijani,
Hausa, and Sundanese. This diversity ensures a
rigorous test of a model’s ability to reason across
both Western-centric and underrepresented cultural
contexts. The questions are hand-crafted by na-
tive speakers and categorized into six core socio-
cultural domains: Food, Sports, Family, Educa-
tion, Holidays & Leisure, and Work-Life. Figure 2
presents the language-wise percentage distribution
of question–answer pairs in the benchmark. Al-
though the dataset is multilingual, the representa-
tion is not uniform across languages, which may
influence cross-lingual evaluation dynamics.

4.2 Quantitative Results
To quantify the impact of region-aware hybrid re-
trieval on culturally situated reasoning, we perform
a comprehensive evaluation on the BLEnD bench-
mark. The most accurate answer (of the four) will
be identified through an exact match to determine
how accurately the cultural appropriateness of a
model’s response can be without generating free-
text output. As illustrated in Figure 2 2, a sig-
nificant amount of variance exists in performance
levels among different languages; that is, high-
resource languages demonstrate much greater ac-
curacy than many low-resource languages. The
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Figure 2: Percentage distribution of question–answer
pairs across languages in the BLEnD benchmark.

continued performance disparity between the two
groups of languages relates to the disparity of train-
ing data available for the models; thus, retrieval-
based augmentation affects the degree of perfor-
mance disparity to a certain extent. However, the
overall performance difference is smaller than typ-
ically observed in analyses of pure parametric (i.e.,
non-hybrid) LLMs, suggesting that the hybrid rank-
ing approach may help mitigate some of the exist-
ing disparities in cultural knowledge representation.

5 Limitation and Conclusion

Figure 3’s quantitative evaluation results indicate
that, although the model performs adequately from
an accuracy perspective, there is still a substantial
lack of success in low-resource languages (e.g.,
low accuracy). Although the hybrid retrieval mech-
anism proposed in this study alleviates some of
the cultural knowledge gaps present in certain lan-
guages, the performance gap remains in languages
that were not as well represented during large-scale
pretraining (e.g., Amharic, Hausa, and Sundanese)
based on the BLEnD benchmark. Therefore, it
appears that retrieval augmentation alone will not
adequately address some of the imbalances cre-
ated by using large-scale pretraining corpora for
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Figure 3: Test-set performance comparison across languages.

creating a machine translation system. One limit-
ing factor is how well the search engine depends
on only external document collection. If there are
not enough relevant cultural documents available,
or if they do not match the query, the retrieval
module will be more likely to retrieve irrelevant
documents than it will to provide a basis for us-
ing meaningful contextual evidence. In addition,
the region-weighting heuristic may not work prop-
erly in situations where the cultural reference is
not stated explicitly, but only found on the surface
of a region. Therefore, it may not be effective
in many cases because it evaluates cultural docu-
ments based on their general location rather than
on their specific nature. A second limitation is
that a logit-based deterministic answer selection
strategy limits the reasoning to next-token proba-
bility distributions and does not model multi-step
deliberation directly, even though this provides for
robustness of format and computation efficiency.
As a result, more nuanced, culturally-grounded rea-
soning involving deeper inferences may be missed.
Afterwards, 4 bit quantizing allows quick and ef-
fective uses of synthetic intelligence, but can result
in small losses of representational precision, which
can impact the ability of the AI to perform well
on languages that are very linguistically complex
or grammatically rich. In this paper, we proposed
an interesting hybrid retrieval and logit-based in-
ference structure that was created using region-
ally contextualized data to answer multiple-choice
questions with cultural background. Results from

our experiments using the BLEnD benchmark indi-
cated that actually incorporating lexical matching,
semantic similarity, and regionally prioritized rank-
ing into a hybrid retrieval and logit-based inference
model helped stabilize cross-cultural reasoning per-
formance. Nevertheless, the ongoing performance
gaps between low resource languages remind us
that dissimilar training sets have an ongoing neg-
ative impact on the performance of AI systems;
and there is a continuing need to use more cultur-
ally diverse training and retrieval methods on the
development and improvement of AI systems. It
is essential for future work to focus on develop-
ing dynamic region models, creating a culturally
informed re-ranking mechanism, and developing
fine-tuning strategies that target low-resource lin-
guistic communities. By enhancing multilingual
evidence bases and using structured cultural knowl-
edge graphs to bolster the cross-cultural evaluation
of LLMs, we can improve the integrity and fairness
of the evaluations.
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