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Abstract

Understanding everyday cultural knowledge re-
mains a fundamental challenge for large lan-
guage models (LLMs). This paper presents
LOCUPROMPT, a multilingual framework for
SemEval-2026 Task 7: Everyday Knowledge
Across Diverse Languages and Cultures. To
address Short Answer Questions (SAQ), we
employ an English-pivot generation strategy
with back-translation, combined with empir-
ical locale-specific routing that dynamically
assigns the optimal LLM to each target re-
gion. For Multiple-Choice Questions (MCQ),
we apply parameter-efficient fine-tuning to a
robust multilingual base model, utilizing locale-
aware instructions that frame the LLM as
a “local resident.” By integrating strategic
model selection with resource-efficient adapta-
tion, LOCUPROMPT effectively bridges cross-
lingual cultural gaps while maintaining a fully
reproducible pipeline.

1 Introduction

Large language models (LLMs) excel at general
knowledge and logical reasoning, but their under-
standing of everyday cultural knowledge—the im-
plicit, context-sensitive wisdom that guides daily
life in specific societies—remains fragile and un-
evenly distributed. Questions like “What do peo-
ple in Morocco say when someone sneezes?” or
“Which hand is considered polite to eat with in
Saudi Arabia?” cannot be answered by world
knowledge alone; they require deep familiarity
with local customs, values, and lived experi-
ence. SemEval-2026 Task 7 introduces extended
BLEnD(Myung et al., 2024), a multilingual bench-
mark to evaluate this capability across over 30
language-region pairs, spanning six continents and
diverse cultural spheres.

To address this challenge, this paper proposes
LOCUPROMPT, a lightweight, prompting-based
framework that adapts to cultural context without

extensive training. LOCUPROMPT tackles both
task tracks: (1) Short Answer Questions (SAQ),
where a pivot-language pipeline combines cul-
turally grounded prompting with optional back-
translation; and (2) Multiple-Choice Questions
(MCQ), where a pre-trained multilingual model
is adapted via parameter-efficient fine-tuning on
the provided development data, using locale-aware
instructions that frame the model as a “local resi-
dent.”

A key design principle of LOCUPROMPT is em-
pirical model selection. Rather than relying on
a single LLM, the framework assigns the best-
performing model—selected from a diverse pool of
state-of-the-art systems—to each locale based on
validation performance. This data-driven routing
avoids the “one-model-fits-all” pitfall and leverages
the complementary cultural strengths of different
models.

This work demonstrates that combining cultur-
ally contextualized prompting, strategic model se-
lection, and minimal supervised adaptation can
effectively enhance cross-cultural performance in
multilingual question answering. All methodolog-
ical components are designed for reproducibility
under the constraints of the shared task.

2 Related Work and Task Background

2.1 Knowledge and Cultural Evaluation

SemEval-2026 Task 7 (Ousidhoum et al., 2026)
addresses a critical gap in LLM evaluation by intro-
ducing the extended BLEnD benchmark. This task
evaluates LLMs’ understanding of region-specific
common sense, ranging from local customs to prac-
tical social norms, through two formats: Short An-
swer Questions (SAQ) and Multiple-Choice Ques-
tions (MCQ).

This benchmark transcends traditional multilin-
gual datasets like MKQA (Longpre et al., 2021)
and XQuAD (Schuster et al., 2019), which fo-
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cus heavily on the cross-lingual transfer of factual
knowledge while overlooking culture-specific nu-
ances. While XCOPA (Ponti et al., 2020) explores
causal commonsense across cultures, its scenarios
are often abstract and decoupled from specific geo-
graphical locales. Furthermore, recent studies on
cultural bias often rely on high-level national in-
dices, such as Hofstede scores (Pawar et al., 2024);
however, these indices fail to capture the granu-
lar, lived experiences that characterize everyday
cultural competence.

2.2 Prompting and Cultural Alignment

Our methodology builds on advances in prompt-
ing strategies and model selection. In terms of
prompting, techniques such as Chain-of-Thought
(CoT)(Wei et al., 2023; Kojima et al., 2023) have
demonstrated efficacy in decomposing complex
reasoning tasks. To bridge the cultural gap, role-
play prompting has emerged as a powerful tool for
cultural alignment(Kong et al., 2024), alongside
broader efforts in culturally aware prompting to
mitigate socio-cultural biases (Adilazuarda et al.,
2024).

2.3 Model Selection and Routing

The concept of routing queries to specialized sys-
tems—a core feature of LOCUPROMPT—draws
inspiration from the Mixture-of-Experts (MoE)
paradigm (Shazeer et al., 2017; Fedus et al., 2022)
and ensemble selection frameworks like LLM-
Blender (Jiang et al., 2023). While MoE focuses
on architectural efficiency, our approach applies
the principle of empirical model selection to lever-
age the idiosyncratic cultural strengths of differ-
ent LLMs. Despite the success of these tech-
niques in general domains, their application to
diverse and context-heavy locales, locale-specific
adaptation remains underexplored. SemEval-2026
Task 7 provides a unique testbed for solutions that
are both computationally accessible and culturally
grounded, exposing existing limitations in models’
ability to navigate diverse real-world social land-
scapes.

3 Methodology

LOCUPROMPT is a modular framework designed
for SemEval-2026 Task 7, integrating culturally
grounded prompting, empirical model selection,
and parameter-efficient fine-tuning (PEFT).

3.1 Short Answer Questions (SAQ)
For the SAQ track, we implement a pivot-language
prompting pipeline that leverages the reasoning
capabilities of English-dominant LLMs while pre-
serving cultural context. The pipeline consists of
five stages:
1. Input: A question qℓ in the target language

ℓ (e.g., Irish: “Cé na tionscail a roghnaíonn
daoine óga...”).

2. Translation: qℓ is translated into English (qen)
via the Google Translate API. This avoids the
instability of zero-shot in-context translation in
multilingual LLMs.

3. Culturally Grounded Prompting: qen is em-
bedded into a role-play prompt framing the
model as a “local resident.”

### Instruction: You are a
local resident of [Country].
Answer the following question
in English, concisely and with
cultural accuracy. Provide
only the essential answer
without preamble.
### Question: qen
### Response:

4. Generation: The selected LLM generates a con-
cise English answer aen.

5. Back-translation: aen is translated back into
language ℓ to produce the final answer aℓ.

3.2 Multiple-Choice Questions (MCQ)
For the MCQ track, we employ Quantized Low-
Rank Adaptation (QLoRA) (Hu et al., 2021;
Dettmers et al., 2023) to adapt a strong multilingual
model to the nuances of the task. Given the rela-
tively small size of the provided pilot data, QLoRA
allows for efficient supervised fine-tuning (SFT)
by updating only a small fraction of the model’s
parameters.

Model Configuration: We utilize a 4-bit quan-
tized base model (e.g., Qwen series) as the back-
bone. LoRA adapters are applied to all linear layers
(including q, k, v, o projections and MLP layers)
with a rank of r = 16 and α = 16 to ensure suffi-
cient capacity for learning cultural contexts.

Task Framing: Each training sample is con-
verted into a structured instruction following the
prompt template:

“As a local resident of
[Country], please answer the
following question based on
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common knowledge in [Country].
Question: q
Options: A. o1 B. o2 C. o3 D. o4
Answer with only the letter (A,
B, C, or D):”

Optimization: The model is trained to minimize
the negative log-likelihood of the correct answer
letter y:

L = − logP (y | X; θfrozen +∆θLoRA)

where X is the formatted input and ∆θLoRA

represents the trainable low-rank matrices. This
strategy allows the model to align its outputs with
the specific MCQ format and internalize region-
specific social norms provided in the development
set.

3.3 Locale-Specific Model Selection
A primary innovation of LOCUPROMPT is its em-
pirical model routing mechanism. Recognizing
that no single LLM dominates across all cultural
contexts—with performance gaps exceeding 35%
accuracy in certain locales—we dynamically assign
the most proficient model to each language-region
pair.

Formally, let M = {m1, . . . ,mn} be the pool
of candidate models, and s(c,m) represent the val-
idation accuracy for a pilot locale c ∈ Cpilot. The
optimal model m∗(c) is defined as:

m∗(c) = arg max
m∈M

s(c,m)

For test locales ctest /∈ Cpilot, we employ a lin-
guistic and geographic proximity heuristic to
map unseen regions to the most proximate pilot
locale. For example, en-US inherits the model
selected for en-GB, and zh-TW defaults to the
choice for zh-CN. While we acknowledge that
nearby cultures exhibit meaningful local varia-
tions (Bromham and Yaxley, 2023), this strategy
leverages the correlation between linguistic fami-
lies and regional contexts to generalize model per-
formance (Koto et al., 2024).

Limitation. We acknowledge that this
proximity-based mapping is an approximation. As
noted in cross-cultural studies, nearby cultures
share many traits but also exhibit meaningful lo-
cal variation (Bromham and Yaxley, 2023). For
instance, while en-US and en-GB share a language,
everyday cultural knowledge (e.g., social norms,

customary practices) can differ substantially. Fu-
ture work should collect pilot data for underrepre-
sented locales to enable direct empirical selection
rather than relying on proximity heuristics. Despite
this limitation, the routing strategy significantly
outperforms any single model, as evidenced by the
large performance gaps observed in pilot locales.

4 Experimental Setup

4.1 Data Splits and Usage

LOCUPROMPT strictly adheres to the competition’s
data constraints, using no external training data.
The official dataset consists of:
• Pilot (Trial) Data: ∼148 examples across 24

language-region pairs, used as our development
set.

• Test Data: A hidden set of 31 locales, including
several not present in the pilot set.
For Track 1 (SAQ), the pipeline is entirely zero-

shot; pilot data is used only for model selection per
locale. For Track 2 (MCQ), we perform supervised
fine-tuning (SFT) using the pilot data.Given the
limited sample size ((N ≈ 6 per locale), 5-fold
cross-validation was conducted on the pilot data
to obtain a more statistically rigorous estimate of
the fine-tuning performance.

4.2 System Design Rationale

During development, we compared several archi-
tectural variants to optimize the balance between
cultural nuance and reasoning robustness:
• Uniform Model Baseline: A high-capacity mul-

tilingual model (one-size-fits-all) used to estab-
lish a performance floor.

• Direct Target-Language Generation: Prompts
were executed directly in the target language.
This led to frequent hallucinations and degraded
fluency in morphologically complex or low-
resource languages like Irish (ga-IE) and Basque
(eu-ES).

• English-Pivot Pipeline: Generating responses
in English before translating back to the target
language.
Justification for the English-Pivot Strategy:

While pivoting may introduce translation artifacts,
our pilot experiments confirmed its systemic su-
periority. The English-pivot strategy achieved an
overall accuracy of 54.73%, significantly outper-
forming direct generation (45.95%). This 8.8-point
margin suggests that the reasoning depth acquired
during English-centric pre-training outweighs the
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potential information loss during back-translation.
This strategy ensures logical consistency across di-
verse locales while our model routing mechanism
further refines cultural sensitivity at the individual
model level.

4.3 Training Details (Track 2)

Model selection. We choose Qwen3-4B (Team,
2025) as our base model due to its strong multi-
lingual capabilities and favorable performance-to-
size ratio. This decision is primarily motivated
by resource constraints common to individual re-
searchers: the model fits within a single 24GB GPU
and can be fine-tuned without exceeding memory
limits. Alternative models such as LLaMA-3-8B
present two barriers: first, they require an official
request and approval from Meta, which introduces
administrative overhead for individual researchers;
second, with 8 billion parameters, LoRA-based
adaptation would risk exceeding our 24GB mem-
ory budget, especially when accommodating batch
processing and gradient states. Larger models such
as Mixtral-8×7B (effectively 47B parameters with
MoE) are prohibitively memory-intensive under
our hardware constraints. Our goal is not to pro-
pose a state-of-the-art system, but to establish a
reproducible and lightweight baseline that lower-
resource participants can easily build upon.

Hyperparameter Value
LoRA Rank (r) / Alpha (α) 16 / 16
Learning Rate 2× 10−4 (Constant)
Optimizer 8-bit AdamW
Batch Size 4 (Accumulation = 2)
Epochs 3
Max Sequence Length 512 tokens

Table 1: Hyperparameters for MCQ fine-tuning.

QLoRA adapters are applied to all linear layers
(q, k, v, o, gate, up, down_proj). Training
was conducted on a single 24GB GPU, requiring
approximately 10 minutes per locale. Given the
small-scale data, we emphasize that SFT serves to
adapt the model’s output format rather than inject-
ing broad knowledge.

Observations on SFT Performance. Preliminary
findings from our cross-validation suggest that su-
pervised fine-tuning on such limited pilot data is ex-
ceptionally challenging, with performance remain-
ing near the random baseline. This underscores a
key characteristic of the task: nuanced cultural com-
mon sense cannot be readily "injected" into a model
through ultra-low-resource SFT alone. These em-

pirical results further validate our design choice to
prioritize empirical model routing as more robust
mechanisms for cross-cultural adaptation.

4.4 External Tools and Libraries

The framework is established using Hugging Face
Transformers and PEFT. Translation is handled by
a commercial machine translation API. We eval-
uated open-weight models and commercial APIs
with temperature settings ∈ [0.1, 1.1]. Our solu-
tion is designed for reproducibility and serves as
a lightweight baseline for lower-resource partici-
pants.

5 Results and Analysis

5.1 Overall Performance

Tables 2 and 3 present the exact-match (EM) accu-
racy of LOCUPROMPT on the official test set for
Track 1 (SAQ) and Track 2 (MCQ), respectively.

Track 1 (SAQ). Our system achieves an overall
accuracy of 52.14%, ranking 6th out of 13 partic-
ipating systems. Performance varies substantially
across locales, ranging from 13.4% (ar-MA) to
77.6% (en-US). Notably, English locales consis-
tently outperform their non-English counterparts
(e.g., en-EG: 59.6% vs. ar-EG: 48.0%; en-SA:
50.8% vs. ar-SA: 40.0%), reflecting the challenge
of multilingual generation for SAQ. The highest-
performing locale is en-US (77.6%), while the
lowest is ar-MA (13.4%), suggesting that North
African Arabic dialects pose particular difficulty
for zero-shot generation.

Track 2 (MCQ): LOCUPROMPT attained an
overall accuracy of 76.47%, ranking 13th out of
19. Accuracy was generally higher than in SAQ
due to the constrained nature of the task. The high-
est scores were observed in es-EC (92.94%) and
en-US (90.63%), while ko-KP (55.51%) remained
the most challenging. Interestingly, the gap be-
tween English and target languages was less pro-
nounced in MCQ, suggesting that SFT on pilot data
effectively helped bridge linguistic barriers.

5.2 Performance by Region and Language
Family

To identify systematic patterns, we aggregated re-
sults by geographic and linguistic categories.

Regional Disparities: In SAQ, North African
locales (ar-MA, ar-DZ, ar-EG) showed the lowest
average accuracy (35.7%), likely due to the diver-
gence of local dialects from Modern Standard Ara-
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Table 2: Track 1 (SAQ) results by locale: exact-match
accuracy (%). Overall accuracy: 52.14%. Rank: 6/13.

Locale Acc. (%) Locale Acc. (%)

am-ET 37.2 en-ET 41.6
ar-DZ 45.8 en-DZ 64.8
ar-EG 48.0 en-EG 59.6
ar-MA 13.4 en-MA 24.4
ar-SA 40.0 en-SA 50.8
as-AS 32.4 en-AS 56.2
az-AZ 38.8 en-AZ 41.8
bg-BG 34.6 en-BG 35.0
el-GR 40.0 en-GR 43.6
en-AU 70.2 en-GB 61.6
en-US 77.6 en-SG 74.0
es-EC 54.6 en-EC 52.4
es-ES 71.8 en-ES 65.2
es-MX 60.2 en-MX 55.2
eu-PV 54.6 en-PV 53.0
fa-IR 71.2 en-IR 65.8
fr-FR 64.8 en-FR 59.2
ga-IE 48.8 en-IE 52.0
ha-NG 34.4 en-NG 31.8
id-ID 76.6 en-ID 72.6
ja-JP 54.8 en-JP 51.6
ko-KP 48.4 en-KP 53.6
ko-KR 72.8 en-KR 73.4
ms-SG 64.2 zh-TW 29.2
su-JB 57.2 en-JB 56.0
sv-SE 40.0 en-SE 37.0
ta-LK 26.4 en-LK 31.4
ta-SG 47.2 tl-PH 56.4
zh-CN 66.8 en-CN 69.4
zh-SG 64.6 en-PH 53.6
en-TW 51.2

Table 3: Track 2 (MCQ) results by locale: exact-match
accuracy (%). Overall accuracy: 76.47%. Rank: 13/19.

Locale Acc. (%) Locale Acc. (%)

am-ET 57.21 ar-DZ 81.31
ar-EG 73.91 ar-MA 67.59
ar-SA 74.77 as-AS 65.85
az-AZ 63.43 bg-BG 75.31
el-GR 84.09 en-AU 86.94
en-GB 82.10 en-US 90.63
es-EC 92.94 es-ES 84.00
es-MX 89.36 eu-PV 76.37
fa-IR 62.34 fr-FR 86.32
ga-IE 80.72 ha-NG 58.81
id-ID 72.08 ja-JP 84.15
ko-KP 55.51 ko-KR 86.07
su-JB 70.87 sv-SE 71.36
ta-LK 81.69 tl-PH 70.16
zh-CN 87.20 zh-SG 81.07

bic. In contrast, East Asian locales (zh, ja, ko)
achieved the highest performance (average 66.2%).
In MCQ, regional gaps narrowed, though the Ko-
rean Peninsula remained a difficult outlier (average
70.8%).

Language Family: English locales outper-
formed non-English locales in SAQ (59.4% vs.
44.9%). However, in MCQ, this gap nearly dis-
appeared (78.2% vs. 75.1%), indicating that while
multilingual generation is brittle, multilingual com-
prehension and selection are more robust after adap-
tation.

5.3 Ablation Study and Cross-Validation

Given the small pilot set (N = 148), we performed
ablation tests to evaluate our design choices.
• Model Selection: Implementing empirical

model routing per locale yielded a 2.7% im-
provement over a fixed-model baseline (increas-
ing from 52.0% to 54.7% on pilot data).

• SFT vs. Prompting: For MCQ, LoRA fine-
tuning provided a marginal 1.2-point gain over
the zero-shot baseline. However, 5-fold cross-
validation revealed an average accuracy of only
27.13% (±7.16%) on the pilot set. This near-
baseline performance confirms that 148 examples
are insufficient to "inject" new cultural knowl-
edge; SFT primarily serves to align the model
with the output format.

• Translation Impact: The English-pivot strat-
egy outperformed direct generation by 8.8 points
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(54.73% vs 45.95%). However, this benefit is
uneven: in low-resource locales like ga-IE and
ar-MA, translation noise significantly degraded
SAQ accuracy compared to their English equiva-
lents.

5.4 Error Analysis

We conducted a quantitative error analysis on a
sampled subset of 200 cases (100 per track) to
identify recurring failure modes.

Failure Modes in SAQ:
• Factual Inaccuracy (87%): The primary error

source, where the model lacked specific regional
knowledge (e.g., local ingredients or startup
trends).

• Translation Artifacts (10%): In languages like
Irish and Basque, the pipeline misinterpreted di-
alectal terms, leading to nonsensical responses.

• Cultural Generalization (1%): The model oc-
casionally defaulted to global stereotypes (e.g.,
"bowing" for all Asian greetings) rather than spe-
cific local practices.
Failure Modes in MCQ:

• Factual Errors (82%): Similar to SAQ, the
model often selected incorrect options due to a
lack of localized common sense.

• Distractor Confusion (17%): The model strug-
gled with fine-grained cultural differences be-
tween semantically similar options (e.g., choos-
ing a "nod" instead of a "bow").

• Question Ambiguity (1%): Some questions
lacked sufficient context, allowing for multiple
plausible interpretations.

6 Conclusion

This work introduced LOCUPROMPT, a lightweight
framework for cultural QA that combines empiri-
cal model selection, English-pivot prompting, and
parameter-efficient adaptation. Our results on the
SemEval-2026 Task 7 benchmark demonstrate that:
1. Locale-aware model routing effectively lever-

ages the unevenly distributed cultural strengths
of different LLMs.

2. English-pivot pipelines significantly extend the
reasoning depth for most locales but remain frag-
ile for low-resource languages due to translation
bottlenecks.

3. Small-scale SFT is effective for format align-
ment but cannot compensate for a baseline lack
of localized factual knowledge.

Future work should focus on grounding models in

regionally curated data to mitigate factual errors
and exploring few-shot in-context learning to navi-
gate data-scarce cultural regimes.

A Model Selection and Additional Details

A Per-Locale Model Performance

Table 4 reports the exact-match accuracy (%) of
five anonymized multilingual language models on
the official pilot data across 24 language-region
pairs. For each locale, all models achieving the
highest score are bolded.

To guide model selection for the test submis-
sion, we adopted a pilot-based routing strategy: for
each locale present in the pilot set, we selected
the model with the highest validation performance.
For locales absent from the pilot (e.g., en-US, zh-
TW), we assigned models based on linguistic or
geographic proximity to a pilot locale (e.g., en-US
→ en-GB, zh-TW → zh-CN). The final mapping
is provided in Table 5.

Locale Lamma3 Qwen DeepSeek GPT-5 Gemini

Overall 39.2 43.9 45.9 45.9 52.0
ar-EG 28.6 28.6 42.9 42.9 57.1
ar-MA 57.1 57.1 57.1 57.1 57.1
ar-SA 42.9 42.9 57.1 57.1 57.1
bg-BG 71.4 57.1 57.1 57.1 57.1
el-GR 60.0 60.0 60.0 60.0 60.0
en-AU 28.6 14.3 28.6 42.9 42.9
en-GB 60.0 20.0 20.0 40.0 40.0
es-EC 62.5 75.0 87.5 62.5 75.0
es-ES 60.0 60.0 60.0 60.0 60.0
es-MX 20.0 40.0 20.0 20.0 40.0
eu-ES 14.3 42.9 42.9 57.1 71.4
fa-IR 40.0 40.0 40.0 40.0 60.0
fr-FR 0.0 0.0 25.0 12.5 25.0
ga-IE 14.3 28.6 0.0 14.3 14.3
id-ID 20.0 40.0 40.0 60.0 40.0
ja-JP 14.3 14.3 14.3 14.3 14.3
ko-KR 0.0 0.0 20.0 20.0 40.0
ms-SG 57.1 71.4 57.1 57.1 71.4
ta-LK 71.4 57.1 57.1 57.1 71.4
ta-SG 28.6 28.6 28.6 14.3 14.3
tl-PH 50.0 75.0 87.5 75.0 75.0
zh-CN 60.0 100.0 80.0 100.0 100.0
zh-SG 42.9 57.1 57.1 42.9 57.1

Table 4: Per-locale exact-match accuracy (%) of five
models on the pilot data. All highest scores per row are
bolded.
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