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Abstract

This paper presents the K-NLPers system for
SemEval-2026 Task 7: Everyday Knowledge
Across Diverse Languages and Cultures. The
task extends the BLEnD benchmark to evalu-
ate cultural understanding of language models
across more than 30 language-country pairs.
Although Large Language Models (LLMs)
achieve strong overall performance, they ex-
hibit performance disparities across cultural
contexts and tend to produce regionally bi-
ased responses. To address this limitation, we
propose a continent-based multi-agent debate
framework that leverages culture-specific per-
formance differences instead of relying on a
single model. For the Short Answer Question
(SAQ) track, we employ three agents: a general-
purpose model, a continent-specific model, and
a country-level or culturally adjacent model.
These agents engage in independent genera-
tion, mutual refinement, and final adjudication.
For the Multiple-Choice Question (MCQ) track,
we adopt a debate structure centered on high-
performing general-purpose models due to the
track’s simpler structure. Our system partici-
pated in all language-region pairs and achieved
overall scores of 55.75 on SAQ and 88.32 on
MCQ. Further analysis reveals that grouping
the performance of various individual mod-
els by continent explains performance patterns
more consistently than language-based group-
ing, highlighting the importance of cultural and
historical context in model generalization.

1 Introduction

Large Language Models (LLMs) achieve strong
performance across natural language understand-
ing and generation tasks (Zhao et al., 2026; Baek
et al., 2025), yet they remain limited in captur-
ing cultural context (Lee et al., 2025). Due to pre-
training data concentrated on specific regions and

* These authors contributed equally to this work.

Figure 1: Overview of the multi-agent debate frame-
work for the SAQ track. The framework consists of
three stages–independent response generation, mutual
critique and refinement, and final adjudication. Multiple
agents first produce initial answers, revise them after re-
viewing peer responses, and a judge model then selects
the final output.

high-resource languages, LLMs often overrepre-
sent Western-centric perspectives and underrepre-
sent low-resource languages and regions. This limi-
tation highlights the need for structural approaches
that better accommodate cultural diversity.

SemEval-2026 Task 7: Everyday Knowledge
Across Diverse Languages and Cultures (Ghosh
et al., 2026; Ousidhoum et al., 2026) extends the
BLEnD (Myung et al., 2024) benchmark to evalu-
ate culturally grounded everyday knowledge across
more than 30 language-country pairs. The SAQ
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track requires the open-ended generation of cultur-
ally appropriate responses, while the MCQ track
evaluates the selection of culturally appropriate an-
swers from multiple options.

We begin from the observation that a single
model does not perform uniformly across cultural
contexts. For SAQ, we employ three agents: a
general-purpose model, a continent-specific model,
and a country-level or culturally adjacent model.
These agents derive the final answer through inde-
pendent generation, mutual refinement, and final
decision-making. For MCQ, we maintain the same
debate structure but use high-performing general-
purpose models to ensure stable predictions.

The contributions of this paper are as follows:
• We propose a multi-LLM debate-based infer-

ence framework for modeling cultural context.
• We systematically analyze country- and

region-level performance differences, demon-
strating culture-specific model strengths.

• We design differentiated strategies for SAQ
and MCQ and experimentally validate their
effectiveness.

2 Related Work

2.1 Cultural Bias and Multilingual Cultural
Evaluation Benchmarks

As LLMs become globally deployed, understand-
ing cultural context has emerged as a critical
challenge. BLEnD (Myung et al., 2024) evalu-
ated everyday knowledge across 16 countries and
demonstrated that country-specific knowledge dif-
ferences persist even within the same language
group. KoBBQ (Jin et al., 2024) further showed
that cultural context cannot be preserved through
simple translation.

While these benchmarks diagnose cultural bias,
they do not propose mechanisms to mitigate perfor-
mance imbalances. In contrast, our work incorpo-
rates empirically observed culture-specific model
strengths into a multi-agent debate framework to
reduce cross-cultural performance gaps.

2.2 Multi-Agent Debate and
Expert-Integrated LLM Collaboration

Multi-agent debate frameworks have been pro-
posed to improve LLM reasoning (Ki et al., 2025).
Prior work shows that independent generation fol-
lowed by iterative cross-review can outperform
single-model baselines (Liang et al., 2024). How-
ever, debate may also reinforce shared misconcep-

tions or converge to majority bias when models
exhibit similar inductive biases (Estornell and Liu,
2024). To address this issue, intervention strate-
gies such as Misconception Refutation have been
introduced.

We extend the multi-agent debate paradigm to
culturally grounded evaluation. By constructing
an agent pool that reflects task characteristics and
culture-specific model strengths, we design a three-
stage architecture consisting of independent re-
sponse generation, mutual critique & refinement,
and final adjudication.

3 System Overview

Our system is a multi-LLM debate-based inference
framework for culturally grounded response gen-
eration. It consists of three stages: (1) independent
response generation, (2) mutual critique and refine-
ment, and (3) final adjudication. Figure 1 illustrates
the overall debate process for the SAQ track.

3.1 Multi-Agent Debate Framework

Given a question q, we construct a set of N agents
A. Each agent Ai generates responses through the
following procedure:

A = {A1, A2, · · · , AN}. (1)

Independent Response Generation. Each agent
independently produces an initial response r

(0)
i to

the question q:

r
(0)
i = Ai(q). (2)

At this stage, agents do not access each other’s
outputs.

Mutual Critique and Refinement. Each agent
receives the set of initial responses. R(0) from the
other agents and generates a revised response r

(1)
i

by reviewing and refining them:

R(0) = {r(0)1 , r
(0)
2 , · · · , r(0)N }. (3)

r
(1)
i = Ai

(
q,R(0) \ r(0)i

)
. (4)

This step compensates for missing cultural context
and mitigates individual model biases.

Final Adjudication. A judge model J deter-
mines the final answer ŷ based on the question
q and the revised responses:
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Model
Africa Middle East Europe Americas East Asia SE Asia

overall
am-ET ha-NG ar-SA fa-IR fr-FR en-GB es-ES en-US es-MX zh-CN ja-JP ko-KR id-ID tl-PH

gpt-4o-mini 29.6 29.8 51.8 63.8 70.4 72.4 62.0 75.8 58.6 66.8 60.0 64.8 67.4 62.6 52.97
gemma-3-27b-it 25.4 27.0 46.4 61.6 64.6 71.8 56.8 73.4 49.0 69.0 58.4 71.2 70.6 56.0 49.14
Qwen2.5-14B-Instruct 14.0 10.4 40.0 39.2 66.2 73.6 62.8 77.4 60.2 73.6 59.0 56.8 63.8 38.6 45.26
EuroLLM-22B-Instruct 2.2 5.6 41.6 29.0 70.0 72.4 66.4 76.0 61.0 68.2 53.0 63.6 49.4 29.4 46.10
Ours 50.6 40.8 46.8 54.0 71.6 72.6 69.6 75.6 59.6 78.0 63.6 78.0 73.2 60.0 55.75

Table 1: SAQ performance of major single-model baselines and the proposed framework across representative
locales from each continent. Performance differences are observed across locales, with general-purpose and region-
specific models exhibiting varying strengths depending on cultural context. The proposed multi-agent debate
framework integrates these complementary tendencies, leading to more consistent performance across culturally
diverse settings.

R(1) = {r(1)1 , r
(1)
2 , · · · , r(1)N }. (5)

ŷ = J(q,R(1)). (6)

The judge selects the final output by evaluating
consistency, validity, and cultural appropriateness.
In the case of MCQ, unlike SAQ which involves
open-ended outputs, the output structure is con-
strained to a fixed set of answer options. Therefore,
when the agents produce the same final choice (i.e.,
select the same option number), we omit the use of
a Judge LLM to improve computational efficiency.

3.2 Agent Configuration for SAQ

The SAQ track is an open-ended generation prob-
lem that requires culturally grounded responses. To
reflect culture-specific strengths, we construct a
three-agent configuration.

The agent set is define as follows:

ASAQ = {Agen, Acont, Aloc}. (7)

• Agen: a high-performing general-purpose
model with stable overall performance.

• Acont: a model developed within the continent
of the target country.

• Aloc: a country-specific model or one devel-
oped in a culturally adjacent region.

This configuration reflects model- and region-
level performance differences identified in our pre-
liminary analysis (Section 5.3), where continent-
or country-developed models showed relatively
higher scores on related regional questions.

The three agents derive the final response
through the three-stage debate process described in
Section 3.1.

3.3 Agent Configuration for MCQ

The MCQ track is a multiple-choice classification
problem. Unlike SAQ, it evaluates the selection
of culturally appropriate answers from predefined
candidates. Accordingly, we do not employ culture-
specific agent specialization.

While retaining the same multi-agent debate
framework, we construct the agent set using high-
performing general-purpose LLMs with stable over-
all performance. Given the structural simplicity and
constrained response space of MCQ, the focus is
on improving decision consistency rather than gen-
erative diversity.

4 Experimental Setup

Model. We perform no additional training or
fine-tuning. All experiments are conducted in an
inference-only setting using pretrained LLMs as-is.

For the SAQ track, we use ten LLMs to con-
struct the multi-agent debate framework. For each
question, three debater agents are instantiated, with
gpt-4o-mini fixed as the Agen due to its stable
performance. The remaining two agents are se-
lected from models developed within the continent
or country corresponding to the target locale. We
use gemma3-27b-it as the judge model for SAQ.
The country-level routing table is provided in Ap-
pendix A. The models used in our experiments are
as follows:

• gpt-4o-mini (OpenAI, 2024)
• gemma-3-27b-it (Team et al., 2025)
• Llama-3.1-8B-Instruct (Grattafiori et al.,

2024)
• Midm-2.0-Base-Instruct (Shin et al., 2026)
• Mistral-Nemo-Japanese-Instruct-

2408 (Ishigami, 2024)
• Qwen2.5-14B-Instruct (Team, 2024b)
• Qwen-SEA-LION-v4-32B-IT (Singapore,

2024)
• Falcon3-10B-Instruct (Team, 2024a)
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• Mistral-7B-Instruct-v0.3 (Jiang et al., 2023)
• EuroLLM-22B-Instruct-2512 (Ramos et al.,

2026)
For MCQ, we construct the agent set us-

ing high-performing general-purpose LLMs.
Specifically, gpt-4o-mini (OpenAI, 2024) and
claude-3.5-haiku (Anthropic, 2024) serve as
debaters, and gpt-4o(OpenAI et al., 2024) serves
as the judge.

Implementation Details. Open-source LLM ex-
periments were conducted on two NVIDIA A6000
GPUs. Closed-source models were accessed via
their official APIs. For all models, the temperature
was set to 0 to ensure deterministic, fact-based re-
sponses.

5 Results & Analysis

5.1 SAQ Result

Table 1 reports performance on representative lo-
cales from each continent. The overall column re-
flects the official score computed across all SAQ
locales rather than the average of representative
ones. Detailed results are provided in Appendix B.

Our method achieved an overall score of 55.75,
improving by approximately 2.8 points over the
best single model, gpt-4o-mini (52.97). This con-
firms that the multi-agent debate framework yields
consistent gains over single-model baselines in
open-ended culturally grounded generation tasks.

Improvements were most pronounced in low-
resource languages. In locales such as Amharic
(am-ET) and Hausa (ha-NG), where single-model
performance was low, Ours achieved substantial
gains. In contrast, improvements were limited for
high-resource languages such as English (en-US,
en-GB), where baseline performance was already
strong. This suggests that multi-agent debate en-
hances robustness in settings with larger perfor-
mance inconsistencies.

Including locally or regionally developed models
as debate agents further contributed to performance
gains. For example, Qwen2.5 was used for Chi-
nese, Midm for Korean, and Mistral and EuroLLM
for European languages, leveraging region-specific
strengths. By combining regional cultural sig-
nals with general-purpose stability, the proposed
method maintains strong performance across di-
verse cultural contexts. However, in regions such
as the Middle East (ar-SA, fa-IR), where low-
performing models were included as agents, they

Locale/Region S(M1) S(M2) D ∆1 ∆2

am-ET 68.46 61.82 66.36 -2.10 +4.54
ar-DZ 91.27 90.73 92.23 +0.96 +1.50
ar-EG 90.22 89.67 91.03 +0.81 +1.36
ar-MA 77.53 79.19 80.85 +3.32 +1.66
ar-SA 76.58 79.28 81.31 +4.73 +2.03
as-AS 76.70 77.97 78.95 +2.25 +0.98
az-AZ 80.37 77.80 81.28 +0.91 +3.48
bg-BG 96.60 95.06 95.68 -0.92 +0.62
el-GR 93.93 92.39 93.93 0.00 +1.54
en-AU 92.20 88.11 92.59 +0.39 +4.48
en-GB 94.97 94.32 95.80 +0.83 +1.48
en-US 95.37 94.64 95.62 +0.25 +0.98
es-EC 98.46 98.57 98.57 +0.11 0.00
es-ES 94.30 91.09 95.18 +0.88 +4.09
es-MX 94.21 93.42 94.10 -0.11 +0.68
eu-PV 87.53 86.60 90.79 +3.26 +4.19
fa-IR 77.45 77.70 79.10 +1.65 +1.40
fr-FR 96.09 93.49 96.09 0.00 +2.60
ga-IE 90.07 89.02 91.24 +1.17 +2.22
ha-NG 79.18 73.75 79.43 +0.25 +5.68
id-ID 84.56 86.52 87.77 +3.21 +1.25
ja-JP 83.17 85.85 85.85 +2.68 0.00
ko-KP 73.59 71.08 73.50 -0.09 +2.42
ko-KR 88.22 89.49 90.13 +1.91 +0.64
su-JB 83.75 78.38 87.55 +3.80 +9.17
sv-SE 82.55 86.13 87.47 +4.92 +1.34
ta-LK 96.95 92.73 95.96 -0.99 +3.23
tl-PH 87.72 87.26 88.47 +0.75 +1.21
zh-CN 87.82 88.34 90.88 +3.06 +2.54
zh-SG 91.36 90.65 91.82 +0.46 +1.17

Overall 85.67 84.30 88.32 +2.65 +4.02

Table 2: Main results for Track 2 (MCQ). Compari-
son of single-model accuracies S(M1) and S(M2) with
the final performance D achieved by the debate-based
framework across locales/regions. Here, M1 and M2

denote gpt-4o-mini and claude-3.5-haiku, respec-
tively. ∆1 and ∆2 represent D−S(M1) and D−S(M2),
respectively.

appeared to introduce noise rather than comple-
mentary cultural signals, resulting in performance
degradation. This highlights the importance of
agent quality in the debate framework.

5.2 MCQ Result

Table 2 reports locale-level performance and over-
all averages for the MCQ track. The proposed
multi-agent debate model achieved an overall
accuracy of 88.32, improving by 2.65 points
over gpt-4o-mini (85.67) and 4.02 points over
claude-3.5-haiku (84.30).

While slight decreases were observed in a few
locales (e.g., am-ET, bg-BG), most locales showed
positive gains. This indicates that multi-agent feed-
back mitigates individual model biases and leads
to more stable decisions.

Although MCQ does not use culture-specific
agent specialization, the debate structure itself func-
tions as a mechanism for mutual error correction
during option comparison.
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(a) Performance analysis by Continental Group-
ing. (b) Performance analysis by Language Grouping.

Figure 2: Agent selection analysis for SAQ. The results compare SEM-B scores across different continental and
linguistic groupings to determine the optimal agent configuration.

5.3 Agent Selection Analysis for SAQ

To determine the SAQ agent configuration, we ana-
lyzed single-model performance across language-
country pairs. From the BLEnD (Myung et al.,
2024) dataset, we randomly selected 150 samples
per country and evaluated them according to the
official evaluation protocol. In accordance with
SemEval-2026 Task 7 regulations, the data were
used solely for analysis and not for training or fine-
tuning.

We compared the average single-model perfor-
mance across groups under two grouping criteria:
(1) continental grouping, (2) language grouping.

Continental Grouping. When aggregated by
continent, models developed within the correspond-
ing continent showed higher average performance,
particularly in Europe and East Asia. For exam-
ple, EuroLLM performed strongly in European re-
gions, and Qwen2.5 in Chinese contexts. In Africa,
European-based models also showed relatively
strong performance, possibly reflecting historical
and linguistic connections.

Language Grouping. Under language-based
grouping, country-specific or culturally adjacent
models performed well in single-country-centered
languages (e.g., Korean, Chinese, Indonesian).
However, for languages spoken across multiple
countries (e.g., English, Spanish), no consistent
country-level dominance was observed, and perfor-
mance varied within the same language.

Overall, language grouping explained certain
localized advantages but lacked consistent global
patterns. In contrast, continental grouping yielded
more stable and interpretable trends. Accordingly,
we adopted continent-based agent selection for
SAQ.

6 Conclusion

We proposed a multi-LLM debate-based inference
framework to address the limitations of single mod-
els in culturally grounded multilingual settings.
Based on observed model- and country-level per-
formance variations, we adopted continent- and
region-based agent selection for SAQ, while using
high-performing general-purpose models for MCQ
to ensure stable classification.

The proposed method achieved overall scores of
55.75 on SAQ and 88.32 on MCQ. The multi-agent
debate framework improved culturally grounded
scores over single-model baselines, particularly in
open-ended generation. These results highlight the
importance of structurally incorporating cultural
diversity in multilingual evaluation benchmarks.

7 Ethical Considerations

Our study does not involve new data collection or
human subjects, but continent-level grouping may
still simplify cultural diversity and should therefore
be interpreted with care.

Limitations

We employ a static agent configuration for both
SAQ and MCQ. Recent routing and orchestration
approaches dynamically adjust model selection or
collaboration based on query characteristics (e.g.,
MASRouter (Yue et al., 2025); Agent-Oriented
Planning (Li et al., 2025)). The absence of such
dynamic mechanisms remains a limitation of our
framework.
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A SAQ Agent Routing Table by Continent and Country

For the SAQ track, we adopt a continent-based agent routing strategy to reflect cultural characteristics.
Preliminary experiments analyzing single-model performance revealed significant disparities across
countries and regions. We found that grouping these performance results by continent yielded more
consistent patterns than language-based grouping. Accordingly, to mitigate the limitations of a single
model, we construct a three-agent configuration for each locale consisting of a general-purpose model
(Agen), a continent-specific model (Acont), and a country-level or culturally adjacent model (Aloc).

Locale Agen Acont Aloc

en-US gpt-4o-mini Llama-3.1-8B-Instruct gemma-3-27b-it
en-AU gpt-4o-mini Llama-3.1-8B-Instruct gemma-3-27b-it
en-GB gpt-4o-mini EuroLLM-22B-Instruct-2512 Mistral-7B-Instruct-v0.3
es-MX gpt-4o-mini Llama-3.1-8B-Instruct gemma-3-27b-it
en-MX gpt-4o-mini Llama-3.1-8B-Instruct gemma-3-27b-it
es-EC gpt-4o-mini Llama-3.1-8B-Instruct gemma-3-27b-it
en-EC gpt-4o-mini Llama-3.1-8B-Instruct gemma-3-27b-it
eu-PV gpt-4o-mini Mistral-7B-Instruct-v0.3 EuroLLM-22B-Instruct-2512
en-PV gpt-4o-mini Mistral-7B-Instruct-v0.3 EuroLLM-22B-Instruct-2512
bg-BG gpt-4o-mini Mistral-7B-Instruct-v0.3 EuroLLM-22B-Instruct-2512
en-BG gpt-4o-mini Mistral-7B-Instruct-v0.3 EuroLLM-22B-Instruct-2512
fr-FR gpt-4o-mini EuroLLM-22B-Instruct-2512 Mistral-7B-Instruct-v0.3
en-FR gpt-4o-mini EuroLLM-22B-Instruct-2512 Mistral-7B-Instruct-v0.3
el-GR gpt-4o-mini Mistral-7B-Instruct-v0.3 EuroLLM-22B-Instruct-2512
en-GR gpt-4o-mini Mistral-7B-Instruct-v0.3 EuroLLM-22B-Instruct-2512
ga-IE gpt-4o-mini Mistral-7B-Instruct-v0.3 EuroLLM-22B-Instruct-2512
en-IE gpt-4o-mini Mistral-7B-Instruct-v0.3 EuroLLM-22B-Instruct-2512
es-ES gpt-4o-mini Mistral-7B-Instruct-v0.3 EuroLLM-22B-Instruct-2512
en-ES gpt-4o-mini Mistral-7B-Instruct-v0.3 EuroLLM-22B-Instruct-2512
sv-SE gpt-4o-mini Mistral-7B-Instruct-v0.3 EuroLLM-22B-Instruct-2512
en-SE gpt-4o-mini Mistral-7B-Instruct-v0.3 EuroLLM-22B-Instruct-2512
zh-CN gpt-4o-mini Qwen-SEA-LION-v4-32B-IT Qwen2.5-14B-Instruct
en-CN gpt-4o-mini Qwen-SEA-LION-v4-32B-IT Qwen2.5-14B-Instruct
ja-JP gpt-4o-mini Qwen2.5-14B-Instruct Mistral-Nemo-Japanese-Instruct-2408
en-JP gpt-4o-mini Qwen2.5-14B-Instruct Mistral-Nemo-Japanese-Instruct-2408
ko-KP gpt-4o-mini Qwen2.5-14B-Instruct Midm-2.0-Base-Instruct
en-KP gpt-4o-mini Qwen2.5-14B-Instruct Midm-2.0-Base-Instruct
ko-KR gpt-4o-mini Qwen2.5-14B-Instruct Midm-2.0-Base-Instruct
en-KR gpt-4o-mini Qwen2.5-14B-Instruct Midm-2.0-Base-Instruct
zh-TW gpt-4o-mini Qwen-SEA-LION-v4-32B-IT Qwen2.5-14B-Instruct
en-TW gpt-4o-mini Qwen-SEA-LION-v4-32B-IT Qwen2.5-14B-Instruct
id-ID gpt-4o-mini Qwen2.5-14B-Instruct Qwen-SEA-LION-v4-32B-IT
en-ID gpt-4o-mini Qwen2.5-14B-Instruct Qwen-SEA-LION-v4-32B-IT
su-JB gpt-4o-mini Qwen2.5-14B-Instruct Qwen-SEA-LION-v4-32B-IT
en-JB gpt-4o-mini Qwen2.5-14B-Instruct Qwen-SEA-LION-v4-32B-IT
tl-PH gpt-4o-mini Qwen2.5-14B-Instruct Qwen-SEA-LION-v4-32B-IT
en-PH gpt-4o-mini Qwen2.5-14B-Instruct Qwen-SEA-LION-v4-32B-IT
ms-SG gpt-4o-mini Qwen2.5-14B-Instruct Qwen-SEA-LION-v4-32B-IT
ta-SG gpt-4o-mini Qwen2.5-14B-Instruct Qwen-SEA-LION-v4-32B-IT
zh-SG gpt-4o-mini Qwen2.5-14B-Instruct Qwen-SEA-LION-v4-32B-IT
en-SG gpt-4o-mini Qwen2.5-14B-Instruct Qwen-SEA-LION-v4-32B-IT
az-AZ gpt-4o-mini Qwen2.5-14B-Instruct gemma-3-27b-it
en-AZ gpt-4o-mini Qwen2.5-14B-Instruct gemma-3-27b-it
as-AS gpt-4o-mini Qwen2.5-14B-Instruct gemma-3-27b-it
en-AS gpt-4o-mini Qwen2.5-14B-Instruct gemma-3-27b-it
ta-LK gpt-4o-mini Qwen2.5-14B-Instruct gemma-3-27b-it
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Locale Agen Acont Aloc

en-LK gpt-4o-mini Qwen2.5-14B-Instruct gemma-3-27b-it
fa-IR gpt-4o-mini EuroLLM-22B-Instruct-2512 Falcon3-10B-Instruct
en-IR gpt-4o-mini EuroLLM-22B-Instruct-2512 Falcon3-10B-Instruct
ar-SA gpt-4o-mini EuroLLM-22B-Instruct-2512 Falcon3-10B-Instruct
en-SA gpt-4o-mini EuroLLM-22B-Instruct-2512 Falcon3-10B-Instruct
ar-DZ gpt-4o-mini EuroLLM-22B-Instruct-2512 Falcon3-10B-Instruct
en-DZ gpt-4o-mini EuroLLM-22B-Instruct-2512 Falcon3-10B-Instruct
ar-EG gpt-4o-mini EuroLLM-22B-Instruct-2512 Falcon3-10B-Instruct
en-EG gpt-4o-mini EuroLLM-22B-Instruct-2512 Falcon3-10B-Instruct
am-ET gpt-4o-mini EuroLLM-22B-Instruct-2512 Qwen2.5-14B-Instruct
en-ET gpt-4o-mini EuroLLM-22B-Instruct-2512 Qwen2.5-14B-Instruct
ar-MA gpt-4o-mini EuroLLM-22B-Instruct-2512 Falcon3-10B-Instruct
en-MA gpt-4o-mini EuroLLM-22B-Instruct-2512 Falcon3-10B-Instruct
ha-NG gpt-4o-mini EuroLLM-22B-Instruct-2512 Qwen2.5-14B-Instruct
en-NG gpt-4o-mini EuroLLM-22B-Instruct-2512 Qwen2.5-14B-Instruct
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B Detailed Performance Results for the SAQ Track across All Locales

This appendix presents detailed SAQ performance results for all language-country pairs. Across most
locales, the proposed multi-agent debate framework achieved the highest performance, outperforming
the single closed-source model gpt-4o-mini. However, in certain countries that maintain their own
domestically developed LLMs, such as Korea, region-specific single models occasionally achieved the
best performance. In addition, some models exhibited limited multilingual input capabilities, leading to
performance degradation on questions requiring deeper cultural understanding or more complex linguistic
structures. These limitations contribute to the observed performance disparities across locales.

Model am-ET en-ET ar-DZ en-DZ ar-EG en-EG ar-MA en-MA ar-SA en-SA as-AS

gpt-4o-mini 29.60 43.80 47.20 52.80 52.40 55.20 21.60 36.60 51.80 52.60 27.80
gemma-3-27b-it 25.40 38.00 44.20 47.80 48.80 49.20 26.20 35.40 46.40 46.20 27.60
Llama-3.1-8B-Instruct 4.00 33.60 27.20 41.60 33.80 48.20 15.00 29.60 26.80 43.60 12.00
Midm-2.0-Base-Instruct 3.60 43.80 9.00 49.60 13.60 53.00 7.00 35.20 12.00 48.20 1.40
Mistral-Nemo-Japanese-Instruct-2408 2.00 35.80 23.20 42.80 25.40 46.20 12.40 32.20 23.20 44.00 7.00
Qwen2.5-14B-Instruct 14.00 38.20 40.20 48.80 48.20 48.00 20.00 31.60 40.00 43.40 19.60
Qwen-SEA-LION-v4-32B-IT 16.20 38.80 37.80 51.80 45.80 54.00 23.00 33.80 39.00 48.20 24.00
Falcon3-10B-Instruct 2.40 36.40 8.80 41.80 11.40 45.00 8.00 32.40 8.60 43.40 2.00
Mistral-7B-Instruct-v0.3 0.40 41.20 26.60 47.00 31.60 50.60 21.00 36.20 29.60 45.80 1.20
EuroLLM-22B-Instruct-2512 2.20 41.20 42.80 49.00 44.20 50.60 18.40 34.80 41.60 48.20 4.60

Ours 50.60 38.60 49.20 49.20 53.20 52.80 36.40 36.40 46.80 46.60 49.20

Model en-AS az-AZ en-AZ eu-PV en-PV bg-BG en-BG zh-CN en-CN zh-SG en-AU

gpt-4o-mini 53.40 55.20 60.00 36.40 48.20 48.20 49.40 66.80 64.80 67.60 68.00
gemma-3-27b-it 43.40 52.60 52.20 32.40 41.00 44.40 45.00 69.00 60.60 66.40 64.60
Llama-3.1-8B-Instruct 39.20 34.60 45.40 26.80 33.80 30.80 39.60 58.20 56.00 45.40 61.80
Midm-2.0-Base-Instruct 51.00 16.60 52.20 4.60 35.00 19.00 45.00 47.40 60.40 45.00 69.00
Mistral-Nemo-Japanese-Instruct-2408 41.20 20.20 50.00 18.20 37.40 21.80 42.60 56.40 58.80 55.40 60.20
Qwen2.5-14B-Instruct 48.40 24.60 54.80 15.60 48.60 30.20 44.40 73.60 62.80 66.80 65.40
Qwen-SEA-LION-v4-32B-IT 46.20 43.40 60.00 27.00 43.40 39.60 49.00 77.20 68.40 70.80 66.80
Falcon3-10B-Instruct 38.00 7.40 47.40 13.00 36.80 10.40 41.60 38.60 57.00 44.60 59.20
Mistral-7B-Instruct-v0.3 44.80 23.60 54.00 6.40 42.80 36.00 44.20 47.60 58.40 59.00 67.80
EuroLLM-22B-Instruct-2512 49.20 31.40 57.40 14.20 46.20 48.00 47.20 68.20 61.60 65.60 65.20

Ours 49.00 59.20 56.20 44.00 42.00 48.40 47.60 78.00 66.00 74.40 68.00

Model en-GB en-US fr-FR en-FR el-GR en-GR ha-NG en-NG id-ID en-ID ga-IE

gpt-4o-mini 72.40 75.80 70.40 60.40 56.20 58.60 29.80 35.00 67.40 63.00 36.60
gemma-3-27b-it 71.80 73.40 64.60 50.00 58.60 57.40 27.00 29.20 70.60 57.40 29.60
Llama-3.1-8B-Instruct 67.40 74.60 57.80 47.00 34.20 49.60 15.80 28.20 49.00 48.80 17.60
Midm-2.0-Base-Instruct 74.20 79.20 57.40 53.80 13.60 46.40 3.80 39.20 46.00 57.60 7.40
Mistral-Nemo-Japanese-Instruct-2408 68.60 73.60 62.40 52.20 21.20 53.60 3.20 31.80 43.60 51.80 4.00
Qwen2.5-14B-Instruct 73.60 77.40 66.20 55.60 28.00 54.40 10.40 31.40 63.80 56.20 17.20
Qwen-SEA-LION-v4-32B-IT 74.60 78.80 65.60 54.60 36.40 57.00 10.20 30.20 71.80 58.60 14.80
Falcon3-10B-Instruct 69.00 74.00 57.20 52.40 11.20 49.40 9.00 31.60 37.40 52.80 7.20
Mistral-7B-Instruct-v0.3 73.60 74.60 59.80 56.20 20.00 56.40 5.80 36.60 57.20 55.20 6.80
EuroLLM-22B-Instruct-2512 72.40 76.00 70.00 63.20 55.80 59.80 5.60 36.00 49.40 59.40 36.60

Ours 72.60 75.60 71.60 58.20 60.00 59.40 40.80 35.40 73.20 58.40 54.80

Model en-IE ja-JP en-JP ko-KP en-KP ko-KR en-KR ms-SG zh-TW en-TW fa-IR

gpt-4o-mini 51.40 60.00 50.80 40.40 44.60 64.80 61.40 68.60 53.60 52.00 63.80
gemma-3-27b-it 48.60 58.40 45.60 36.60 37.20 71.20 59.20 65.40 55.20 53.60 61.60
Llama-3.1-8B-Instruct 44.40 43.00 42.00 31.00 36.20 49.00 45.60 52.20 43.60 40.20 43.80
Midm-2.0-Base-Instruct 53.60 37.00 49.80 58.60 44.00 83.80 57.20 42.40 34.40 49.40 11.60
Mistral-Nemo-Japanese-Instruct-2408 49.00 53.60 43.40 24.60 38.80 42.80 50.00 42.60 33.60 49.80 30.20
Qwen2.5-14B-Instruct 49.40 59.00 47.80 39.00 38.00 56.80 51.00 55.00 55.00 46.80 39.20
Qwen-SEA-LION-v4-32B-IT 50.20 57.00 50.20 39.60 46.80 60.40 58.60 64.80 59.80 54.80 46.60
Falcon3-10B-Instruct 44.60 14.40 41.60 11.20 37.80 16.60 45.20 31.00 25.80 45.40 9.20
Mistral-7B-Instruct-v0.3 53.60 38.40 46.80 24.20 38.20 43.40 54.20 53.80 33.00 45.60 29.80
EuroLLM-22B-Instruct-2512 53.40 53.00 48.60 39.20 42.60 63.60 53.80 41.20 48.60 51.80 29.00

Ours 54.40 63.60 49.40 49.20 44.40 78.00 57.60 80.40 60.40 54.80 54.00
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Model en-IR es-EC en-EC es-MX en-MX es-ES en-ES su-JB en-JB sv-SE en-SE

gpt-4o-mini 57.80 54.00 55.40 58.60 60.80 62.00 58.80 38.40 50.00 52.40 53.20
gemma-3-27b-it 50.20 43.40 41.60 49.00 47.60 56.80 52.00 31.00 41.60 48.80 42.80
Llama-3.1-8B-Instruct 47.40 40.60 40.20 52.00 53.80 50.40 48.00 21.00 35.60 34.60 41.80
Midm-2.0-Base-Instruct 51.40 45.40 47.20 55.80 58.40 56.20 57.00 13.40 40.60 31.20 49.40
Mistral-Nemo-Japanese-Instruct-2408 50.20 44.00 43.20 50.40 54.20 48.40 53.00 12.20 40.00 25.00 47.40
Qwen2.5-14B-Instruct 50.60 48.20 47.40 60.20 58.80 62.80 57.00 31.80 43.40 39.60 45.60
Qwen-SEA-LION-v4-32B-IT 55.60 49.40 43.60 60.60 50.80 64.60 52.40 38.80 42.20 44.60 44.00
Falcon3-10B-Instruct 48.20 39.00 45.00 49.00 52.60 55.80 56.00 10.40 35.80 22.00 40.80
Mistral-7B-Instruct-v0.3 50.60 42.20 49.40 53.20 60.00 54.20 58.60 16.20 39.40 43.80 48.80
EuroLLM-22B-Instruct-2512 52.40 52.00 51.80 61.00 58.60 66.40 63.20 15.20 43.40 52.80 51.00

Ours 53.80 51.40 46.60 59.60 52.80 69.60 59.60 50.80 42.80 54.40 51.40

Model tl-PH en-PH ta-SG ta-LK en-LK en-SG Overall

gpt-4o-mini 62.60 56.00 35.00 23.60 44.40 82.00 52.97
gemma-3-27b-it 56.00 50.80 53.20 30.60 41.20 72.20 49.14
Llama-3.1-8B-Instruct 38.80 47.00 14.00 8.60 33.80 65.80 39.70
Midm-2.0-Base-Instruct 26.40 52.20 0.60 0.00 39.40 75.40 39.70
Mistral-Nemo-Japanese-Instruct-2408 28.00 46.40 17.60 6.40 33.20 71.80 38.56
Qwen2.5-14B-Instruct 38.60 48.40 14.60 7.00 36.60 71.60 45.26
Qwen-SEA-LION-v4-32B-IT 57.00 56.00 22.20 14.40 39.60 77.20 48.50
Falcon3-10B-Instruct 24.00 43.80 4.20 2.60 34.20 70.80 33.48
Mistral-7B-Instruct-v0.3 38.00 50.60 4.60 1.60 37.40 75.20 41.03
EuroLLM-22B-Instruct-2512 29.40 46.00 8.20 3.60 41.40 75.00 46.10

Ours 60.00 56.80 79.20 43.20 43.20 77.80 55.75

Table 4: Detailed Performance Results for the SAQ Track across All Locales.
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C Track 1: Short Answer Questions (SAQ) Prompts

This section presents the detailed prompt used for the SAQ track in our multi-agent debate frame-
work. While the base prompt was developed in English, for non-English linguistic contexts, we used
gpt-4o-mini to translate the prompt into the respective local languages. The prompt operationalizes a
three-stage debate process consisting of independent response generation, mutual critique & refinement,
and final adjudication by explicitly defining agent roles, interaction protocols, and evaluation criteria. It
is designed to elicit culturally grounded open-ended responses, guiding each agent to generate an initial
answer, review peer outputs, and revise its reasoning before a judge model determines the final response.
The structure emphasizes interpretability, cultural appropriateness, and robustness in generative reasoning.

Step 1. Independent Response Generation

You are a person from {COUNTRY_REGION} who is trying to explain your country’s culture to
a foreigner.
Answer the following question, providing a single answer without any explanations.

Step 2. Mutual Critique and Refinement

# SYSTEM

You are an expert reviewer in a multi-agent debate pipeline for Short Answer Questions
(SAQ). Your job is to critique other agents’ answers and revise your own answer to maximize
correctness against human reference answers.

Goals:

• Produce the most reference-matchable short answer.

• Prefer canonical, standardized, minimal answers.

Rules:

• Do NOT re-derive from scratch. Focus on compare → verify → correct → finalize.

• If multiple answers are plausible, choose ONE canonical answer; do not list multiple candi-
dates.

• Keep the final answer short.

• Follow the output JSON schema exactly. Output ONLY JSON, no extra text.

Output schema (strict):

{
"critique": {
"agent_1": "<one-sentence evaluation>",
"agent_2": "<one-sentence evaluation>"

},
"final_answer": "<single-line short answer>",
"why_final": "<1-2 sentences, concise>",
"confidence": <number from 0.00 to 1.00>

}

Evaluation priority:

1. Factual correctness
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2. Likelihood of matching the reference answer

3. Locale-appropriate wording and formatting

4. Brevity (SAQ-friendly)

# USER

You are Agent {AGENT_ID} performing Step (2) Model Feedback.

Question:
{QUESTION}

Your Step (1) answer:
{MY_ANSWER}

Other agents’ Step (1) answers:
Agent {OTHER_AGENT_1_ID}:
{OTHER_ANSWER_1}

Agent {OTHER_AGENT_2_ID}:
{OTHER_ANSWER_2}

TASK:

• Critique the other two answers (one sentence each).

• Decide whether to keep or revise your answer.

• Output ONE best final answer.

Return ONLY valid JSON.

Step 3. Final Adjudication

# System
You are the final Judge in a multi-agent pipeline for culturally grounded short-answer questions
(SAQ). You are evaluating an SAQ for {LOCALE} ({COUNTRY}).
These questions aim to capture cultural norms, customs, and everyday shared understandings in
{COUNTRY} using a brief answer. Your job is to choose ONE final answer from the candidates
proposed by the agents.
At this stage, you must not invent new content. You must choose one of the provided candidate
answers, or make only minimal surface edits (e.g., spelling/formatting/very small phrasing cleanup)
without adding new information.
————————
Reference about agents (for context only)
————————

• LLM1: a general-purpose language model trained broadly across many languages and coun-
tries.

• LLM2: a model designed to reflect language/cultural tendencies at a continental or macro-
regional level.
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• LLM3: a model developed in the country/region relevant to this locale.

This information is provided only to help your judgment; it does not guarantee correctness. Your
final decision must be based on the suitability of the answer itself for this cultural SAQ.
————————
Output format (STRICT)
————————
Output ONLY valid JSON (no markdown, no extra text), in this exact schema and key order:

{
"reason": "<1-2 sentences explaining why you chose this answer>",
"final_answer": "<the final answer>"

}

# User
Below is information for a culturally grounded short-answer question (SAQ).
[Question]
{QUESTION}
[Candidate answers]

• Agent LLM1:

{A1_FINAL}

• Agent LLM2:

{A2_FINAL}

• Agent LLM3:

{A3_FINAL}

[Agents’ selection reasons (for reference)]

• Agent LLM1:

{A1_REASON}

• Agent LLM2:

{A2_REASON}

• Agent LLM3:

{A3_REASON}

Instructions:

• Base your decision only on the candidate answers above.

• Do NOT add new information.

• Follow the STRICT JSON output format from the system prompt.
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D Track 2: Multiple-Choice Questions (MCQ) prompt

This section presents the detailed prompt used for the MCQ track in our multi-agent debate framework.
The prompt applies the same three-stage debate structure to a multiple-choice decision setting and specifies
the roles of debater agents and the judge model. Unlike the SAQ configuration, it prioritizes structure
comparison of predefined options and consistency in final answer selection rather than generative diversity.
The interaction protocol is designed to mitigate individual model bias and promote stable, well-justified
decisions.

Step 1. Independent Response Generation

Choose only one from the given alphabet choices (e.g., A, B, C). Assume that exactly one option
is correct and do NOT consider the possibility that none of the options apply.
Provide as JSON format:

{"answer_choice":""}

Explain your answer in less than three sentences.
Question:
{question}
Options:
{options}
Answer:

Step 2.1 Mutual Critique

You are currently discussing whether the given answer is culturally plausible and typical with
another discussant. Respond to the discussant by providing any relevant feedback. Respond in less
than three sentences.
Question:
{question}
Options:
{options}
You:
{your_response}
Discussant:
{other_response}
Response:

Step 2.2 Refinement

You are currently discussing whether the given answer is culturally plausible and typical with
another discussant.
Question:
{question}
Options:
{options}
You:
{your_response}
Discussant:
{other_response}
Your feedback:
{your_feedback}
Discussant feedback:
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{other_feedback}
Based on the above discussion, critically think and make your final decision. Choose only one
from the given alphabet choices (e.g., A, B, C). Provide as JSON format:

{"answer_choice":""}

Answer:

Step 3. Final Adjudication

You are a judge responsible for making a final decision based on the debate history between Model1
and Model2. They have debated whether the given answer is culturally plausible and typical. Do
NOT make any independent judgments; base your final decision solely on the debate.
Respond with a final decision as JSON format:

{"answer_choice":""}

Question:
{question}
Options:
{options}
*** Debate starts ***
# Model1 opinion: {model_1_response}
# Model2 opinion: {model_2_response}
# Model1 feedback: {model_1_feedback}
# Model2 feedback: {model_2_feedback}
# Model1 final decision: {model_1_final_decision}
# Model2 final decision: {model_2_final_decision}
*** Debate ends ***
Final decision:
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E Impact of Judge Model Scales and
Closed-source LLMs on SAQ
Performance

Judge Model Overall

gemma-3-1b-it 48.55
gemma-3-4b-it 55.11
gemma-3-12b-it 55.55
gemma-3-27b-it 55.75
gpt-4o-mini 57.47

Table 5: Impact of Judge Model Scale and Closed-
Source Substitution on SAQ Overall Performance.

To analyze the impact of the judge model, we
varied its parameter scale within the same fam-
ily (Gemma-3) and additionally evaluated a closed-
source LLM. As shown in Table 5, SAQ perfor-
mance consistently improves with increasing judge
capacity, rising from 48.55 with gemma-3-1b-it
to 55.75 with gemma-3-27b-it. This indicates that
a stronger judge more effectively evaluates consis-
tency, cultural appropriateness, and response valid-
ity.

Replacing the open-source judge with the closed-
source model gpt-4o-mini further increased the
overall score to 57.47, surpassing the officially sub-
mitted score of 55.75. This suggests that judge
quality directly constrains the upper bound of per-
formance in our framework.
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