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Abstract
The multilingual fluency of large language
models (LLMs) invites a seductive assumption:
a model that speaks your language must under-
stand your culture. We term this the Illusion of
Cultural Alignment. To examine this illusion,
we introduce MSQA, a benchmark of 1,064 na-
tively sourced questions spanning 11 language
groups, five cultural dimensions, and three dif-
ficulty tiers, designed to reduce reliance on
English-centric cross-lingual shortcuts. Evalu-
ating 21 leading LLMs over five runs per model,
we show that strong multilingual performance
can mask substantial cultural degradation, with
a pronounced Locality Effect consistent with
uneven pretraining exposure and training-data
coverage. We further characterize three mecha-
nisms that sustain the illusion: overconfidence,
where high certainty in unfamiliar cultural do-
mains deprives users of unreliability signals;
stochastic competence, where repeated sam-
pling produces unstable rather than reliable cor-
rectness; and unequal retrieval, where retrieval-
augmented generation provides limited and un-
even gains on long-tail cultural facts. These
findings show that cultural alignment cannot be
inferred from multilingual fluency alone and
requires evaluation grounded in native cultural
evidence.

1 Introduction

When a user asks in Thai about local mourning
customs or in Korean about honorific conventions,
a fluent answer carries an implicit promise that the
model understands the cultural setting behind the
language. This promise is difficult to verify from
surface form alone: an answer can be idiomatic
while still missing the local facts, norms, or his-
torical references that make it correct. We call

*Equal contribution.
†Corresponding authors.

this failure mode the Illusion of Cultural Align-
ment: multilingual LLMs project cultural compe-
tence through surface fluency while masking gaps
in culturally grounded knowledge.

A multilingual model can process and gener-
ate text across languages; a multicultural model
can reason about the beliefs, norms, histories, and
communicative conventions embedded in those lan-
guages. Translation-based evaluation can blur this
distinction: translating English benchmarks such as
MMLU asks whether a model can answer Western-
centric questions expressed in another language,
not whether it possesses knowledge native to that
language’s cultural setting. As Figure 2 shows,
rankings shift sharply when evaluation moves from
English-origin factuality (SimpleQA) to native cul-
tural QA, indicating that multilingual performance
is not a reliable proxy for multicultural compe-
tence.

This mismatch has practical consequences:
LLMs increasingly support localized education,
public-service navigation, tourism, translation, mar-
keting, and community-specific communication.
Fluent but culturally wrong answers can mislead
users about institutions, rituals, legal references,
historical memory, or socially appropriate expres-
sions; detailed application-level examples are in
Appendix J.

To measure this gap directly, we introduce
MSQA, a multilingual and multicultural SimpleQA
benchmark of 1,064 natively sourced questions
across 11 language groups: English, Chinese, Por-
tuguese, Thai, Russian, Korean, French, Japanese,
Malay, Indonesian, and Spanish. Each item has a
single verifiable answer grounded in local cultural
evidence, belongs to one of five cultural dimen-
sions, and is stratified into three difficulty tiers
(Figure 1). Evaluating 21 LLMs on MSQA, we
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Figure 1: Dataset overview of MSQA. The information panel summarizes the benchmark’s cultural dimensions,
language-group coverage, and category-wise composition.
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Figure 2: Model ranking shifts between SQA (Sim-
pleQA; English-centric factuality), CSQA (Chinese
SimpleQA; Chinese factuality), and MSQA (native
cultural QA). The dramatic reordering demonstrates
that multilingual fluency does not imply multicultural
competence—the core manifestation of the Illusion of
Cultural Alignment.

find a strong Locality Effect and identify three
mechanisms that sustain the illusion: overconfi-
dence, stochastic competence, and unequal re-
trieval. Our contributions are therefore to define
the illusion, release a natively sourced diagnostic
benchmark,1 and show that confidence elicitation,
test-time sampling, and retrieval augmentation pro-
vide incomplete remedies without stronger native
cultural data coverage and evaluation.

2 Related Work

The Illusion of Cultural Alignment sits at the in-
tersection of factuality benchmarking, multilingual

1Code: https://github.com/huayuankou333/MSQA;
Project website: https://huayuankou333.github.io/MS
QA; Dataset: https://huggingface.co/datasets/m-a-p
/MSQA.

evaluation, and cross-cultural assessment. Factu-
ality benchmarks such as SimpleQA (Wei et al.,
2024) and FActScore (Min et al., 2023) provide
clean signals for evidence-supported answers, and
Chinese SimpleQA (He et al., 2025) shows that
rankings shift when factuality is measured outside
English; however, these datasets cover only one or
two cultural-linguistic settings.

Translated multilingual benchmarks such as
MMLU (Hendrycks et al., 2020) and Global-
MMLU (Singh et al., 2025b) improve language
coverage but preserve English-centric knowledge
distributions. Recent evaluations broaden the target
space: ALM-Bench (Vayani et al., 2025) covers
multilingual and multimodal cultural understand-
ing across 100 languages, MMA-ASIA (Zheng
et al., 2025) studies cross-lingual and cross-modal
Asian cultural alignment, and SEA-HELM (Su-
santo et al., 2025) evaluates linguistic, cultural,
safety, and general capabilities in Southeast Asian
languages.

Natively sourced and culture-aware bench-
marks further show that translation is insuf-
ficient: MultiLoKo (Hupkes and Bogoychev,
2025), CLIcK (Kim et al., 2024), and Na-
tivQA (Hasan et al., 2025) target locality-specific
knowledge, while BLEnD (Myung et al., 2024),
INCLUDE (Romanou et al., 2025), and Cultural-
Bench (Chiu et al., 2025) cover routines, regional
exams, and cultural knowledge. MSQA comple-
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ments this line by combining strict factual verifi-
cation, native-source construction, broad multicul-
tural coverage, and diagnostic analyses of calibra-
tion, repeated sampling, retrieval, and error types;
a complete comparison is in Appendix B.

3 MSQA: A Diagnostic Instrument for
Cultural Alignment

MSQA separates what a model can say in a lan-
guage from what it knows about the culture that lan-
guage encodes. It contains 1,064 questions across
11 language groups, each with a single objectively
verifiable answer grounded in native cultural evi-
dence. Unlike translation-based benchmarks that
inadvertently reward cross-lingual transfer, MSQA
is designed to reduce this pathway: every item is
natively sourced and anchored in local evidence,
making simple retrieval or translation from English-
origin facts less likely to suffice.

3.1 Question Design Principles

Every candidate item must satisfy five compact cri-
teria: single objective answer, requiring one short
and unambiguous factual target; temporal invari-
ance, requiring a stable answer; cultural speci-
ficity, requiring knowledge grounded in a particu-
lar historical, social, or linguistic setting; knowl-
edge cutoff, requiring facts established on or be-
fore December 31, 2023; and diagnostic difficulty,
requiring the item to distinguish surface cultural
familiarity from robust native cultural knowledge.

3.2 Construction Pipeline

Figure 3 illustrates the five-stage construction
pipeline and evaluation protocol. Each stage in-
creases the share of retained items that require na-
tive cultural knowledge rather than translation from
English-centric facts.

Stage 1: Source Extraction. Native-language
materials are collected from encyclopedias, aca-
demic publications, official and institutional
sources, dictionaries, local media and communi-
ties, and vertical culture or folklore websites, tar-
geting knowledge outside typical English-centric
pretraining pipelines.

Stage 2: QA Generation. Native-speaker an-
notators mine the sources for culturally embedded
knowledge points and formulate each as an original-
language question–answer pair with at least one
authoritative source URL.

Stage 3: Verification and Filtering. Candidate
items undergo evidence retrieval, LLM-assisted
checks for answer uniqueness and ambiguity, and
difficulty calibration. GPT-5 (Singh et al., 2025a),
DeepSeek-V3 (Liu et al., 2024), and Doubao (Guo
et al., 2025) provide only empirical calibration sig-
nals: model outputs do not determine final scoring
or ranking, and final difficulty labels are assigned
by annotators and quality inspectors.

Stage 4: Quality Control. Expert quality inspec-
tors review cultural specificity, linguistic correct-
ness, source reliability, answer uniqueness, and
clarity. They cross-check sources and return am-
biguous or unsupported items for revision; recruit-
ment, training, and calibration details are in Ap-
pendix I.1.

Stage 5: Human Validation. Native-speaking
annotators validate that questions are culturally ap-
propriate, answers are correct in context, and items
avoid disrespectful framing; the full workflow and
schema are in Appendix I.

3.3 Dataset Overview
The final benchmark comprises 1,064 items orga-
nized along two axes (Figure 1). Five cultural di-
mensions probe progressively deeper layers of em-
bedded knowledge: History and Collective Mem-
ory (261), Beliefs, Values, and Knowledge Sys-
tems (189), Social Norms and Customs (186), Lan-
guage Expression and Communication Arts (220),
and Cultural Products and Symbols (208). Three
difficulty tiers provide diagnostic stress levels:
Easy covers widely shared cultural common sense,
Medium targets regional or community-specific
nuance, and Hard targets less visible institutional,
historical, linguistic, or folkloric knowledge. The
Hard tier is a diagnostic stress test for model knowl-
edge coverage; it is not intended to indicate higher
frequency, social importance, or real-world harm.
Appendix L provides the detailed sub-category tax-
onomy.

3.4 Evaluation Protocol
As shown in Figure 3, the main evaluation applies
MSQA to 21 frontier LLMs spanning the Gem-
ini (Team et al., 2023), Claude (Anthropic, 2026),
GPT (Singh et al., 2025a), Doubao/Seed (Guo et al.,
2025), GLM (Zeng et al., 2025), Qwen (Yang et al.,
2025), DeepSeek (Liu et al., 2024), Kimi (Team
et al., 2025), and MiniMax (Chen et al., 2025) fami-
lies. Each model receives the native-language ques-
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Figure 3: Overview of the MSQA construction and evaluation pipeline. The upper row shows the five-stage data
construction process; the lower row shows the evaluation protocol applied to benchmark LLMs.

tion and generates free-form responses over five
independent runs, yielding 5,320 runs per model.
Gemini-3.1-Pro scores responses as a gold-answer
containment verifier rather than an open-ended
preference judge; aliases, spelling variants, and
transliterations are accepted when they unambigu-
ously express the target answer. We report CO,
NA, IN, CGA, and F, with F as the primary ranking
score. Human validation confirms high judge relia-
bility, and full prompts, validation, and robustness
checks are in Appendix C.

4 Experiments and Analysis

We evaluate MSQA in three stages: the gap be-
tween multilingual fluency and multicultural un-
derstanding (§4.1), three mechanisms behind the
Illusion of Cultural Alignment (§4.2), and qualita-
tive error patterns (§4.3).

4.1 Revealing the Gap

Twenty-one prominent LLMs are evaluated across
the 11 language subsets of MSQA, with five runs
per model and 5,320 model responses per model.
Table 1 reports aggregate metrics and cultural-
dimension F-scores; full language-level results are
in Appendix H.

The results expose a Locality Effect: cultural
knowledge tracks likely pretraining exposure and
training-data coverage more closely than aggregate
multilingual fluency. Gemini-3.1-Pro leads over-

all with a 68.7 F-score. GPT-5.5, Claude-Opus-
4.6, GPT-5.4, DeepSeek-V4-Pro, and Seed-2.1-Pro
form the next tier, but their language profiles dif-
fer sharply. Similar aggregate scores can therefore
hide different language-level behavior, while belief
and value systems are generally easier than history,
cultural symbols, and social norms.

Cross-benchmark shift. On the overlapping sub-
set of MSQA, SimpleQA (Wei et al., 2024), and
Chinese SimpleQA (He et al., 2025), model rank-
ings change substantially. For example, Qwen-
3.5-plus-thinking ranks second on both SQA and
CSQA but drops to eighth on MSQA, while GPT-
5.2-high ranks third on MSQA despite placing sev-
enth on SQA. Single-language factual strength can
therefore overstate or understate multicultural com-
petence.

Difficulty as an illusion gradient. Easy items
cover widely shared cultural common sense,
Medium items target regional nuance, and Hard
items stress less visible institutional, historical, lin-
guistic, or folkloric knowledge. Figure 4 shows
performance decreasing from Easy to Hard; the
macro-average Easy+Medium score is 54.7, com-
pared with 38.9 on Hard items. Although 1,064
items limit fine-grained language-by-dimension in-
ference, question-level bootstrap and rank-stability
analyses show stable aggregate conclusions; con-
fidence intervals, run-level variance, split-half sta-
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Table 1: Main MSQA results over 21 evaluated models (Part I): aggregate metrics and cultural-dimension F-
scores. Cultural-dimension abbreviations are BVKS: Beliefs, Values, and Knowledge Systems; HCM: History and
Collective Memory; CPS: Cultural Products and Symbols; SNC: Social Norms and Customs; LECA: Language
Expression and Communication Arts. All values are percentages averaged over five runs. Gold , silver , and
bronze cells mark the best, second-best, and third-best results in each column (for NA and IN, lower is better).

(a) Aggregate and cultural-dimension performance
Model Aggregate metrics Cultural-dimension F-score

CO↑ NA↓ IN↓ CGA↑ F↑ BVKS HCM CPS SNC LECA

Questions 1,064 items / 5,320 runs per model 189 261 208 186 220

Gemini-3.1-Pro 67.9 2.6 29.6 69.6 68.7 71.4 68.5 66.1 67.0 70.7
GPT-5.5 55.1 1.7 43.2 56.1 55.6 55.7 52.5 55.0 54.3 60.7
Claude-Opus-4.6 48.1 17.8 34.1 58.5 52.8 58.2 48.7 50.6 51.6 55.9
GPT-5.4 50.1 3.4 46.6 51.8 50.9 52.1 45.9 49.2 51.1 57.3
DeepSeek-V4-Pro 50.4 1.6 48.0 51.2 50.8 53.1 50.8 46.2 49.5 54.1
Seed-2.1-Pro 49.7 2.8 47.6 51.1 50.4 54.8 47.4 45.5 50.5 54.6
Claude-Opus-4.7 39.5 38.8 21.7 64.5 49.0 50.2 51.0 45.6 48.5 49.2
GPT-5.2 44.5 4.1 51.4 46.4 45.4 44.3 40.7 46.7 43.0 52.5
Doubao-2.0-Pro-H 43.6 3.1 53.3 45.0 44.3 48.5 45.1 38.9 45.6 43.6
GLM-5 41.0 5.0 53.9 43.2 42.1 43.7 42.2 39.8 40.8 43.8
Doubao-2.0-Pro-M 40.7 2.4 56.9 41.7 41.2 45.2 39.7 38.4 42.0 41.3
Seed-2.1-Turbo 40.2 3.1 56.7 41.5 40.8 44.6 39.9 37.3 43.4 39.8
Gemini-2.5-Flash 39.8 3.8 56.3 41.4 40.6 43.3 38.2 38.2 40.4 43.5
Qwen3.5-Plus 39.6 3.8 56.6 41.2 40.4 45.0 36.4 41.4 38.6 41.8
DeepSeek-V3.2 39.0 6.8 54.2 41.9 40.4 45.6 36.3 38.7 44.1 39.1
Kimi-K2.6 38.7 7.4 53.9 41.8 40.2 44.4 38.4 39.3 38.6 40.9
Kimi-k2.5 38.9 3.0 58.0 40.1 39.5 43.9 38.1 38.7 37.7 39.9
Doubao-2.0-Lite 38.3 1.9 59.8 39.0 38.6 40.9 39.3 34.1 41.3 38.0
Minimax-M2.7 27.6 9.8 62.6 30.6 29.0 34.6 27.8 25.2 27.0 30.9
Qwen3-Next 24.9 10.1 64.9 27.8 26.3 33.7 27.5 25.4 20.6 24.1
Minimax-M2.5 24.9 9.8 65.3 27.6 26.2 33.2 22.9 24.7 24.4 26.9

Figure 4: Average model performance by diagnostic
difficulty tier (Easy, Medium, Hard). Hard items are a
stress test for culturally specific knowledge coverage,
not a claim about frequency or real-world importance.

bility, and stratified subsampling results are in Ap-
pendix 5.

4.2 Three Dimensions of the Illusion

The aggregate gap explains that models lack cul-
tural knowledge, but not why users may still trust
fluent answers. We isolate three everyday signals
that sustain the illusion: overconfidence, where
models remain highly certain when wrong; stochas-
tic competence, where repeated sampling occa-

sionally surfaces correct answers without stable
knowledge; and unequal retrieval, where web evi-
dence helps unevenly on long-tail cultural facts.

4.2.1 Overconfidence: Models Don’t Know
They Don’t Know

We measure Expected Calibration Error (ECE)
from reported confidence and judge accuracy. As
Figure 5 shows, most models remain severely over-
confident: accuracy often stays between 20–50%
even when reported confidence exceeds 90%. GPT-
5.2-high is comparatively better calibrated (ECE =
34.1), whereas Doubao-2.0-lite (56.8), DeepSeek-
V3.2 (58.9), and Qwen3-Next (68.2) preserve a
high-confidence style regardless of cultural famil-
iarity.

4.2.2 Stochastic Competence: Occasional
Correctness ̸= Stable Knowledge

We sample independent responses for N ∈
{1, 2, 4, 8, 16, 32} and compare Best-of-N with
Worst-of-N. Figure 6 shows that additional sam-
pling raises the ceiling when partial knowledge ex-
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the two indicates representational instability rather than
stable cultural knowledge.

Figure 7: Performance with and without standardized
web retrieval on MSQA. Gains are limited and uneven
across the evaluated model subset.

ists, but the widening gap between the two bounds
reveals unstable answer distributions rather than
reliable cultural knowledge. Users see only one
sample, so occasional correctness can be mistaken
for genuine understanding.

4.2.3 Standardized Web Retrieval Provides
Limited and Uneven Gains

We use a standardized external web-search pipeline
for the evaluated model subset so models receive
comparable retrieved evidence before answering.
Gemini-3.1-Pro is excluded because it could not be

connected to the same standardized pipeline under
our evaluation setting. Figure 7 shows limited and
uneven gains: retrieval helps some models by sev-
eral points but does not uniformly close the cultural
gap under this tested setting. This should not be
read as a claim about all retrieval systems; setup
details are in Appendix D.

English availability and local models. English
translation improves direct answering moderately
(21.1 to 25.5), but English-translated RAG yields
almost no additional gain (25.8), and oracle English
search finds direct evidence for only 43/913 non-
English items (4.71%; 4.04% of all 1,064 items).
This does not prove the absence of contamination,
but it does not support reducing MSQA to ordinary
English-web factual QA. A small French-subset
local-LLM study provides preliminary trend evi-
dence, rather than controlled causal evidence, that
locally oriented training helps; details and caveats
are in Appendix E.

4.3 Qualitative Error Analysis

We categorize wrong responses into six recurring
error types. The dominant failure is not generic
inability to answer, but failure to resolve cultur-
ally specific referents: Cultural Practice, Belief,
or Symbol Misidentification accounts for 20,614
wrong responses (47.3%), followed by Historical
Event or Chronology Confusion (9,205, 21.1%) and
Localized Term or Idiom Mismatch (8,272, 19.0%).
These errors show that models often provide flu-
ent but wrong interpretations of rituals, legal refer-
ences, historical events, or localized expressions;
full distributions and cases are in Appendix G.
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5 Conclusion

This paper introduces MSQA, a holistic multilin-
gual and multicultural QA benchmark designed to
expose the Illusion of Cultural Alignment: the false
impression that linguistic fluency implies cultural
understanding. Across 11 languages, five cultural
dimensions, and three diagnostic difficulty tiers,
our results show that current LLMs still suffer from
substantial gaps in verifiable local cultural factual
knowledge, often answering unfamiliar cultural
questions with high confidence, unstable correct-
ness, or only limited benefit from retrieval. These
findings suggest that cultural competence cannot
be reliably inferred from multilingual performance
alone. Future models require more diverse native
cultural data, stricter culturally grounded evalua-
tion, and stronger mechanisms for recognizing the
limits of their own knowledge.

Limitations

MSQA focuses on verifiable local cultural factual
knowledge, not all of cultural alignment: open-
ended explanation, pragmatic sensitivity, and con-
tested interpretations require additional evaluation.
Its 1,064 items support stable aggregate conclu-
sions but limit fine-grained language-by-dimension
inference, and the three-tier difficulty stratification
may retain residual selection effects despite an-
notator review and model-based calibration sig-
nals. The Hard tier is diagnostic rather than a claim
about frequency-weighted usability or real-world
harm. Gemini-3.1-Pro judge coupling cannot be
completely ruled out, although human validation
supports reliability. The English-availability audit
is a sanity check rather than proof of zero contam-
ination, the RAG results apply only to the tested
standardized retrieval setting, and the local-LLM
supplementary experiment is limited beyond the
French subset. Finally, MSQA covers 11 language
groups and should be expanded through the human-
in-the-loop strategy described in Appendix K.

Ethics Statement

All questions in MSQA are sourced from pub-
licly available materials, including encyclopedias,
government websites, academic publications, and
openly accessible cultural platforms. No private or
personally identifiable information is collected or
included in the dataset.

Cultural content was reviewed by native speakers
of each target language to minimize misrepresenta-

tion, stereotyping, or the reinforcement of cultural
biases. Questions that could be perceived as disre-
spectful toward any cultural or ethnic group were
excluded during the validation process.

We acknowledge that any benchmark encoding
cultural knowledge inevitably reflects the perspec-
tives and interpretive frameworks of its annotators.
We have sought to mitigate this through diverse
annotator recruitment and multi-round review, but
residual biases may remain. We encourage users to
interpret MSQA results in context and to treat the
benchmark as one component of a broader evalua-
tion framework rather than a definitive measure of
cultural competence.
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A Prompts Used in Experiments

We use three prompts across the evaluation pipeline.
The main-experiment judge prompt instructs the
LLM judge (Gemini-3.1-Pro) to determine whether
a model’s free-form response contains the gold
answer in meaning. The multilingual calibration
prompt elicits both an answer and a self-reported
confidence score (0–100) for the calibration anal-
ysis in §4.2. The retrieval-augmented answering
prompt guides models to fuse internal knowledge
with retrieved evidence in the RAG experiment.

B Benchmark Comparison

C Judge Validation and Robustness

The main judge is used as a constrained factual-
equivalence verifier rather than as a preference
model: it checks whether the model response con-
tains the gold answer in meaning, allowing aliases
and transliterations but rejecting contradictions and
missing target answers. During the NA/IN re-read,
originally incorrect responses are further separated
into NA (non-committal, incomplete, or abstaining
without a concrete false answer) and IN (a concrete
wrong answer). This separation prevents absten-
tion from being conflated with hallucinated cultural
claims.

Human validation of the judge. Because
Gemini-3.1-Pro is both the judge and an evalu-
ated model, we quantify judge reliability with a
human validation study. We randomly selected
200 responses from each of Gemini-3.1-Pro, GPT-
5.4, and Claude-Opus-4.6, using approximately
balanced stratified sampling across the nine non-
English language subsets considered in this analy-
sis: 22–23 responses per language for each model,
yielding 66–67 cases per language and 600 re-
sponses in total. Human annotators determined
whether each response semantically contains the
gold answer, and these labels were compared with
the binary decisions of the Gemini-3.1-Pro judge.
As Table 3 shows, the judge reaches an overall
accuracy of 98.00%, with per-language accuracy
between 95.52% and 100.00%. Table 4 breaks
the same sample down by the model that gener-
ated the evaluated response: judge accuracy on
Gemini-3.1-Pro’s own outputs (98.00%) is com-
parable to its accuracy on GPT-5.4 (98.50%) and
Claude-Opus-4.6 (97.50%) outputs, so within the
validated sample we observe no evident deteriora-
tion or inflation when the judge scores its own gen-

erations. This analysis alone cannot fully exclude
evaluator–model coupling, which we acknowledge
in the Limitations.

D Retrieval, English Availability, and
Translation Controls

The retrieval experiment uses a standardized exter-
nal web-search pipeline for the evaluated model
subset. The same retrieved evidence format is
supplied to each included model before genera-
tion. Gemini-3.1-Pro is excluded from this sub-
experiment because it could not be connected to
the same standardized external retrieval pipeline
under the evaluation setting. The English trans-
lation and retrieval control scores are reported in
Table 6.

We also conduct an oracle English-availability
audit over the 913 non-English questions. Direct
English evidence is found for 43 items, correspond-
ing to 4.71% of non-English items and 4.04% of
all 1,064 MSQA items. This audit is conservative
and does not prove the absence of contamination;
it only shows that readily available direct English
evidence is rare under the audit protocol.

E Supplementary Local-Model
Experiment

To contextualize whether smaller locally oriented
models close the gap, we run a supplementary
French-focused experiment, reported in Table 7.
These models are not part of the 21-model main
leaderboard because the experiment is narrower in
language coverage and model scale.

The most closely controlled comparison is be-
tween CroissantLLM-base-1.7B and Qwen3-1.7B,
which share the same parameter scale: the French-
oriented model reaches 13.10% accuracy versus
3.57% for the general multilingual model, and the
European multilingual Ministral/Mistral models
score higher still. These comparisons are trend ev-
idence rather than strictly controlled experiments,
since the models differ in architecture, training
data, and objectives, and the experiment covers
only French. They are nevertheless consistent with
the locality-effect hypothesis: exposure to native-
language and regionally grounded data improves
cultural knowledge coverage beyond what general
multilingual fluency captures. For multilingual
model development, this suggests four concrete di-
rections: (i) incorporating more native and locally
sourced training data covering regional histories,
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Main-Experiment Judge Prompt

Determine whether the predicted answer correctly contains the gold target in meaning.
Scoring rules. CORRECT if the predicted answer contains the same factual answer as the gold target. The predicted
answer may include additional explanations, descriptions, or context. Extra information does not make the predicted answer
incorrect if the core answer is correct. If the gold target is a short fact, such as a month, date, number, name, or location,
the predicted answer is CORRECT as long as it clearly includes that fact and its overall meaning does not contradict the
gold target. Accept clear aliases, spelling variants, inflectional variants, translated names, and transliterations when they
unambiguously refer to the same target entity. INCORRECT if the predicted answer gives a different answer, contradicts
the gold target, or fails to include the gold target. If a response refuses, expresses uncertainty, or gives only background
without a concrete wrong answer, label it as a non-answer/abstention case during the NA/IN re-read.
Process. Fully understand the intent of the prompt; identify the final answer stated in the predicted answer; compare the
final answer of the predicted answer with the gold target.
Examples. Answer: May. Prediction: The festival is celebrated in May and marks the beginning of spring. Score: 1.
Explanation: The predicted answer includes the correct month. Answer: May. Prediction: The festival takes place in June.
Score: 0. Explanation: The predicted answer gives a different month. Answer: May. Prediction: It is a traditional festival
celebrated with dances. Score: 0. Explanation: The predicted answer does not mention the month.
Output format. First line: 0 or 1, where 1 = CORRECT and 0 = INCORRECT. Following lines: brief explanation of the
scoring decision.

Multilingual Calibration Prompt

Character. You are a multilingual cultural expert with encyclopedic knowledge of multiple languages and their correspond-
ing cultural domains. Your task is to answer multilingual cultural questions and provide a subjective confidence score.
Remain objective and rigorous throughout the response, recognize possible cross-cultural knowledge blind spots, do not
overstate your knowledge, and present your true level of knowledge from a professional perspective.
Goal. Based on the provided multilingual cultural question, answer the question and evaluate your subjective confidence
in the correctness of your answer. The confidence score must be an integer from 0 to 100, where 0 means completely
uncertain and the answer is highly likely to be wrong or based on guessing, and 100 means completely certain and based on
sufficient and reliable knowledge. Strictly follow the output format. Return only JSON, with no extra text, comments, or
explanations. Output only two fields: response, your professional answer to the multilingual question, and confidence,
your subjective confidence score.
Process. 1. Question understanding: precisely identify the core request of the multilingual question, the language involved,
the cultural scenario, and the relevant knowledge domain, and determine whether you have a knowledge blind spot.
2. Language identification and matching: identify the language used in the question and answer in that language. 3.
Professional answer: provide a professional answer based on your knowledge. 4. Confidence assessment: objectively
assign a confidence score according to the 0–100 scale, ensuring that the score matches the likely accuracy of the answer
and is neither blindly high nor blindly low.
Output. { “response”: “”, “confidence”: “” }

Retrieval-Augmented Answering Prompt

Role. You are a cultural expert with multilingual encyclopedic knowledge. Your task is to combine your internal knowledge
with external retrieved data to provide accurate, hallucination-free answers.
Task Strategy. 1. Knowledge fusion: answer by combining your native memory, the user question {{prompt}}, and the
retrieved data {{search_result}}. 2. Autonomous decision-making: you may refer to both your native knowledge and
{{search_result}}; independently evaluate their accuracy and relevance, and provide the answer you judge to be most
correct. 3. Supplemental grounding: when your native knowledge is weak in a particular language context, use details from
{{search_result}} to enrich and verify your answer. 4. Language adaptation: respond in exactly the same language as the
user question.
Input Context. User question: {{prompt}}. Retrieved data: {{search_result}}.
Output Requirement. Directly answer the question. Do not output any preamble or explanation. Strictly follow the format
below and do not output any extra content: [write your answer here]
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Table 2: Comparison with prior factuality, multilingual, and cultural benchmarks. Native source indicates whether
questions are originally built from target-language/local sources rather than translated from an English source.
Objective indicates whether the answer target is intended to be single and factually verifiable. Symbols: ✓ = fully
satisfied, ● = partially satisfied or mixed across subsets, ✗ = not satisfied.

Benchmark Size Coverage Modality Native source Format Objective Cultural scope Metric Diagnostics

Factuality and Knowledge Benchmarks

SimpleQA 4,326 EN Text ✗ Open ✓ General factuality LLM judge ✗

Chinese SimpleQA 3,000 ZH Text ✓ Open ✓ Chinese factuality LLM judge ✗

MMLU 15,908 EN Text ✗ MCQ ✓ Academic subjects Accuracy ✗

Global-MMLU 15,908 42 langs. Text ✗ MCQ ✓ Translated academic subjects Accuracy ✗

Multilingual and Regional Benchmarks

ALM-Bench 100 langs. Global Multimodal ● Mixed ● Low-resource language ability Task metrics ●

MMA-ASIA 27,000 10 langs. Multimodal ● Mixed ● Asian languages and cultures Task metrics ●

SEA-HELM 5 langs. Southeast Asia Text ● Mixed ● Regional language ability Task metrics ●

Native and Culture-Aware Benchmarks

MultiLoKo 15,500 31 langs. Text ✓ MCQ ✓ Local knowledge Accuracy ●

CLIcK 2,180 KO Text ✓ MCQ ✓ Korean culture Accuracy ●

NativQA 3,395 7 langs. Text ✓ Open ● Native user queries LLM judge ●

BLEnD 52 countries 16 langs. Text ✓ Open/MCQ ● Everyday routines Mixed ●

INCLUDE 197 regions 44 langs. Text ✓ MCQ ✓ Regional exams Accuracy ●

CulturalBench 1,227 Global Text ● MCQ ● Cultural knowledge Accuracy ●

MSQA (Ours) 1,064 11 langs. Text ✓ Open ✓ Native cultural facts CO/NA/IN/CGA/F ✓

Language Judge accuracy Cases

ES 97.01% 67
FR 98.51% 67
ID 98.51% 67
JA 98.51% 67
KO 98.51% 67
MS 95.52% 67
PT 98.48% 66
RU 96.97% 66
TH 100.00% 66

Overall 98.00% 600

Table 3: Per-language human validation of the
Gemini-3.1-Pro judge on 600 stratified responses. Hu-
man annotators labeled whether each response seman-
tically contains the gold answer; judge accuracy is
agreement with these human labels.

Evaluated model Judge accuracy Cases

Gemini-3.1-Pro 98.00% 200
GPT-5.4 98.50% 200
Claude-Opus-4.6 97.50% 200

Overall 98.00% 600

Table 4: Judge validation broken down by the model
that generated the evaluated response. Accuracy on the
judge’s own (Gemini-3.1-Pro) outputs is comparable
to that on other models’ outputs, showing no evident
self-preference within the validated sample.

institutions, customs, and conventional expressions
rather than relying on translated text; (ii) language-
specific continued pretraining or local adaptation
for cultures underrepresented in globally dominant
corpora; (iii) fine-grained, culturally grounded eval-
uation at the language and cultural-dimension level
rather than aggregate multilingual scores alone; and
(iv) data-curation and training-side interventions
combined with retrieval connected to authoritative
local-language sources, since our broader experi-
ments show that sampling, confidence elicitation,
and generic web retrieval do not consistently close
cultural knowledge gaps.

F Repeated Sampling and Difficulty
Details

The repeated-sampling experiment uses N ∈
{1, 2, 4, 8, 16, 32} independent responses per item.
Best-of-N reports the upper-bound score if any
sampled response is correct, whereas Worst-of-N
reports the lower-bound score if any sampled re-
sponse is wrong. The widening gap between these
two curves is interpreted as instability of the answer
distribution, not as direct evidence about model in-
ternals.

For difficulty analysis, Easy denotes widely
shared cultural common sense, Medium denotes re-
gional or community-specific nuance, and Hard
denotes less visible institutional, historical, lin-
guistic, or folkloric knowledge. Hard items are
diagnostic stress tests rather than claims about fre-
quency or practical importance. In the represen-
tative eight-model difficulty analysis, the macro-

25787



Robustness statistic Value Robustness statistic Value

Total judgments in robustness audit 79,800 Models covered in audit 15
Questions per model 1,064 Runs per model 5
Average 95% bootstrap CI half-width 2.45 CI half-width range 2.07–2.66
Average run-level SD 0.83 Maximum run-level SD 1.26
Single-run vs. five-run Spearman 0.976 Split-half Spearman 0.936
50% stratified subsample Spearman 0.978 25% stratified subsample Spearman 0.957

Table 5: Dataset-size and run-level robustness audit. The audit was conducted on an earlier 15-model full-coverage
checkpoint, corresponding to 1,064× 5× 15 = 79,800 judgments; the main result table reports the later 21-model
evaluation.

Setting Score

Original-language direct answering 21.1
English-translation direct answering 25.5
Original-language + RAG 25.9
English-translation + RAG 25.8

Table 6: English translation and retrieval controls.
Scores improve modestly but remain far below a
collapse to ordinary English-web factual QA.

Model Orientation / scale Score

CroissantLLM-base-1.7B French-oriented, 1.7B 13.10
Qwen3-1.7B General multilingual, 1.7B 3.57
Ministral3-3B-Base European multilingual, 3B 19.05
Qwen3.5-2B General multilingual, 2B 5.95
Mistral-7B-v0.3 European multilingual, 7B 22.62

Table 7: Supplementary local/small-model results on the
French subset: local orientation helps at matched scale, con-
sistent with the locality effect.

average Easy+Medium score is 54.7, compared
with 38.9 for Hard items.

G Error Case Analysis

Error type Count Share

Cultural Practice, Belief, or Symbol
Misidentification

20,614 47.3%

Historical Event or Chronology
Confusion

9,205 21.1%

Localized Term or Idiom Mismatch 8,272 19.0%
Numeric, Temporal, or Statistical
Error

2,862 6.6%

Literal Translation or Expression
Trap

1,447 3.3%

Institutional or Legal Reference Er-
ror

1,136 2.6%

Table 8: Distribution of recurring error types among
wrong MSQA responses.

G.1 Error Case Taxonomy and
Representative Failures

We assign each wrong response to one primary
error type according to the question target, refer-
ence answer format, and culturally specific cues
in the item. The labels are intended as diagnostic
tags rather than claims about the model’s internal
mechanism. Table 9 summarizes the taxonomy,
and Table 10 gives representative high-coverage
cases.

Representative cases. The most common failure
type across all evaluated models is cultural-symbol

misidentification, which often appears when the
model knows the broad region or topic but se-
lects a globally more familiar substitute. Historical
and lexical failures form the second tier: models
can write coherent explanations of a historical pe-
riod or idiom family, yet still miss the exact event,
proverb, or culturally fixed phrase. The smaller
categories are also important because they reveal
high-precision bottlenecks: dates and statistics, for-
mal institutional references, and non-compositional
expressions are all cases where near misses cannot
be accepted as culturally competent answers.

H Full Language-Level Results

I Annotation Workflow and Data Schema

The construction of MSQA follows the five-stage
pipeline illustrated in Figure 3.

Stage 1: Question creation. Native-speaker an-
notators design questions bound to specific cultural
contexts, each accompanied by a reference answer
and at least one authoritative source URL. Anno-
tators are selected for target-language fluency and
familiarity with the relevant cultural domain, and
receive instructions emphasizing objective answer-
ability, source grounding, and avoidance of stereo-
types or culturally disrespectful phrasing. Annota-
tors may pre-test items against commercial LLMs
(GPT, DeepSeek, Doubao) to obtain a preliminary
difficulty signal before submission.
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Error type Definition Interpretation

Cultural Practice, Belief, or Sym-
bol Misidentification

The model substitutes a nearby but incorrect cus-
tom, ritual, belief, artifact, symbol, dish, craft, or
social meaning.

Broad cultural priors are present, but
the local referent is missing or un-
stable.

Historical Event or Chronology
Confusion

The model confuses a specific event, period, fig-
ure, place, or historical interpretation with an
adjacent narrative.

Historical fluency masks weak re-
trieval of local anchors.

Localized Term or Idiom Mis-
match

The model fails to produce the exact native term,
proverb, slang, dialectal form, or lexicalized ex-
pression.

Native lexicalized knowledge is not
reducible to semantic paraphrase.

Numeric, Temporal, or Statistical
Error

The model gives an incorrect date, year, count,
percentage, ordinal, or survey statistic.

Surrounding explanation may be
plausible while exact factual preci-
sion fails.

Literal Translation or Expression
Trap

The model interprets a fixed expression composi-
tionally or translates it too literally.

Translation-like reasoning fails for
conventionalized local usage.

Institutional or Legal Reference
Error

The model misidentifies a legal article, official
system, institutional category, or formal docu-
ment reference.

Formal local knowledge is brittle
and near-miss references are objec-
tively wrong.

Table 9: Taxonomy of recurring error types observed in MSQA wrong responses.

Stage 2: Answer verification. Each item under-
goes automated answer-accuracy verification using
a dedicated quality-check prompt (shown below).
If the answer is found to be ambiguous or incorrect,
the item is returned for revision until confirmed
unique and unambiguous.

Stage 3: Automated difficulty testing. Veri-
fied items are evaluated by three LLMs (GPT-5,
DeepSeek-V3, and Doubao) across five indepen-
dent runs. Items answered correctly in more than
three runs are flagged for human review. The model
signal is used for calibration, not as the final label:
annotators and inspectors decide whether the item
should be revised, replaced, or assigned to a differ-
ent difficulty tier.

Stage 4: Expert quality inspection. Quality in-
spectors review each item for cultural specificity,
depth, linguistic accuracy, answer uniqueness, and
source reliability. Inspectors cross-check the origi-
nal source and provide one to two additional inde-
pendent sources when available. Items with flaws
are returned with detailed revision notes and must
pass re-review before acceptance.

Stage 5: Final acceptance. A project lead con-
ducts a final review of all approved items, checking
format consistency, logical coherence, source trace-
ability, and overall quality before inclusion.

Data schema. Each item is stored with the
following fields: a unique prompt_id; the
culture_circle to which the knowledge belongs;
a category label from the five-dimension taxon-
omy; the question and answer in the native lan-

guage (prompt, answer); a Chinese translation pair
(question_zh, answer_zh) for cross-reference;
the primary source_url with description; and ad-
ditional quality-check sources contributed during
inspection.

I.1 Reviewer Recruitment, Training, and
Calibration

In this work, “expert quality inspectors” refers
to reviewers recruited under predefined language-
proficiency and educational requirements, rather
than subject-matter experts in a specific academic
discipline. Quality control involves two comple-
mentary roles: local language–culture reviewers
and internal language points of contact (POCs).

Local language–culture reviewers. Local re-
viewers were recruited for each target language (En-
glish, Chinese, Spanish, Korean, French, Japanese,
Russian, Portuguese, Indonesian, Malay, and Thai)
and were primarily responsible for evaluating lin-
guistic naturalness, cultural appropriateness, fac-
tual accuracy, and source reliability. Reviewers
were generally required to hold at least a bache-
lor’s degree, preferably in the humanities or social
sciences (e.g., history, anthropology, sociology, lin-
guistics, literature, journalism, communication, or
area studies); reviewers from other disciplines were
eligible if they demonstrated substantial familiarity
with the target language and its cultural context.
Native speakers were preferred, and non-native re-
viewers were required to hold advanced language
qualifications, such as TOPIK Level 6 for Korean,
JLPT N1 for Japanese, DALF C1/C2 for French,
TORFL Level 3/4 for Russian, or equivalent certifi-
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Error type Case ID Lang. Question (abridged) Reference answer Why it matters

Cultural Practice, Belief, or Sym-
bol Misidentification

PT-82 PT Em Portugal, como se chama a técnica de bor-
dado luxuoso, realizada à mão com fios de ouro
e prata sobre veludo ou tecido de algodão, fre-
quentemente associada a uma tradição local?

Bordado de Castelo
Branco

Shows that models replace local cultural sym-
bols with globally familiar but incorrect sub-
stitutes.

Cultural Practice, Belief, or Sym-
bol Misidentification

88474215-1a43-
46ee-ad19-
0ab7d657afcd

EN From which work does the emotional quality of
the Statue of Liberty originate?

The Lion of Belfort Shows that models replace local cultural sym-
bols with globally familiar but incorrect sub-
stitutes.

Historical Event or Chronology
Confusion

PT-05 PT Qual evento histórico brasileiro foi reinterpre-
tado pela República como símbolo de luta contra
a monarquia, apesar de ter sido elitista?

A Proclamação da
República

Shows confusion among adjacent historical
narratives despite fluent explanation.

Historical Event or Chronology
Confusion

0115c63c-edfb-
467a-b2e2-
5665e9c36585

RU Russian item asking in which city and on which
date the first congress of Tver zemstvo doctors
opened.

Tver, June 7, 1871. Shows confusion among adjacent historical
narratives despite fluent explanation.

Localized Term or Idiom Mis-
match

PT-80 PT Qual é a expressão idiomática brasileira usada
para expressar raiva e irritação?

Estar com os azeites troca-
dos

Demonstrates failure on exact native lexical
retrieval rather than general semantic under-
standing.

Localized Term or Idiom Mis-
match

2ce51935-e30d-
4e33-aabc-
cbc8c0c5311c

EN In 1947, the British ceramics manufacturer
Wade Pottery introduced a specific maker’s mark
(backstamp) that explicitly incorporated which
symbol?

An owl. Demonstrates failure on exact native lexical
retrieval rather than general semantic under-
standing.

Numeric, Temporal, or Statistical
Error

PT-13 PT Quando é que o Brasil foi elevado à categoria
de Reino Unido?

1916 Demonstrates brittle precision on
dates/counts/statistics within otherwise
familiar cultural topics.

Numeric, Temporal, or Statistical
Error

ae4387f8-2267-
429d-bdad-
2c36a98ce4c0

MS Dalam adat pemakaman suku Murut Kolor, jika
si mati adalah lelaki, berapa kali gong taliwi
diketuk pada akhirnya? Jika perempuan, berapa
kali?

Lelaki satu kali; Perem-
puan dua kali

Demonstrates brittle precision on
dates/counts/statistics within otherwise
familiar cultural topics.

Literal Translation or Expression
Trap

PT-66 PT Qual expressão portuguesa significa pessoa cal-
ada?

o gato comeu sua língua Highlights the limitation of literal or
translation-based reasoning for conventional
expressions.

Literal Translation or Expression
Trap

491a1457-2c8f-
4734-97b1-
bc04fbd82ce4

ZH Chinese item asking for the two meanings of a
Northern Shaanxi dialect expression.

To tidy up or arrange; to
scold or admonish.

Highlights the limitation of literal or
translation-based reasoning for conventional
expressions.

Institutional or Legal Reference
Error

5bf30cf3-9d74-
44e5-851e-
36cb481880db

FR Quel article du Code de la sécurité sociale
français oblige les organismes payeurs à com-
parer chaque mois leurs données avec celles des
organismes compétents?

L’article L. 262-16 de
Code de l’action sociale et
des familles

Tests formal local reference knowledge where
near-miss article/system names are objectively
wrong.

Institutional or Legal Reference
Error

6f1478df-b38d-
450b-a6b6-
149267d375dd

EN Which term is used instead of Māori English,
avoiding the controversy that Māori English can
also be spoken by non-Māori people?

Aotearoa English Tests formal local reference knowledge where
near-miss article/system names are objectively
wrong.

Table 10: Representative wrong responses illustrating the six MSQA error types. Questions are abridged for
readability.

Table 11: Main MSQA results over 21 evaluated models (Part II): language-level F-scores for the same models as
Table 1. Models with similar aggregate scores can have sharply different language profiles, a pattern masked by
monolingual or translation-based benchmarks. Gold , silver , and bronze cells mark the best, second-best, and
third-best results in each column.

(b) Language F-score
Model EN ZH FR ID KO JA PT TH RU ES MS

Questions 151 150 84 81 86 83 80 95 92 80 82

Gemini-3.1-Pro 74.9 56.8 79.7 62.9 73.9 52.8 70.7 71.0 77.1 68.2 70.4
GPT-5.5 58.8 44.5 66.5 45.4 62.4 48.0 59.4 58.5 65.3 54.8 51.8
Claude-Opus-4.6 62.1 43.9 67.8 48.5 56.4 35.5 50.0 51.0 59.0 63.9 39.6
GPT-5.4 57.2 38.3 60.8 45.0 59.7 38.6 57.3 48.6 62.6 52.2 43.6
DeepSeek-V4-Pro 60.5 50.9 55.1 43.1 45.8 34.9 59.0 49.5 57.5 56.1 37.9
Seed-2.1-Pro 57.8 50.7 57.0 45.2 45.2 31.8 61.8 45.9 57.5 55.1 40.3
Claude-Opus-4.7 58.4 11.3 68.9 61.3 62.8 42.0 67.3 16.9 30.8 61.6 39.1
GPT-5.2 51.0 32.0 58.5 37.3 46.6 30.1 57.5 45.1 55.3 51.3 39.3
Doubao-2.0-Pro-H 53.3 55.7 48.0 42.6 34.0 27.6 56.1 30.9 39.8 52.1 33.4
GLM-5 53.0 43.5 52.2 36.7 29.3 17.7 54.1 34.8 47.0 51.8 33.6
Doubao-2.0-Pro-M 50.3 50.2 48.2 37.3 32.6 25.9 53.1 26.6 36.2 50.8 30.1
Seed-2.1-Turbo 50.3 48.7 48.1 40.0 32.0 21.8 52.4 26.3 41.6 49.3 27.4
Gemini-2.5-Flash 44.3 30.6 42.8 40.6 41.2 23.7 58.6 40.2 46.3 48.0 35.7
Qwen3.5-Plus 47.7 34.9 53.2 38.9 31.7 16.9 54.4 39.3 48.3 51.2 25.6
DeepSeek-V3.2 50.7 45.3 41.7 42.8 24.6 21.8 55.7 34.8 37.7 50.7 27.1
Kimi-K2.6 54.8 40.9 51.8 36.7 27.7 16.4 50.6 28.3 38.2 52.1 35.2
Kimi-k2.5 51.4 41.5 50.4 36.3 25.3 16.5 52.0 27.9 35.9 54.3 35.1
Doubao-2.0-Lite 47.1 42.2 47.0 33.6 28.7 22.5 47.7 34.3 37.3 49.2 27.2
Minimax-M2.7 33.9 26.7 36.0 32.0 16.8 15.3 40.3 23.2 32.4 42.9 17.6
Qwen3-Next 39.8 30.3 31.0 28.8 14.1 10.2 35.6 22.5 17.0 28.6 16.9
Minimax-M2.5 32.4 27.0 34.7 30.0 12.6 10.3 34.4 18.7 29.3 34.6 18.4
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cations for other languages.

Internal language POCs. Each language was
additionally assigned an internal POC with formal
training in the corresponding language and, in most
cases, overseas study or professional experience in
the relevant language community. POCs coordi-
nated communication between project leads and
local reviewers, explained the annotation guide-
lines, verified that questions satisfied the bench-
mark requirements for each cultural category, re-
solved disagreements, and ensured that revisions
were applied consistently across annotators.

Training and calibration. Before formal annota-
tion, all reviewers completed standardized training
based on a unified annotation and quality-control
manual covering answer uniqueness, temporal in-
variance, cultural specificity, knowledge cutoff,
question difficulty, taxonomy definitions, source
requirements, and acceptance criteria. During ques-
tion construction, project leads, POCs, and review-
ers held one or two calibration meetings per day to
review submitted questions, discuss difficult cases,
and align interpretations of the guidelines.

Formal quality inspection. During formal in-
spection, reviewers evaluated each question with
respect to wording and linguistic naturalness, cul-
tural specificity, factual correctness, answer preci-
sion, source reliability, and model-estimated dif-
ficulty. Reviewers were also required to provide
one or two additional authoritative sources to inde-
pendently verify each accepted answer. Questions
containing ambiguity, factual inaccuracies, weak
cultural grounding, or insufficient evidence were
returned with written revision comments, and all
accepted questions underwent a final project-level
review before inclusion in the benchmark.

J Real-World Implications of Cultural
Knowledge Failures

The main risk exposed by MSQA is that a model
may produce fluent and seemingly plausible re-
sponses while making culturally inappropriate de-
cisions, recommendations, or actions. Table 12
illustrates concrete application-level failure scenar-
ios that correspond to the knowledge types tested
in MSQA. These failures extend beyond factual
QA: in customer service, education, tourism, pub-
lic services, and agentic systems, cultural errors
can propagate into actual purchases, form submis-
sions, recommendations, or published messages.

Our results suggest these risks are plausible, since
models frequently misidentify local practices, be-
liefs, symbols, historical references, and localized
expressions while remaining confident in incorrect
answers. MSQA is accordingly not intended to
reproduce the frequency distribution of everyday
queries, but to diagnose whether models possess
the cultural knowledge foundation required for re-
liable localized deployment.

K Scalability and Future Expansion

Constructing culturally grounded questions is
resource-intensive, because reliable native sources
and local cultural judgment are difficult to replace
fully with automation. MSQA, however, preserves
the correspondence among each source, cultural
knowledge point, question, answer, and support-
ing evidence, which allows the current annotation
experience to be distilled into reusable question-
generation principles: cultural specificity, answer
uniqueness, source grounding, difficulty control,
and cultural-dimension coverage.

For future expansion, we plan to first col-
lect trusted native-language sources and then
use LLM-based agents to generate new source-
grounded question–answer candidates according
to these principles, with existing MSQA items
serving as demonstrations. Candidates can be
filtered automatically through evidence retrieval,
source–answer consistency checking, ambiguity
and answer-uniqueness detection, duplicate re-
moval, and model-based difficulty estimation, be-
fore final validation by native speakers or local
experts (Table 13).

This framework shifts human effort from man-
ually constructing every item to defining trusted
sources, refining generation principles, and audit-
ing candidates that pass automated filtering. The
same schema, taxonomy, and validation pipeline
can be reused across languages, while local contrib-
utors provide language-specific sources and final
cultural verification. We do not aim to eliminate hu-
man involvement: automated generation and filter-
ing reduce repetitive work and lower the marginal
cost of expansion, but high-quality cultural ques-
tions still require final expert review.

L Cultural Dimension Sub-Categories

Each cultural dimension encompasses several sub-
categories that guide annotators toward knowledge
requiring genuine cultural familiarity.
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Application scenario Concrete failure Practical consequence

Japanese e-commerce
assistant

Recommends a condolence envelope decorated with a
chō-musubi knot, associated with occasions expected
to recur, rather than the conventionally appropriate
musubi-kiri knot.

The system selects a culturally inappro-
priate product and may offend the recipi-
ent’s family.

Japanese public-
service assistant

Confuses a jūminhyō residence certificate with a koseki
tōhon family-register document when explaining an
official application procedure.

The user prepares the wrong document,
resulting in a rejected or delayed applica-
tion.

Chinese marketing as-
sistant

Generates “Happy Qingming Festival—limited-time
celebration” for a commercial campaign.

The language is fluent, but its celebratory
tone conflicts with the festival’s strong as-
sociation with remembrance and mourn-
ing, creating reputational risk.

Russian gift-
recommendation
assistant

Suggests a bouquet of twelve roses for a birthday. The recommendation may invoke funeral-
related conventions associated with even-
numbered bouquets.

Local-language re-
trieval assistant

Interprets a regional idiom or historical term literally
and retrieves globally popular but culturally irrelevant
sources.

The system produces an evidence-
supported-looking answer based on the
wrong cultural referent.

Table 12: Concrete application-level failure scenarios caused by gaps in advanced local cultural knowledge. Each
scenario corresponds to knowledge types covered by the MSQA cultural dimensions.

Stage Scalable mechanism

Candidate gen-
eration

Generate QA pairs from curated native
sources using reusable design princi-
ples.

Automated fil-
tering

Check evidence support, answer con-
sistency, ambiguity, duplication, and
difficulty.

Final validation Native speakers or local experts verify
cultural validity and correctness.

Table 13: Quality-preserving, human-in-the-loop expan-
sion pipeline for MSQA.

History and Collective Memory. (1) Founding
institutions and nation-defining events; (2) multi-
generational social movements and collective
projects; (3) era-specific economic impacts and pol-
icy responses; (4) domestic political turning points
that shaped national identity.

Beliefs, Values, and Knowledge Systems.
(1) Core philosophical or religious terminology
specific to a tradition; (2) key concepts within
traditional knowledge systems (e.g., traditional
medicine); (3) mythological figures, locations, or
artifacts; (4) material symbols that embody cultural
values.

Social Norms and Customs. (1) Festival-
specific rituals and traditions; (2) dining and hospi-
tality etiquette; (3) unwritten rules of daily social
interaction; (4) life-cycle ceremonies (weddings,
funerals, coming-of-age); (5) culturally specific
body language meanings; (6) traditional games and
their rules.

Language Expression and Communication Arts.
(1) Untranslatable words with no direct equivalent
in other languages; (2) culturally grounded idioms
and proverbs; (3) culture-specific humor, puns, and
wordplay; (4) high-context communication sub-
texts and implicit refusals.

Cultural Products and Symbols. (1) Iconic lo-
cal brands, products, or national dishes; (2) tradi-
tional crafts, textiles, and clothing with specific
names; (3) named literary, cinematic, or musical
genres unique to a culture; (4) contemporary inter-
net culture terms and slang.
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