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Abstract

Multilingual benchmarks rarely test reason-
ing over culturally grounded premises: trans-
lated datasets keep English-centric scenarios,
while culture-first datasets often lack control
over the reasoning required. We propose
Macaron, a template-first benchmark that
factorizes reasoning type and cultural aspect
across question languages. Using 100 language-
agnostic templates that cover 7 reasoning types,
22 cultural aspects, native annotators create
scenario-aligned English and local-language
multiple-choice questions and systematically
derived True/False questions. Macaron con-
tains 11,862 instances spanning 20 countries/-
cultural contexts, 10 scripts, and 20 languages
and dialects (including low-resource ones like
Amharic, Yoruba, Zulu, Kyrgyz, and some Ara-
bic dialects). In zero-shot evaluation of 21
multilingual LLMs, reasoning-mode models
achieve the strongest performance (80.8% over-
all) and near-parity between English and lo-
cal languages (AMC =—1.3%), while open-
weight models degrade substantially in lo-
cal languages (AMC = —6.8%) and often ap-
proach chance on T/F tasks. Culture-grounded
mathematical and counting templates are con-
sistently the hardest. The data can be ac-
cessed here https://huggingface.co/
datasets/AlaaAhmed2444/Macaron.

1 Introduction

With the growing progress of multilingual LLMs,
benchmarking them across languages and cultures
is equally important. Existing benchmarks pursue
this along two complementary directions, each with
its own blind spot. Translation-parallel benchmarks
enable controlled cross-lingual comparison but in-
herit English-centric scenarios (Conneau et al.,
2018; Ponti et al., 2020; Artetxe et al., 2019; Lin
et al., 2021; Singh et al., 2025; Xuan et al., 2025).
Culture-first benchmarks provide locally salient
content but lack explicit control over reasoning

skills, and scaling them requires new questions
from scratch for each culture, which drifts in scope
and difficulty (Chiu et al., 2025; Myung et al., 2024;
Sadallah et al., 2025; Hasan et al., 2025; Wibowo
et al., 2024; Romero et al., 2024).

We propose Macaron, a template-first bench-
mark for multilingual multicultural reasoning that
addresses these issues by separating, by construc-
tion, the three factors that prior evaluations con-
flate: the reasoning skill a question requires, the
cultural aspect it probes, and the language in which
it is presented. We design 100 language-agnostic
templates tagged with 7 reasoning types and 22
cultural aspects, and recruit native annotators to
instantiate them with culturally grounded content
and produce scenario-aligned English—local ver-
sions. Because templates are reusable, extending
Macaron to new cultures primarily requires in-
stantiation and translation of the same template set,
keeping structure and targeted reasoning stable.

From 1,977 bilingual MC scenarios spanning 20
languages and dialects, we derive aligned True/-
False variants yielding 11,862 evaluation instances.
Evaluations across 21 multilingual LLMs show
that reasoning-mode models are strongest (80.8%)
and nearly language-robust (Avg. AMC = -1.3),
while open-weight models lag (58.0%) and degrade
more in local languages (Avg. AMC = -6.8), with
culture-grounded mathematical and counting ques-
tions consistently hardest.

Our contributions are:

1. A template-first framework that factorizes rea-
soning type and cultural aspect for controlled
multilingual cultural reasoning.

2. Macaron: a scenario-aligned bilingual
benchmark with MCQ and derived T/F vari-
ants across 20 cultural contexts.

3. An evaluation of 21 multilingual LLMs with
analyses across languages, reasoning cate-
gories, and cultural aspects.
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2 Related Work

Reasoning and diagnostic evaluation. English-
first benchmarks cover commonsense and plausi-
bility reasoning (HellaSwag, WinoGrande, ARC,
CROW) (Zellers et al., 2019; Sakaguchi et al.,
2019; Clark et al., 2018; Ismayilzada et al., 2023)
and exam-style reasoning (BIG-bench, MMLU,
MMLU-Pro) (Srivastava et al., 2023; Hendrycks
et al., 2021; Wang et al., 2024), with harder diag-
nostic subsets such as BBH (Suzgun et al., 2023).
Controlled-structure datasets such as bAbl and
CLUTRR (Weston et al., 2015; Sinha et al., 2019)
motivate template-controlled evaluation. While
these resources provide strong reasoning diagnos-
tics, they are not designed to evaluate reasoning
under culturally grounded premises.

Translation-parallel multilingual evaluation.
A common multilingual strategy is to translate
English-source datasets to many languages, en-
abling controlled cross-lingual comparison but in-
heriting source framing and assumptions. Exam-
ples include XNLI (Conneau et al., 2018), XCOPA
(Ponti et al., 2020), XQuAD (Artetxe et al., 2019),
and X-CSR (Lin et al., 2021). Global-MMLU
and MMLU-ProX expand exam-style evaluation
across languages and scripts while keeping in-
stances parallel (Singh et al., 2025; Xuan et al.,
2025). M3Exam extends this to a multilingual, mul-
timodal, multilevel setting using real exam ques-
tions from multiple countries (Zhang et al., 2023),
but like other translation-parallel benchmarks it
does not systematically control reasoning type or
pair English and local-language items over identi-
cal cultural scenarios.

Culture-grounded and regional benchmarks.
Regional-sourcing benchmarks such as INCLUDE
and MILU draw from local exams or region-
specific materials (Romanou et al., 2025; Verma
et al., 2025). Culture-first and native-query re-
sources such as CulturalBench, BLEnD, ArabCul-
ture, and NativQA/MultiNativQA emphasize lo-
cally salient content (Chiu et al., 2025; Myung
et al., 2024; Sadallah et al., 2025; Hasan et al.,
2025). NormAd is complementary for norm and eti-
quette judgments, but it is not a bilingual, scenario-
aligned reasoning test (Rao et al., 2025). Multi-
NRC adds explicit reasoning categories alongside
native-authored questions, but covers fewer lan-
guages and does not systematically cross reasoning
types with cultural domains at scale (Fabbri et al.,

2025). Rystrgm et al. (2025) show that multilin-
gual capability and cultural alignment are distinct
dimensions in LLMs, motivating benchmarks that
explicitly separate the two, a goal our template-first
design directly addresses. Veselovsky et al. (2025)
show from an interpretability perspective that local-
ized cultural knowledge is internally represented
and controllable in LLMs, providing a complemen-
tary mechanistic view to our behavioral evaluation.

Disentangling language and culture. Closest
in motivation to ours, Ying et al. (2025) propose
a post-hoc framework for decomposing model
scores along linguistic and cultural axes, but ap-
plied to pre-existing datasets, whereas Macaron
enforces this separation by construction through
native-annotated, scenario-aligned bilingual items.

Table 1 compares our benchmark with previous
work. Macaron is the only benchmark to simultane-
ously satisfy all seven properties: culture-grounded,
native-authored, bilingual-aligned, template-based,
with a reasoning taxonomy, a culture taxonomy,
and their joint coverage at the item level.

3 Data Curation

Our goal is to evaluate multilingual, multicultural
reasoning in a controlled setting. We operational-
ize this as (i) multiple-choice question answering
and (ii) binary True/False verification over the same
culturally grounded scenarios as shown in Figure
1. The benchmark is designed to help disentangle
three factors that are often confounded in multilin-
gual evaluation: language (English vs. local input),
cultural grounding, and reasoning (the inference
required to answer).

3.1 Task Definition

Let £ denote the set of local languages in the bench-
mark and C. the set of cultural contexts (countries
or regions). We construct base annotations as bilin-
gual, culturally aligned multiple-choice items. A
base annotation is a tuple

a= (qenv Aena qév Aea Ra7 Ca)7

where ¢°" and ¢ are the English and local-language
question texts, A" and A’ are the corresponding
sets of four answer options with exactly one correct
choice, and ¢ € L is the local language. We treat
both reasoning and culture as explicit (potentially
multi-label) metadata: R, C R is the set of reason-
ing types targeted by the item, and C,; C Cygpect 18
the set of cultural aspects it probes.
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Benchmark Format #Eval  #Langs & #Cultures/ Culture Native Bilingual Template Reasoning Culture Reasoning
items Dialects  Regions grounded authored aligned based taxonomy taxonomy x Culture
Translation-parallel benchmarks
XNLI (Conneau et al., 2018) NLI Sk/lang 15 — X X v X X X X
XCOPA (Ponti et al., 2020) MCQ 500/lang 11 — X X v X X X X
Global-MMLU (Singh et al., 2025) MCQ 14k/lang 42 42 X X v X X X X
MMLU-ProX (Xuan et al., 2025) MCQ 11.8k/lang 29 29 X X v X X X X
Culture-grounded benchmarks
INCLUDE (Romanou et al., 2025) MCQ 197.2k 44 52 v v X X X X X
MILU (Verma et al., 2025) MCQ 79.6k 11 11 v v X X X X X
BLEnD (Myung et al., 2024) MCQ+Free 52.6k 13 16 v v v X X X X
CulturalBench (Chiu et al., 2025) MCQ+T/F 1.7k 1 45 v v X X X v X
ArabCulture (Sadallah et al., 2025) MCQ 3.5k 1 13 v v X X X X X
NativQA (Hasan et al., 2025) QA 64k 7 9 v v X X X X X
WorldCuisines (Winata et al., 2025) MCQ+QA ~IM 30 — v v v v X X X
MultiNRC (Fabbri et al., 2025) Free-text 1k 3 3 v v v X v X X
Ours
Macaron MCQ+T/F  ~12k 20 20 v v v v v v v

Table 1: Comparison of Macaron with related multilingual and multicultural benchmarks across key design
properties. #Cultures/Regions: number of distinct cultural contexts covered; dashes (—) indicate translation-
parallel benchmarks with no distinct cultural grounding, and WorldCuisines where the cultural unit is cuisine rather
than a discrete cultural context. Bilingual aligned: English vs Local language. Reasoning x Culture: reasoning
type and cultural aspect are jointly tagged at the item level. “MultiNRC provides reasoning categories but at a much

coarser granularity than Macaron’s seven-type taxonomy.

From each base annotation, we derive four addi-
tional binary instances (True/False in English and
in local language; Section 3.5), yielding six aligned
evaluation instances per cultural scenario.

3.2 Reasoning and Cultural Taxonomies

Reasoning types. We define a taxonomy of seven
reasoning types that commonly arise in culturally
grounded questions: mathematical (numerical com-
putation and comparison), commonsense (everyday
plausibility and typical situations), causal (cause—
effect relations), temporal (time, order, calendars),
logical (deduction, implication, and analogy), spa-
tial (geographic and spatial relations), and multi-
hop (composition of two or more inference steps,
e.g., symbol — religion — practice). Templates
may be tagged with multiple reasoning types when
solving requires more than one skill.

Cultural aspects. Following Adilazuarda et al.
(2024), we treat culture as a broad, multifaceted
concept that resists direct definition, and instead
operationalize it through proxies of culture, specif-
ically 22 semantic proxies that span the domains
of everyday life a community shares. These as-
pects serve as our cultural taxonomy: Agricul-
ture, Brands and Commerce, Cities and Landmarks,
Death and Funerals, Education, Events and Festi-
vals, Famous People, Fashion and Media, Folklore
and Folktales, Food and Cuisine, Language and

Communication, Literature and Written works, Mu-
sic and Art, Naming, Objects and Units, Politics
and Governance, Relationships, Social Customs,
Sports, Time, Transportation, and socio-religious
aspects of life. Each template is associated with at
least one aspect, and some span multiple aspects.
We provide an example template for each aspect in
Appendix G (Table 10).

3.3 Template Framework

To systematically cover the reasoningXxculture
space, we design a set of 100 language-agnostic
templates. Each template specifies:

* a question skeleton with typed slots (e.g.,
[COUNTRY], [PERSON], [FOOD1]), in-
cluding constraints on valid slot values;

* metadata tags indicating the targeted reason-
ing type(s) and cultural aspect(s);

* an expected output format (four-option multi-
ple choice with exactly one correct answer).

Templates are authored and iteratively refined
by the dataset creators. During refinement, we
remove culturally insensitive or non-portable de-
signs, tighten slot constraints to prevent ambiguity,
and ensure that the intended reasoning path is sta-
ble across cultural contexts. Each template also
includes a True/False variant (Section 3.5).
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1) Templates
Design

2) Templates
Instantiation and
Questions
Translation by
Annotators

3) True / False
Templates Design

4) True / False
Generation and
Translation

Reasoning: Spatial, Mathematical, Commonsense
Cultural Aspects: Cities and Landmarks, Education

If I study [SUBJECT] at [UNIVERSITY NAME] , which of the following areas should I rent an apartment in so that I don't have to
commute too far?

OPTION A: [The neighborhood or residential area that's closer to [UNIVERSITY NAME] ]
OPTION B,C,D: [A neighborhood or residential area that's further to [UNIVERSITY NAME] ]

Q: If I study Music at East China Normal University, which of the Q: WPERAEAELITTE R 2L SR, TR AENE, RA%EN T
following areas should I rent an apartment in so that I don't have WE— A X L
to commute too far?
A: Jiangchuan Road R P 0§ e . sy
( [ ) [ moxuend | ([ wmnmsms | s#mc )
[ C: Lujiazui } [ D: Chongming Island } { C: PR } { D: KBS }

If I study [SUBJECT] at [UNIVERSITY NAME] , would renting in [OPTION A] keep my commute short?

If I study [SUBJECT] at [UNIVERSITY NAME] , would renting in [OPTION B] keep my commute short?

If I study Music at East China Normal University, would renting IRRAEAERIMAE R I H R, RBRIETL
in Jiangchuan Road Subdistrict keep my commute short? A, R R ?

If I study Music at East China Normal University, would renting IRRAEAEAIER L T E IR, HBRARE
in Xujiahui keep my commute short? i, S S e

5 Q: MURRAAA ISR, TG AEIEE, R

= VDL Rl — X B3
5) Native Verifier (n)] Solve Inter-annotator
Agreement S ([ wmmsms | B: RRLT ] — & agreement (LAA)
~ ( c: R ) ozms )
i Does this list contain exactly 1 foods that are Ye Tsom: Tire Siga, Shiro,
QEngI;_sh > @3’} openai/gpt-5.2-chat Beyaynet, Kikil?
uestions
6) LLM-Correction C°r:iﬂm";':‘°" Does this list contain exactly 1food that is Ye Tsom: Tire Siga, Shiro,
Pass migmkas and Beyaynet, Kikil?
spelling if Does Talas meet both criteria: being adjacent to Naryn and has the Burana
there are any Tower?

Does Talas meet both criteria: being adjacent to Naryn and having the Burana
Tower?

Figure 1: Macaron Curation Pipeline. We first design language-agnostic templates tagged with reasoning
categories and cultural aspects. Native annotators instantiate each template with culturally grounded content to
produce scenario-aligned English MCQs and translate them into local languages. From each MCQ, we derive
aligned True/False statements by instantiating the template’s binary child forms with the correct option (True) and a
distractor (False), and translate these statements into the local language. Finally, we run an LLM proofreading pass
to correct minor spelling/grammar issues while preserving the original meaning and leaving all local-language text

unchanged.

3.4 Bilingual Annotation Pipeline

Annotators and onboarding For each cultural
context, we recruit two annotators via the Upwork
freelancing platform. Annotators are native speak-
ers of the target local language and have substantial
lived experience in the target context (e.g., having
grown up and/or currently residing there). During
onboarding, annotators receive some guidelines
and complete a small pilot set of templates with
feedback from the dataset creators. Annotator de-

plates. Instantiate each assigned template
with content that is locally appropriate and
commonly recognizable to members of the
target culture, aiming for diversity across ev-
eryday institutions and practices.

2. Avoiding both stereotypes and obscure
trivia. Prefer culturally salient, everyday
knowledge rather than tourist facts or internet
stereotypes, while avoiding niche or hard-to-
verify trivia that most locals would not know.

mographics (gender, age, education, residence du-
ration) are reported in Appendix C; screenshots of 3. Plausible within-context distractors. Write

the annotation platform are shown in Appendix I.
The guidelines emphasize:

distractors that are plausible within the same
cultural sphere so items cannot be solved by
eliminating obviously foreign options; ensure

1. Cultural representativeness within tem- exactly one correct answer.
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4. Non-applicability and ambiguity flags. Flag
and skip templates that do not meaningfully
apply to your cultural context.

Step 1: English multiple-choice instantiation
Annotators are assigned a subset of templates. For
each template, they:

1. fill required slots with culturally appropriate
content based on lived experience and com-
monly shared local knowledge;

2. provide one correct option and three plausi-
ble distractors, ensuring exactly one option is
correct for the target context.

Step 2: local-language translation After com-
pleting the English version, the same annotator
translates the question and its options into their na-
tive language. For each base item, they produce
local-language text ¢¢ and A’ under the constraints
that the translation must:

* preserve the underlying cultural content (same
dish, institution, practice, person, etc.);

* preserve the reasoning structure and difficulty;

* allow only light adaptations for naturalness
when needed, as long as the English and local
versions still align.

Each item inherits the reasoning and
cultural-aspect tags from the template meta-

data, yielding a bilingual base annotation
a= (¢, A", ¢*, A, Ry, Ca).

3.5 True/False Variant Generation

Starting from each base annotation, we construct
four additional binary instances: True and False in
English and in the local language. Concretely, for
each base item we instantiate the template’s binary
child forms: a True variant by inserting the correct
option, yielding a statement whose correct label
is True; and a False variant by inserting a care-
fully chosen distractor option, yielding a statement
whose correct label is False.

We generate these binary instances in both En-
glish and the local language, maintaining scenario-
level alignment. The True and False variants share
the same cultural scenario and reasoning require-
ments as the parent multiple-choice item. Thus,
each base annotation yields six aligned instances:
MC-EN, MC-L, T-EN, T-L, F-EN, and F-L.

3.6 Quality Control

To ensure cultural correctness, linguistic clarity,
and consistency across annotators and cultural con-

texts, we apply a combination of human review and
automated quality-control procedures.

Native verifier agreement. We conduct an inde-
pendent verification step to assess the factual cor-
rectness of cultural content and the quality of local-
language translations. For each cultural context,
we recruit three independent native verifiers, dis-
tinct from the original annotators, and ask them to
answer the translated MCQ version of every ques-
tion in the dataset. Verifiers are native speakers
with substantial lived experience in the target cul-
ture; their responses test both whether the cultural
facts are accurate and whether the local-language
phrasing is clear and unambiguous.

We compute inter-annotator agreement (IAA)
as the proportion of items on which all three veri-
fiers select the same answer. Table 6 (Appendix B)
reports IAA scores across all 20 cultural contexts;
scores range from 87.0% (South Africa) to 94.8%
(China), with a mean of 90.9%, indicating high
factual correctness and translation clarity across
the dataset. For items where verifiers disagree with
the originally labeled correct answer, we review
the item through discussions with the annotators
and verifiers; if consensus confirms the verifiers’
answer is correct, we update the gold label accord-
ingly while keeping the question text unchanged.

LLM-assisted English proofreading. Because
questions are produced by instantiating shared tem-
plates with culture-specific content, small surface-
level inconsistencies can arise in the English text
across annotators and contexts (e.g., tense mis-
matches introduced by adapting a template from
a generic present-tense form to a past event). To
mitigate this template-instantiation noise without
altering cultural content or reasoning difficulty,
we run a deterministic LLM-assisted proofread-
ing pass on English fields only (multiple-choice
questions and options, and the English True/-
False statements). For each English field, we
query openai/gpt-5.2 —chat! to correct only
spelling and grammatical errors (including agree-
ment, tense consistency, and capitalization), while
preserving the original writing style and word
choices; rephrasing or stylistic improvement is ex-
plicitly disallowed. All local-language text is left
exactly as written by annotators.

"https://cdn.openai.com/
gpt-5-system—-card.pdf
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Country Language Script #Q
Egypt Egyptian Arabic Arabic 594
Philippines Tagalog Latin 594
India Hindi Devanagari 600
Ethiopia Ambharic Ge’ez 588
Mexico Mexican Spanish Latin 594
Tunisia Tunisian Arabic Arabic 600
Greece Greek Greek 600
Brazil Portuguese Latin 600
Kyrgyzstan Kyrgyz Cyrillic 600
South Africa Zulu Latin 600
Italy Italian Latin 588
Thailand Thai Thai 594
Turkey Turkish Latin 600
Georgia Georgian Mkhedruli 594
China Chinese Han (Hans) 582
Indonesia Indonesian Latin 570
Yemen Yemeni Arabic Arabic 600
Nigeria Yoruba Latin 570
Morocco Moroccan Arabic Arabic 600
Japan Japanese Japanese 594
Total 11,862

Table 2: Dataset statistics and coverage. Small devia-
tions across contexts reflect items removed in revisions.

3.7 Dataset Statistics

After quality control and expansion, the benchmark
contains 11,862 total evaluation instances. Table 2
summarizes the distribution by cultural context
(country), along with the associated local language
and script. Appendix A provides additional break-
downs of template coverage across cultural aspects
(Figure 5) and reasoning categories (Figure 6).

4 Experimental Setup

We evaluate 21 multilingual LLLMs in zero-shot on
both multiple-choice (MC) and True/False (T/F)
formats, using paired English and local-language
versions to isolate the effects of language, cultural
grounding, and reasoning type.

Open-weight models use log-probability scor-
ing; API-only models, including thinking mod-
els, output a structured JSON answer on the fi-
nal line (Appendix F). Full scoring details and
validation against generation-based scoring are in
Appendix D. Answer extraction error rates for
generation-based models are near zero across all
models and do not meaningfully affect conclusions
(Appendix E).

5 Results and Discussion

Table 3 reports overall performance on scenario-
aligned English and local-language instances in
both multiple-choice (MC) and True/False formats,
grouped by model category. We additionally report
cross-lingual gaps AMC and ATF, computed as
(Local — English), where negative values indicate

B Local
English

Accuracy

& g dz,_(@e & &E & P PP P

2 @ N S D A N 2 & &
L T D L@ S & ¥ K &
o SERCEP SR R © (o &
S F S (o F & o O S
& N N S

R

N

Figure 2: Average performance in English vs. local
language across cultural contexts.

degraded performance in the local language. Per-
language and per-script breakdowns are provided
in Appendix H.

100
Gemini 3 Flash Preview (Thinking)

Gemini 2.5 Pro (Thinking)
Gemini 3 Flash Preview:

Claude Opus 4.5 75.2%

Gemini 2.5 Flash 72.6%

GPT-5 Chat 77.6%  68.6%

DeepSeek Chat v3.1 (Thinking) 71.8% 75.6%
DeepSeek Chat v3.1 747% 70.4% 64.2% 711% 70.1% 71.4%

Qwen3-235B-A22B-2507 73.9% 69.9% 62.1% 70.3% 71.7% 69.3% L
o Llama 4 Maverick . 71.2% 67.9% 59.3% 67.1% 68.1% 67.3% E
B GPT-40 Mini i 71.5% 662% 56.7% 68.6% 722% 66.1% 3
= Claude Haiku 4.5 g 70.8% 65.4% 58.5% 67.1% 69.3% 65.3% 2
Gemini 2.5 Flash (Thinking) .. 74.8% 759% 56.3% 64.9% 64.5% 58.3% a0 =
Llama 3.3 708 Instruct . 68.9% 65.7% 57.5% 66.4% 70.8% 64.9%
Qwen2.5-7B-Instruct 1%  55.0% 52.5% 41.8% 52.0% 50.9% 51.7%
Aya Expanse 88 .9%  52.7% 50.9% 42.9% 51.1% 50.5% 49.2%

51.3% 49.2% 41.8% 49.9% 49.5% 47.5%
53.1% 50.8% 49.6% 42.4% 49.0% 52.5% 47.5%
54.2% 49.7% 46.2% 42.6% 48.4% 46.2% 49.8%
47.2% 42.7% 42.3% 38.9% 41.7% 43.7% 40.6%
49.7% 44.6% 403% 36.2% 41.7% 452% 39.3%

Qwen3-4B-Instruct-2507
Llama 3.1 8B Instruct
InternLM3-8B-Instruct
Llama 3.2 3B Instruct

Aya 2388

Reasoning Category

Figure 3: Accuracy by reasoning type across models.

Open-weight models show larger English-local
gaps and reduced reliability on T/F. Closed-
source thinking models achieve the highest over-
all accuracy (80.8% on average), outperforming
closed (standard) models (74.8 %) and open-weight
models (58.0%). The English—local gap widens
as model capacity decreases: thinking models are
near-parity (Avg. AMC = —1.3), whereas open-
weight models exhibit much larger drops (Avg.
AMC = —6.8), particularly at 3B—8B scale. While
most models are above random baseline in MC,
many open-weight models cluster around ~50—
55% on T/F, indicating limited reliability in binary
verification of culturally grounded statements.

Paired True/False accuracy exposes scenario-
level verification. Each MC scenario yields a
True/False pair (Section 3.5); we count a scenario
correct only if the model answers both correctly.
As shown in Table 5, paired accuracy is substan-
tially lower than per-question T/F accuracy across
all categories, suggesting single T/F performance
is inflated by shallow response tendencies rather
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Category Model MC-EN MC-L AMC TF-EN TF-L ATF Overall

Closed (thinking) Gemini 3 Flash Preview (Google, 2025) (thinking) 89.5% 89.1% -04% 845% 82.7% -1.8% 86.5%
Gemini 2.5 Pro (Comanici et al., 2025) (thinking) 87.5% 88.3% +0.8% 81.6% 812% -0.4% 84.7%
Gemini 2.5 Flash (Comanici et al., 2025) (thinking) 70.1% 659% -42% 74.6% T41% -0.5% 71.2%
Average (Closed (thinking)) 82.4% 81.1% -13% 802% 79.3% -09% 80.8%
Closed (standard) Gemini 3 Flash Preview (Google, 2025) (standard) 86.8% 87.0% +0.2% 81.9% 79.7% -22% 83.9%
Claude Opus 4.5 (Anthropic, 2025) 813% 802% -1.1% 769% 752% -1.7% 78.4%
GPT-5 Chat (OpenAl, 2025) 79.0% 782% -08% 77.1% 73.5% -3.6% 77.0%
Gemini 2.5 Flash (Comanici et al., 2025) 80.2% 80.2% +0.0% 71.9% 70.5% -1.4% 75.7%
Claude Haiku 4.5 (Anthropic, 2025) 70.5% 638% -6.7% 68.5% 64.8% -3.1%  66.9%
GPT-40-mini (OpenAl et al., 2024) 70.6% 653% -53% 67.0% 642% -2.8% 66.8%
Average (Closed (standard)) 781% 75.8% -23% 73.9% 713% -2.6% 74.8%
Open-weight DeepSeek-Chat v3.1 (DeepSeek-Al et al., 2025) (thinking) 76.2% 75.6% -0.6% 76.7% T1.7% -5.0% 75.1%
DeepSeek-Chat v3.1 (DeepSeek-Al et al., 2025) 74.0% 68.4% -5.6% 679% 64.1% -38% 68.6%
Qwen3-235B-A22B (Yang et al., 2025) 733% 683% -50% 673% 659% -14% 68.7%
Llama 3.3-70B (Grattafiori et al., 2024) 702% 62.6% -1.6% 67.5% 62.0% -55% 65.6%
Llama 4 Maverick (Meta, 2025) 68.7% 67.5% -12% 64.1% 62.1% -2.0% 65.6%
Llama 3.1-8B (Grattafiori et al., 2024) 542% 434% -108% 56.7% 534% -3.3% 51.9%
Qwen3-4B (Yang et al., 2025) 52.6% 45.6% -1.0% 552% 53.7% -1.5% 51.8%
InternLM3-8B (InternLM Team, 2025) 54.8% 409% -13.9% 55.8% 522% -3.6% 50.9%
Qwen2.5-7B (Qwen et al., 2025) 57.0% 469% -101% 52.6% 52.6% +0.0% 52.3%
Aya Expanse-8B (Dang et al., 2024) 527% 48.7% -4.0% 51.7% 52.5% +0.8% 51.4%
Llama 3.2-3B (Grattafiori et al., 2024) 474% 363% -11.1% 549% 51.6% -33% 47.6%
Aya-23-8B (Aryabumi et al., 2024) 438% 392% -4.6% 504% 50.5% +0.1% 46.0%
Average (Open-weight) 60.4% 53.6% -68% 60.1% 57.7% -24% 58.0%
Average (All) 68.6% 639% -47% 669% 647% -22% 66.0%

Table 3: Zero-shot accuracy (%) of 21 LLMs on Macaron, grouped by model category. MC-EN/MC-L: multiple-
choice accuracy in English and local language; TF-EN/TF-L: True/False accuracy; AMC/ATEF: cross-lingual gap
(Local—English), where negative values indicate degraded local-language performance. Overall averages all four
scores.
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Cultural Aspect

Figure 4: Accuracy (%) by cultural aspect across models. Each cell aggregates over evaluation instances whose
templates are tagged with the corresponding aspect (multi-label; a single instance may contribute to multiple
aspects). Aspects are ordered by mean accuracy (hard — easy).

than genuine cultural knowledge. nearly the only case where local slightly exceeds
. . English, plausibly influenced by the strong pres-
English outperforms local except for China, once of Chinese-focused models (e.g., multiple

while the largest gaps concentrate in !ower- Qwen variants) in our evaluation. In contrast,
resource languages. Figure 2 shows China as
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Top-5 Easiest Templates (avg. over models)

‘ ‘ Top-5 Hardest Templates (avg. over models)

Acc Template prompt || Acc Template prompt

92.51% If my friend has the last name [LAST 35.76% Among all the provinces in [SET OF
NAME], which country is most likely their PROVINCES/LOCATION], how many provinces have
birthplace? an area smaller than [PROVINCE]?

85.66% Which of the following authors 37.52% [GIFT 1], [GIFT 2], [GIFT 3], and [GIFT 4].
is traditionally associated with How many of these are suitable gifts to
[CULTURE/REGION]’s literature? give when attending a [NATIONALITY] friend’s

wedding?

8544% If I am visiting [PLACE] in [MONTH], what 38.31% [MATERIAL 1], [MATERIAL 2], [MATERIAL 3],
kind of clothes should I pack? [MATERIAL 47]. How many of these are not

typically used when making [TRADITIONAL
ITEM] ?

84.98% In [NATIONALITY OR CULTURE] attire, what 39.61% Among all [POLITICAL POSITION] in [COUNTRY]

determines the [GARMENT FEATURE]? up until [YEAR], how many of them are
[CONDITION]?

84.36% Which of these political systems was/is 42.30% [FOOD 1], [FOOD 2], [FOOD 3], [FOOD 4], how
traditionally practiced in [REGION] during many of these are [SOME CLASSIFICATION]?
the [TIME PERIOD]?

Table 4: Template difficulty extremes: easiest prompts are simple cultural associations, while hardest prompts are

constraint-heavy exact-count questions.

Category T/F (avg. EN/L) Paired T/F Drop (pp)
Closed (thinking) 78.4% 62.1% 16.3
Closed (standard) 71.7% 48.4% 233
Open-weight 56.6% 18.2% 38.4
Average (All) 65.8% 36.6% 29.2

Table 5: True/False accuracy (averaged over English and
local vs. paired True/False accuracy by model category.
Drop is the difference in percentage points.

the English—local gap is substantially larger for
Ambharic, Yoruba, Zulu, and Arabic dialects, high-
lighting that cross-lingual brittleness concentrates
in lower-coverage languages and dialects.

Mathematical reasoning is hardest in cultural
contexts; causal and temporal reasoning are eas-
ier. In Figure 3, Mathematical Reasoning is the
lowest-accuracy category for 20/21 models, while
Causal (often alongside Commonsense) is typi-
cally highest. We attribute this to a double burden:
culture-grounded math questions require both re-
trieving long-tail, locale-specific numeric facts and
performing exact composition (e.g., counting or ag-
gregation), so either retrieval or calculation errors
can flip the answer. Moreover, such numeric facts
are often sparse in training data and region-specific,
raising the risk of confident but incorrect answers.
In contrast, causal and commonsense questions are
often supported by broadly shared everyday knowl-
edge that is better covered in pretraining corpora.

Cultural aspect difficulty is consistent across
models. Figure 4 reports a model x aspect heatmap
and reveals a stable hard — easy ordering across
model families. Averaged over models, Naming is
the easiest aspect (92.5%), followed by Language

and Communication (80.6%), whereas Objects and
Units (52.9%) and Music and Art (54.0%) are the
hardest, yielding a ~40-point spread. Most remain-
ing aspects form a broad middle band (roughly
64—70% mean accuracy). Beyond mean difficulty,
the heatmap highlights where robustness gaps are
largest: Time varies from 91% (strongest model)
down to 29% (smaller open-weight models), with
similarly large spreads across other aspects.

“How many” templates are the main failure
mode. Table 4 shows that the easiest templates
are mostly single-step cultural associations (e.g.,
last name — likely birthplace at 92.51%), while
the hardest are uniformly “How many...” prompts
that require enumerating a culturally grounded set,
applying a constraint (often with negation/com-
parison), and producing an exact count (down to
35.76%). This pattern is consistent with our earlier
finding that mathematical reasoning remains the
weakest capability in culturally situated scenarios.

6 Conclusion

We introduce a template-first benchmark for multi-
lingual, multicultural reasoning across 20 cultural
contexts, languages and dialects, and 10 scripts
(11,862 total instances). Our dataset separates
language, cultural grounding, and reasoning type
using scenario-aligned multiple-choice and True/-
False items. Zero-shot evaluations show that closed
reasoning models achieve near-parity between En-
glish and local inputs, while open-weight models
lag with significant performance drops. This bench-
mark supports diagnostic evaluation to motivate
more culturally robust model development.
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Limitations

Despite its breadth, the benchmark has several lim-
itations. First, coverage is necessarily coarse: we
include 20 cultural contexts with one primary lo-
cal language each, which cannot capture within-
country cultural diversity, minority languages, or
finer-grained dialect continua. As a result, perfor-
mance within a single country or language should
not be interpreted as representative of all local va-
rieties or communities. Second, the task format
is intentionally controlled: while multiple-choice
and binary verification enable precise alignment
and diagnostic evaluation, they do not reflect open-
ended dialogue, interactive reasoning, tool use, or
real-world information access. Consequently, the
benchmark measures culturally grounded reason-
ing under constrained conditions rather than end-to-
end performance in realistic deployment settings.

Ethical Considerations

Macaron is a human-written benchmark designed
to evaluate multilingual reasoning over culturally
grounded premises in a controlled, template-first
setting.

Annotator compensation. We recruited two an-
notators per cultural context via Upwork and com-
pensated them at a fixed rate of US$9 per 10 com-
pleted template instantiations, where a completion
consists of writing the English multiple-choice item
and translating the question, options, and T/F vari-
ants into the local language. We additionally re-
cruited three independent native verifiers per cul-
tural context to assess factual correctness and trans-
lation quality, compensated at a rate of US$8 per
hour. All annotators and verifiers were anonymized,
and no personally identifiable information about
them is included in the dataset or released publicly.

Cultural sensitivity and representational harms.
Because items are cultural-based, there is a risk
of stereotyping, oversimplifying a country/region
into a single culture, or encoding contested prac-
tices as universal. We mitigate this through (i)
iterative template refinement to remove cultur-
ally insensitive/non-portable designs and reduce
ambiguity, (ii) annotator guidelines that empha-
size culturally representative everyday knowledge
while avoiding stereotypes and obscure trivia, and
(ii1) plausible within-context distractors to reduce
“foreign-option elimination.” Annotators may also

flag templates as non-applicable when they do not
meaningfully transfer.

Coverage is coarse (one primary local language
per cultural context), so results should not be inter-
preted as measuring within-country diversity or di-
alect variation. As with any benchmark, Macaron
can be misused for overfitting or for simplistic
“ranking” of languages/cultures; we recommend
using it as a diagnostic tool and reporting results
with the above coverage and format constraints in
mind.

LLM assistance in writing. We used an LLM as
a writing aid (e.g., to improve clarity and correct mi-
nor grammar issues) while drafting this manuscript.
All technical content, experimental design, analy-
ses, and conclusions were produced and verified
by the authors, who take full responsibility for the
final paper. We did not provide any sensitive or
personally identifying information to the model.
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A Data Statistics in More Detail

This section provides additional breakdowns of
template coverage across cultural aspects and rea-
soning categories, supplementing Table 2 in the
main paper.

A.1 Cultural-aspect coverage

Cities and Landmarks

Events and Festivals{ |
Food and Cuisine |

Famous People

Music and Art

Politics and Governance

Fashion and Media

Objects and Units

Education

Social Customs

Brands and Commerce
socio-religious aspects of life
Literature and Written works

Cultural Aspect

Time

Folklore and Folktales |

Sports

Transportation

Agriculture

Death and Funerals{

Language and Communication
Relationships{

Naming {

uuuuuuuUUHUHHUHHHHH

100 200 300 400
Number of Templates

Figure 5: Distribution of cultural-aspect tags in the
benchmark. Bars report the number of template in-
stantiations tagged with each of the 22 cultural aspects.

Aspects are not mutually exclusive, so a single item may
contribute to multiple bars.

A.2 Reasoning-category coverage

Causal Reasoning
Spatial Reasoning

3.8%
4.7%

Mathematical Reasoning

Multi-hop Reasoning 10.2%
32.7%

13.9% Temporal Reasoning

14.7%
19.9%
Logical Reasoning
Commonsense Reasoning

Figure 6: Distribution of reasoning-category tags in
the template set. Percentages are normalized over tag
assignments (multi-label items contribute multiple as-
signments).

B Verifier Agreement

To verify the factual correctness of cultural content
and the clarity of local-language translations, we
recruited three independent native verifiers per cul-
tural context, distinct from the original annotators.
Each verifier independently answered the MCQ
version of every item in the local language, without
access to the original annotations. Inter-annotator
agreement (IAA) is defined as the proportion of
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items on which all three verifiers selected the same
answer. When verifiers disagreed, we applied ma-
jority voting to determine the accepted answer and
flagged the item for further review; items identified
by a majority as factually incorrect or ambiguous

This validates our choice to use log-probability
scoring for open-weight models.

Model Mode MC-EN MC-L TF-EN TF-L

) . logprob 4379 39.15  50.35 50.45
were revised accordingly. coherelabs-aya-23-8b g(;ipro 40.00 3600  50.00 50.00
Table 6 reports per-context IAA scores. Scores conerelabs-ayacxpanse-5b logprob 5267 4874 5174 5247
range from 87.0% (South Africa) to 94.8% (China), gen 54.02 4775 56.73 5491
with a mean of 90.9%, confirming high factual ac- e ama-ttama-3.1-8b-instruce 18P0 5419 43.39  56.66  53.36
. ) gen 3875 4625 53.12 51.88
curacy and translation clarity across all 20 cultural
ta-llama-1lama-3.2-3b-instruct logprob 4738 3633 5487 5164
contexts. me N gen 4486 3387 4775 49.64
5 5 7hinstruct logprob 5696 4692  52.65 52.62
Country IAA (%) | Country TAA (%) qen-qwenz.o-/b-instruc gen 5554 4815 5827 5549
Brazil 92.00 | Japan 91.80 ‘ logprob 5262 4556 5525 53.68
qwen-qwen3-4b-instruct-2507
China 94.80 Kyrgyzstan 92.50 gen 53.1646.13  55.16 5395
Egypt 91.30 Mexico 93.43
Ethiopia 89.10 | Morocco 90.46 Table 8: Log-probability vs. generation scoring for open-
Georgia 92.30 | Nigeria 92.80 weight models (accuracy, %). Differences are small and
Greece 90.21 | Philippines 88.00 unsystematic, supporting log-probability scoring as the
India 91.30 South Africa 87.00 primary protocol
Indonesia 90.00 Thailand 88.60 '
Italy 88.97 Tunisia 89.70
Turkey 90.11 Yemen 89.80

Table 6: Inter-annotator agreement (IAA) across all 20
cultural contexts, defined as the proportion of items on
which all three independent native verifiers selected the
same answer.

C Annotator Demographics

Table 7 reports demographic information for the
two annotators recruited per cultural context via
Upwork, including gender, age group, duration of
residence in the target culture, and education level.
Annotators were required to be native speakers of
the target language with substantial lived experi-
ence in the corresponding cultural context.

D Log-Probability vs. Generation Scoring

For open-weight models we primarily report
log-probability scoring, which selects the
answer option with the highest token-level
log-likelihood. To confirm this choice does not
introduce systematic bias, we re-evaluated all
open-weight models using direct generation and
compared results. Table 8 reports both protocols
side by side. Differences are small and go
in both directions, confirming the absence of
systematic bias. The most notable exception is
meta-llama-llama—-3.1-8b-instruct,

which drops substantially under generation in
MC-EN (54.19 — 38.75) — a result consistent
with smaller models being more prone to output-
format failures rather than knowledge failures.

E Answer Extraction Error Rates

For generation-based models, Table 9 reports three
error types: (i) Empty Output — the model pro-
duced no output; (ii) Answer Not Extracted — the
model produced output but no valid answer letter
could be parsed; (iii) Correct but Mis-scored —
the model’s response contained the correct answer
but was marked wrong due to an extraction failure.
Error rates are near zero across all models, con-
firming that extraction failures do not meaningfully
affect benchmark scores or conclusions.

Model Empty Not Extracted Correct but

Output Mis-scored
meta-1lama-llama-3.2-3b-instruct 0.00 3.56 0.37
meta-llama-llama-3.1-8b-instruct 0.00 0.14 1.27
coherelabs-aya-23-8b 0.07 0.35 0.01
anthropic-claude-haiku-4.5 0.00 0.14 0.00
deepseek-deepseek-chat-v3.1 0.00 0.11 0.00
meta-llama-llama-3.3-70b-instruct ~ 0.00 0.07 0.00
openai-gpt-5-chat 0.00 0.04 0.00
google-gemini-3-flash-preview 0.00 0.03 0.00
anthropic-claude-opus-4.5 0.00 0.02 0.00
qwen-qwen?2.5-7b-instruct 0.00 0.02 0.00
meta-1lama-llama-4-maverick 0.00 0.02 0.00
qwen-qwen3-4b-instruct-2507 0.00 0.01 0.00
google-gemini-2.5-flash 0.00 0.01 0.00
coherelabs-aya-expanse-8b 0.00 0.00 0.00
qwen-qwen3-235b-a22b-2507 0.00 0.00 0.00
openai-gpt-40-mini 0.00 0.00 0.00

Table 9: Answer extraction error rates (%) for
generation-based models. The “Correct but Mis-scored”
rate reaches at most 1.27% (Llama 3.1 8B), confirming
extraction failures do not significantly affect conclu-
sions.
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EG PH IN ET MX TN GR BR KG ZA IT TH TR GE CN ID YE NG MA JP
No. of annotators 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2
Gender (%)
Female 100 100 50 O 100 100 50 50 50 50 50 100 50 100 50 O 50 50 50 50
Male 0 0 50 100 O 0O 5 50 50 50 50 0O 50 O 50 100 50 50 50 50
Age (%)
20-24 50 50 0 50 O 0 0 0 0 0 0 0 0 0 0 0O 5 0 50 0
25-35 50 50 50 50 50 100 O 100 100 50 50 50 100 O 100 100 50 100 O 100
36-45 0 0 50 0 0 0 100 O 0O 5 0 50 0 100 O 0 0 0 50 0
46+ 0 0 0 0 50 0 0 0 0 0 50 0 0 0 0 0 0 0 0 0
Duration of residence (years) (%)
Native / whole life 0 100 100 100 100 100 100 100 100 100 50 100 50 100 O 0 0 100 100 100
>20 years 100 0 0 0 0 0 0 0 0 0 50 0 0 0 100 100 100 O 0 0
10-19 years 0 0 0 0 0 0 0 0 0 0 0 0 50 0 0 0 0 0 0 0
<10 years 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Education level (%)
High school or below 0 0 0 0 0 0 50 0 0 50 0 0 0 0 0 0 0 0 0 0
Diploma / college 0 0 0 0 0 0 0 0 0 50 0 0 0 0 0 0 0 0 0 0
Bachelor’s 0 100 100 100 50 O 0 50 100 O 0 0 100 50 O 0 100 50 50 50
Master’s / postgrad 100 0 0 0 50 100 50 50 O 0 100 100 O 50 O 0 0 50 50 50
Doctorate 0 0 0 0 0 0 0 0 0 0 0 0 0 0 100 100 O 0 0 0

Table 7: Annotator demographics by cultural context (2 annotators per context). Percentages are multiples of
50% due to n = 2. Abbreviations: EG=Egypt, PH=Philippines, IN=India, ET=Ethiopia, MX=Mexico, TN=Tunisia,
GR=Greece, BR=Brazil, KG=Kyrgyzstan, ZA=South Africa, IT=Italy, TH=Thailand, TR=Turkey, GE=Georgia,
CN=China, ID=Indonesia, YE=Yemen, NG=Nigeria, MA=Morocco, JP=Japan.

F Evaluation Prompts

We evaluate each model under two prompting
regimes. For standard (non-thinking) models,
we request a direct answer without eliciting expla-
nations. For thinking-capable models, we allow
step-by-step reasoning but enforce a strict final-line
JSON output format for automatic parsing.

F.1 Non-thinking models: Multiple-choice
prompt

Non-Thinking Models: MCQ Prompt

Question: {question}

A) {optionl}
B) {option2}
C) {option3}
D) {optiond}

Answer directly without any
explanation or reasoning.

Output a single line containing only
a JSON object of the form:

{"answer": "X"}

Replace X with the correct letter
(A, B, C, or D).
Do not include anything else.

F.2 Non-thinking models: True/False prompt

Non-Thinking Models: True/False Prompt

Statement: {question}

Answer directly without any
explanation or reasoning.

Output a single line containing only
a JSON object of the form:

{"answer": "ANSWER"}

Replace ANSWER with either "T" for
True or "F" for False.
Do not include anything else.

F.3 Thinking models: Multiple-choice prompt
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Thinking Models: MCQ Prompt

Question: {gquestion}

{optionl}
{option2}
{option3}
{optiond}

O Qw

First, you may think step by step to
solve the question.

At the very end, output a single
line containing only a JSON
object of the form:

{"answer": len}



Replace X with the correct letter
(A, B, C, or D).

Do not include anything else on that

final line.

F.4 Thinking models: True/False prompt
Thinking Models: True/False Prompt

Statement: {question}

First, you may think step by step.

At the very end, output a single
line containing only a JSON
object of the form:

{"answer": "ANSWER"}

Replace ANSWER with either "T"
True or "F" for False.

for

Do not include anything else on that

final line.

F.5

Data verification prompt (GPT-5.2-chat)

To improve linguistic quality while preserving
meaning, we run an automated proofreading pass
using GPT-5.2-chat that is restricted to spelling and

grammar fixes only:

Data Verification Prompt (GPT-5.2-chat)

You are a careful proofreader. Your
task is to check this {context}
for ONLY grammatical and
spelling mistakes.

**xInstructions: x*

1. Fix ONLY spelling errors and
grammatical mistakes

2. Preserve the exact writing style,
tone, and word choices

3. Keep all cultural references and
proper nouns exactly as they are

4. Do NOT rephrase or improve the
writing - only correct errors

5. If there are no errors, return
the text exactly as-is

*xCommon errors to check for:xx

— xxSpelling mistakes*x: "recieve"
-> "receive", "occured" ->
"occurred"

- xxPlural/singular agreement**: "1
foods" -> "1 food", "2 dish" ->
"2 dishes"

- xxSubject-verb agreementxx: "they
was" —-> "they were", "he don't"
-> "he doesn't", "that are" with
singular —-> "that is"

- xxVerb tense for past eventsxx:
"Is X established in 1950?" ->
"Was X established in 1950?" (BE
CONSISTENT across similar

G Example Templates by Cultural Aspect

Table 10 lists one representative template prompt
per cultural aspect, illustrating how each aspect is
operationalized across the 100 language-agnostic

questions)

— **xPronoun agreementx*x*: Singular
"their" is acceptable as
gender—-neutral. Keep it unless
clearly wrong. Be CONSISTENT
within the same question set.

— xxUnnecessary apostrophesxx:

"apple's" (plural) -> "apples"
- *+Capitalizationx*: Only fix clear
errors like "i" -> "I" or

well-known proper nouns
(countries, famous people).
NOT automatically capitalize

DO

cultural terms, food names, or
words that might be
intentionally lowercase.

- *%Article errorsx*x*: "a apple" ->
"an apple", "an hour" not "a

hour"

*xText to check:xx
{text}

**Response format:*x*
If there are errors:

"has_errors": true,

"corrected": "the corrected text
here",

"explanation": "brief explanation

of what was fixed (e.g., 'Fixed
plural/singular agreement')"

}

If no errors:

{

"has_errors": false,
"corrected": "{text}",
"explanation": "No errors found"

}

Respond ONLY with wvalid JSON,
nothing else.

templates.

H Detailed Benchmark Results

This section reports accuracy on local-language
evaluation instances (MC-L, T-L, F-L), aggre-
gated either (i) by writing system (macro-averaging
across languages that share a script) or (ii) by

benchmark language/cultural context.

I

Figure 7 shows the onboarding flow presented to
annotators, including requirements for cultural au-
thenticity and guidance for handling culturally spe-
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Cultural Aspect: Example Templates (I)

I Cultural Aspect: Example Templates (IT)

Aspect Template prompt H Aspect Template prompt

Food and Cuisine Which dish would [FAMOUS PERSON] Sports In [CULTURE SPORT] tradition, what
probably not recognize from their happens when [CONDITION]?
childhood?

Music and Art Which traditional musical Fashion and Media I couldn’t stop laughing watching
instrument from [COUNTRY/REGION] a/an [CULTURE/REGION] series
has the earliest recorded history? with [ACTOR NAME]. Which of the

following is most likely the name
of the series?

Cities and Landmarks Among all the provinces in [SET Transportation If I live in [LOCATION
OF PROVINCES/LOCATION], how many 1/RESIDENTIAL AREA 1] and I want
provinces have an area smaller than to go to [LOCATION 2/RESIDENTIAL
[PROVINCE] ? AREA 2], how much time would it

take on average if I traveled by
[TRANSPORTATION METHOD] ?

Famous People Who among these [NATIONALITY] Education Which [ACADEMIC PERIOD] would a
[FAMOUS PEOPLE TYPE] does NOT share [AGE]-year-old typically be in
the key trait of [COMMON TRAIT]? according to [COUNTRY]’s education

system?

Politics and Governance What is the name of the first child || Agriculture In [REGION] during [MONTH],
of the [Nth] president/leader of which crop is typically being
[COUNTRY] ? [AGRICULTURAL ACTIVITY]?

Events and Festivals Which of the following special days || Naming If my friend has the last name

is the closest to [EVENT]? "[LAST NAME]", which country is
most likely their birthplace?
Objects and Units In [CULTURE] traditional Folklore and Folktales In [CULTURE]’s folk tales, which
measurements, how many [UNIT] equal character would be considered out
one [LARGER UNIT]? of place if it appears alongside
[CHARACTER] ?
Socio-religious Aspects of According to [NATIONALITY] cultural || Brands and Commerce Among these local brands in

Life superstition, what should one do [CULTURE/REGION], which one would
after [ACTION] to avoid bad luck? a typical middle-income person be

most likely to use?
Language and Communi- In [COUNTRY], which age group or Death and Funerals In [CULTURE/REGION], how many days

cation

social category is LEAST likely
to use the expression " [COMMON
PHRASE]" to describe [MEANING OF
EXPRESSION TO THEM]?

after death is [RITUAL/EVENT]
traditionally performed?

Social Customs

In [COUNTRY/REGION], when
[CONDITION/ACTIVITIES], which of
the following actions is considered
a taboo?

Time

If you convert [DATE] in the
[CALENDAR SYSTEM] calendar to the
Gregorian calendar in [YEAR], which

month would it fall in?

Relationships

If I call my [NATIONALITY] father
[TERM], would my children call him
[OPTION A]?

Literature and Written
works

What age-appropriate book can I buy
for my [AGE]-year-old son?

Table 10: Cultural aspects covered in the benchmark, with one example template per aspect.

cific items. Figure 8 and Figure 9 show the main
annotation interface used to instantiate templates
in English, translate them into the local language,
and generate verification statements.
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Category Model Arabic Cyrillic Devanagari Georgian Ge’ez Greek Han Japanese Latin Thai
Gemini 3 Flash Preview (thinking) 88.7%  85.0% 97.0% 90.4% 81.5% 88.5% 89.7% 85.9% 90.0% 87.9%
Closed (thinking) Gemini 2.5 Pro (thinking) 86.3%  85.0% 95.5% 90.9% 80.5% 84.0% 87.1% 85.5% 90.0% 83.8%
DeepSeek V3.1 (thinking) 67.9%  671.5% 94.0% 76.3% 55.5% 82.5% 85.1% 79.3% 79.0% 75.3%
Gemini 2.5 Flash (thinking) 674%  61.5% 76.5% 60.1% 70.5% 64.0% 70.1% 76.3% 66.8% 71.2%
Average (Closed thinking) 77.6%  76.2% 90.8% 794% 73.5% 79.8% 83.0% 81.8% 81.4% 79.6%
Gemini 3 Flash Preview 85.1%  82.0% 96.5% 91.4% 815% 88.0% 88.1% 84.8% 87.2% 88.9%
Claude Opus 4.5 75.6%  74.0% 94.0% 80.3% 67.0% 81.5% 87.1% 823% 83.9% 72.9%
GPT-5 Chat 759%  72.5% 89.5% 79.3% 50.0% 81.5% 86.1% 80.8% 81.3% 79.3%
Closed (standard) Gemini 2.5 Flash 75.1%  71.0% 95.5% 81.8% 64.5% 78.5% 86.6% 83.8% 82.5% 78.3%
DeepSeek V3.1 61.3%  60.5% 87.5% 65.7% 46.5% 71.5% 84.5% 78.3% 76.6% 73.2%
Claude Haiku 4.5 62.8%  57.5% 85.5% 64.1% 39.0% 71.0% 83.0% 77.8% 70.1% 59.1%
GPT-40 mini 64.9%  58.5% 81.5% 64.6% 38.0% 67.0% 79.9% 76.8% 70.7% 68.2%
Average (Closed standard) 71.5%  68.0% 90.0% 753% 552% 77.0% 85.0% 80.7% 18.9% 74.3%
Qwen3-235B 67.2%  58.0% 85.5% 64.1% 45.0% 72.0% 84.0% 80.3% 73.4% 70.7%
Llama 3.3 70B 59.0%  60.5% 79.5% 58.6% 41.5% 73.5% 79.9% 78.3% 69.7% 62.6%
Llama 4 Maverick 544%  61.0% 84.5% 66.7% 49.5% 70.0% 80.9% 67.6% 70.0% 71.7%
Llama 3.1 8B 42.6%  45.5% 61.5% 444% 29.0% 55.0% 65.5% 58.1% 50.1% 47.0%
Open-weight Qwen3-4B 417%  36.5% 63.0% 42.4% 26.5% 52.0% 75.3% 62.1% 51.0% 50.5%
InternLM3-8B 42.0%  34.0% 53.0% 39.9% 36.0% 44.5% 77.8% 58.1% 49.8% 50.0%
Qwen2.5-7B 47.5%  42.0% 56.5% 404% 345% 53.0% 73.2% 70.7% 53.3% 53.0%
Aya Expanse 8B 47.4%  36.5% 66.5% 39.4% 31.5% 60.5% 59.8% 62.1% 532% 43.4%
Llama 3.2 3B 353% 31.5% 52.5% 313% 37.5% 46.5% 51.5% 49.0% 44.8% 38.4%
Aya 23 8B 41.1%  33.5% 50.0% 31.8% 24.0% 46.5% 54.1% 53.0% 42.0% 37.4%
Average (Open-weight) 478%  43.9% 65.2% 459% 355% 57.4% 70.2% 63.9% 55.7% 52.5%
Average (All) 61.4%  58.1% 78.4% 62.1% 493% 68.2% 71.6% 72.9% 68.4% 64.9%

Table 11: Local-language accuracy (%) by writing system. Each cell reports a model’s overall accuracy on local-
language evaluation instances (MC-L, T-L, F-L) aggregated over all benchmark contexts sharing a given script.
For scripts used by multiple languages (e.g., Arabic, Latin), scores are macro-averaged across those languages.

Average rows report the mean over models within each group; Average (All) averages over all models.

Category Model Amh. Pt-BR Zho. Egy-Ar Geo. Gre. Hin. Ind. Ita. Jpn. Kyr. Mx-Es Mor-Ar Tgl. Tha. Tun-Ar Tur. Yem-Ar Yor. Zul.
Gemini 3 Flash Preview (thinking) 87.5% 94.0% 89.7% 92.9% 90.4% 88.5% 97.0% 93.2% 90.3% 85.9% 85.0% 91.9% 90.5% 88.9% 87.9% 83.0% 94.0% 88.5% 88.9% 78.5%

Closed (thinking) Gemini 2.5 Pro (thinking) 80.5% 93.3% 87.1% 89.9% 90.9% 84.0% 95.5% 90.8% 89.3% 85.5% 85.0% 90.4% 88.0% 88.4% 83.8% 80.0% 94.0% 87.5% 83.7% 84.5
DeepSeek V3.1 (thinking) 55.5% 88.5% 85.1% 73.2% 76.3% 82.5% 94.0% 842% 69.4% 719.3% 61.5% 843% T1.0% 79.3% 753% 52.5% 85.0% 75.0% 753% 66.0%

Gemini 2.5 Flash (thinking) 70.5% 65.0% 70.1% 66.2% 60.1% 64.0% 76.5% 69.5% 62.8% 763% 61.5% 732% 69.5% 66.7% 712% 65.0% 11.5% 69.0% 59.5% 60.5%

Average (Closed thinking) 73.5% 85.2% 83.0% 80.5% 79.4% 79.8% 90.8% 84.4% 78.0% 81.8% 76.2% 85.0% 79.8% 80.8% 79.6% 70.1% 87.6% 80.0% 76.8% 68.3%
Gemini 3 Flash Preview 81.5% 90.0% 88.1% 83.8% 91.4% 88.0% 96.5% 94.2% 88.3% 84.8% 82.0% 87.4% 88.0% 84.8% 88.9% 82.0% 90.5% 86.5% 83.2% 79.0%

Claude Opus 4.5 67.0% 89.6% 87.1% 71.1% 803% 81.5% 94.0% 91.6% 87.2% 82.3% 74.0% 869% 753% 78.8% 72.9% 76.5% 860% 79.6% 76.1% 75.0%

GPT-5 Chat 50.0% 87.0% 86.1% 747% 79.3% 81.5% 89.5% 81.6% 82.7% 80.8% 72.5% $33% 77.0% 79.8% 793% 74.0% 83.5% 78.0% 78.9% 73.5%

Closed (standard) Gemini 2.5 Flash 64.5% 83.5% 86.6% T4.2% 81.8% 78.5% 95.5% 86.8% 89.8% 83.8% 71.0% 86.4% 79.5% 80.3% T83% 76.5% 84.0% 70.0% 184% 71.0%
DeepSeek V3.1 46.5% 84.5% 84.5% 59.1% 65.7% T1.5% 87.5% 77.4% 86.1% 18.3% 60.5% 77.3% 64.0% 75.8% 732% 56.5% 19.0%  65.5% 70.0% 62.0%

Claude Haiku 4.5 39.0% 77.5% 83.0% 62.1% 64.1% 71.0% 85.5% 68.9% 81.1% 77.8% 57.5% 712% 64.0% 69.7% 59.1% 57.0% 72.5% 68.0% 61.8% 58.0%

GPT-40 mini 38.0% 75.5% 799% 63.6% 64.6% 67.0% 81.5% T1.1% 82.1% 76.8% 58.5% 727% 66.0% 70.2% 68.2% 62.5% 75.0% 671.5% 60.5% 58.5%

Average (Closed standard) 552% 83.9% 85.0% 69.8% 753% T7.0% 90.0% 81.7% 854% 80.7% 68.0% 80.7% 73.4% T1.1% 74.3% 69.3% 81.5% 73.6% 12.7% 68.1%
Qwen3-235B 450% 71.5% 84.0% 67.7% 64.1% 72.0% 85.5% 75.8% 80.6% 80.3% 58.0% 79.8% 62.5% 763% 70.7% 67.0% 75.5% 71.5% 62.6% 59.0%

Llama 3.3 70B 41.5% 71.5% 79.9% 59.1% 58.6% 73.5% 79.5% 73.7% 80.6% 78.3% 60.5% 702% 60.0% 722% 62.6% 54.5% 12.5% 62.5% 61.1% 56.0%

Llama 4 Maverick 49.5% 75.0% 80.9% 55.6% 66.7% 70.0% 84.5% 70.8% 78.1% 67.6% 61.0% 70.7% 65.5% 747% 71.7% 61.5% 71.0% 35.0% 56.8% 62.5%

Llama 3.1 8B 20.0% 42.5% 65.5% 40.4% 44.4% 55.0% 61.5% 52.6% 60.7% 58.1% 45.5% 545% 44.5% 46.5% 41.0% 41.5% 55.5% 44.0% 453% 43.0%

Open-weight Qwen3-4B 26.5% 64.0% 753% 43.4% 42.4% 52.0% 63.0% 44.7% 643% 62.1% 36.5% 52.5% 46.0% 45.5% 50.5% 40.0% 48.0% 37.5% 432% 46.0%
pen-welg InternLM3-8B 36.0% 46.5% 77.8% 33.8% 39.9% 44.5% 53.0% 47.9% 63.3% 58.1% 340% 57.1% 46.0% 49.0% 50.0% 45.0% 46.0% 43.0% 45.8% 42.5%
Qwen2.5-7B 345% 62.5% 732% 50.0% 40.4% 53.0% 56.5% 47.9% 622% 70.7% 42.0% 61.6% 48.0% 51.5% 53.0% 45.5% 50.0% 46.5% 46.8% 43.5%

Aya Expanse 8B 315% 60.0% 59.8% 444% 39.4% 60.5% 66.5% 51.6% 66.8% 62.1% 36.5% 55.1% 50.0% 50.0% 434% 45.0% 55.5% 50.0% 453% 41.5%

Llama 3.2 3B 37.5% 44.0% 51.5% 36.9% 31.3% 46.5% S52.5% 42.1% 54.1% 49.0% 31.5% 48.0% 36.5% 46.0% 384% 32.5% 44.5% 35.5% 374% 42.5%

Aya 23 8B 24.0% 45.5% 54.1% 34.8% 31.8% 46.5% 50.0% 42.6% 54.1% 53.0% 33.5% 545% 43.5% 374% 314% 420% 40.5% 44.0% 35.8% 25.5%

Average (Open-weight) 355% 58.9% 702% 46.6% 45.9% 57.4% 65.2% 55.0% 66.5% 63.9% 43.9% 604% 50.3% 54.9% 52.5% 41.5% 55.9% 46.9% 48.0% 46.2%
Average (All) 493% 723% T7.6% 60.8% 62.1% 67.2% T8.4% 68.4% 13.0% 72.9% 572% T1.7% 61.9% 654% 62.7% 59.0% 70.5% 62.1% 61.7% 57.2%

Table 12: Local-language accuracy (%) by benchmark language/cultural
overall accuracy on local-language instances (MC-L, T-L, F-L) for the corresponding context, aggregated over
all templates. Missing entries (—) are ignored in averages. Average rows report the mean over models within each
group; Average (All) averages over all models. Column headers are abbreviated: Amh.=Amharic, Pt-BR=Brazilian
Portuguese, Zho.=Chinese, Egy-Ar=Egyptian Arabic, Geo.=Georgian, Gre.=Greek, Hin.=Hindi, Ind.=Indonesian,
Ita.=Italian, Jpn.=Japanese, Kyr.=Kyrgyz, Mx-Es=Mexican Spanish, Mor-Ar=Moroccan Arabic, Tgl.=Tagalog,
Tha.=Thai, Tun-Ar=Tunisian Arabic, Tur.=Turkish, Yem-Ar=Yemeni Arabic, Yor.=Yoruba, Zul.=Zulu.
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Multicultural Reasoning Benchmark

Help us build a diverse dataset of reasoning questions by contributing examples from your own culture
and country to test Al understanding of multicultural contexts.

Start Annotating -

Our Goal

We are building question-answering exam data for Large Language Models (LLMs) that requires local cultural knowledge and
reasoning. The questions are constructed by filling in pre-designed templates to create questions that test reasoning abilities
and cultural understanding.

Represent your culture authentically: The questions should genuinely represent your culture and your language. Be authentic
in your examples and draw from real cultural knowledge, traditions, and practices that are meaningful to your community.

Truthfulness is essential: It is very important that the questions and answers are truthful, so feel free to fact-check your

answers via any search engine and avoid ambiguous questions. Your accuracy and cultural expertise are crucial for creating a
reliable benchmark dataset.

What is a Template?

A template is a question pattern with placeholders that you'll fill in to create culturally diverse questions. Each template has
been carefully designed to test specific reasoning abilities while incorporating cultural knowledge.

Example Template

Question Template

Question

Options

A. [Food not from the specified city/country]

B. [Food that is from the specified city/country]

c. [Food that is from the specified city/country] i

Figure 7: Onboarding landing page (Part 1 of 3).
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D. [Food that is from the specified city/country]

Example Annotation

Completed Question

Question

Among all the food here, which one is not originally from Indonesia?

Options

B. Kerak Telor
C. Ketoprak

D. Soto Betawi

By filling in both the template placeholders in the question and providing culturally appropriate answer options, you help create

questions that challenge Al systems to understand cultural relationships and contexts.

How to Annotate

When you start the annotation process, you'll be guided through these simple steps:

Examine Template & Example

Study the question template format and review the provided example to understand how placeholders should be

filled with culturally relevant content.

Fill Template with Your Culture

Replace placeholders in [BRACKETS] with authentic content from your culture. Use search engines to fact-check

names, dates, and cultural details to ensure accuracy.

Translate to Your Language
Provide translations of the complete question and all answer options in your native language (and dialect if

provided) while preserving the meaning and reasoning challenge.

Figure 7: Onboarding landing page (Part 2 of 3).
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Review and Submit

Double-check your work for accuracy and authenticity, then submit your completed annotation to contribute to the

multicultural reasoning dataset.

Cultural Translation Guidelines

When filling placeholders in the English version of the questions with Culturally-Specific Items (CSls), it's important to preserve

authenticity. Follow these guidelines:

CSl with Possible Translation

When there's a culturally-equivalent term that conveys similar meaning, you may translate:

Examples:

Well-known landmarks: "Great Wall of China", "Eiffel Tower" (internationally recognized names)

Geographic features: "Mount Jais", "Nile River" (use English descriptor + local name)

Common concepts: Mexican "tianguis" - "flea market", "Fiesta" - "festival" (when equivalent concept exists)

X CSl that Should Stay Original

When translation would lose cultural meaning or authenticity, keep the original term:

Examples:

Traditional foods: "Hawawshi", "Biryani", "Sushi", "Kimchi" (not generic descriptions like "meat sandwich")

Local places: "Tahrir Square" not "Liberation Square" (even though "tahrir" translates to "liberation", keep the name as
locals and visitors know it from maps and tourism)

Musical instruments: "Tabla", "Balalaika" (different from generic "drum" or "string instrument")

Golden Rule: Use the name that best preserves cultural authenticity and would be recognized by both locals and
international visitors. When in doubt, keep it authentic!

Figure 7: Onboarding landing page (Part 3 of 3).
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Multicultural Reasoning Benchmark Annotation Tool

o 2] ©

Fill Template Translate Submit
Template 1 of 10
Steps to Complete [?1

1. Examine template format and example completed question.
2. Fill placeholders with authentic content from your culture (in English). Use search engines to fact-check details.
3. Translate the complete question and the true-false variations to your native language (and dialect if applicable).

4. Review for accuracy and authenticity, then submit.

@" Use Local Values Only: Replace all placeholders with authentic examples from your own culture and region.
This ensures genuine cultural representation.

Question Template

Question

Note: You should focus on the famous person's birthplace. All the options should be from your culture to not make it
easy to eliminate. A good way to think about it is to choose a person and maybe if he is from north, teh correct

asnwer shoud! be a dish from south or something like that.

Options

A [The food that doesn't originate from FAMOUS PERSON's birthplace]

B. l [A food that originates from FAMOUS PERSON's birthplace]

c. | [A food that originates from FAMOUS PERSON's birthplace]

D. | [A food that originates from FAMOUS PERSON's birthplace]

Example Completed Question [-]

Here's how this question might look when completed:

Question:

Which dish would Agnez Mo probably not recognize from their childhood?

Options:

Figure 8: Annotation interface (Part 1 of 2): Contextualization.
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A I Shawarma Correct Answer

B. [ Kerak Telor
C. [ Ketoprak

D. [ Soto Betawi

Question & Translation

English Version Your Language Translation

Question: Question Translation:
Complete the template above to see your question Translate the question into your language...
here

Options: Options Translation:

A. Fill template to see option A m J A Translate option A... @

B. Fill template to see option B
Translate option B...

B.
Cc. Fill template to see option C
c Translate option C...
D. Fill template to see option D .
D Translate option D...
True-False Questions & Translation
English Version Your Language Translation
TRUE Statement: TRUE Statement Translation:
Would [FAMOUS PERSON] not recognize [OPTION Translate the TRUE statement...

A] from their childhood?

FALSE Statement:

. FALSE Statement Translation:
Would [FAMOUS PERSON] not recognize [OPTION

B] from their childhood?

Translate the FALSE statement...

Submit Annotation m 1. Not applicable to my culture

Figure 9: Annotation interface (Part 2 of 2): Instantiation and translation.
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