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Abstract
We present the GUIR system for SemEval-
2026 Task 7, Everyday Knowledge Across Di-
verse Languages and Cultures, which probes
the extent to which general-purpose LLMs en-
code cultural knowledge without any culture-
specific supervision or fine-tuning. Our sys-
tem addresses two tracks built on the BLEND
benchmark. For the short-answer question
(SAQ) track, we employ zero-shot prompt-
ing with gpt-4.1, achieving 55.5% accuracy
across 61 language locales. For the multiple-
choice question (MCQ) track, we propose a
three-stage pipeline: (1) zero-shot chain-of-
thought inference with gpt-5-mini, (2) cross-
locale majority voting to correct inconsistent
predictions, and (3) a multi-agent debate pro-
tocol in which three LLM instances argue and
adjudicate over residual errors. This pipeline
achieves 97.47% overall accuracy across 30 lo-
cales, ranking first among all submitted sys-
tems on the MCQ track. We further con-
duct a targeted human evaluation on the Per-
sian locale, revealing that BLEnD’s lemma-
matching scorer systematically underestimates
model performance, with human annotators
scoring the system 18 percentage points higher
than the lemma-matching evaluation. This re-
veals the need for better evaluation of morpho-
logically rich languages like Persian.

1 Introduction
SemEval-2026 (Ghosh et al., 2026) Task 7 Ev-
eryday Knowledge Across Diverse Languages and
Cultures (Ousidhoum et al., 2026) is built on the
BLEND benchmark (Myung et al., 2024), a dataset
of 52,557 question-answer pairs spanning 16 coun-
tries/regions and 13 languages, including low-
resource languages such as Amharic, Assamese,
Azerbaijani, Hausa, and Sundanese. Questions
cover six socio-cultural domains: food, sports,
family, education, holidays/celebrations/leisure,
and work-life. The benchmark offers two evalua-
tion formats. In the short-answer question (SAQ)

format, models generate a free-text response that
is matched against native-speaker annotations. In
the multiple-choice question (MCQ) format, mod-
els select the culturally correct answer for a target
country from four options, where distractors are
drawn from other countries’ answers to the same
question, making them culturally plausible rather
than arbitrary.

Prior evaluation on BLEND reveals a perfor-
mance gap of up to 57 percentage points between
high-resource cultures (US English, ∼79% on
SAQ) and low-resource ones (Ethiopian Amharic,
∼12%) for GPT-4, the strongest model tested at
the time of the benchmark’s release (Myung et al.,
2024). The Pearson correlation between SAQ and
MCQ performance across models is 0.93, suggest-
ing the two formats probe the same underlying cul-
tural knowledge.

Since this is an evaluation-only task, we rely en-
tirely on zero-shot CoT rather than fine-tuning or
few-shot prompting on BLEnD examples, directly
testing how well a strong general-purpose LLM re-
solves culturally grounded SAQs and MCQs with-
out any culture-specific supervision. 1

Furthermore, we deliberately refrained from
retrieval-augmented generation (RAG) pipelines
that draw on external corpora: since BLEND is
publicly available, any retrieval index built from
open web data could inadvertently include bench-
mark items, constituting a form of data contamina-
tion.

2 Background and Related Work

The cultural limitations of LLMs have attracted
growing attention. Hershcovich et al. (2022) pro-
vide a systematic account of the challenges in
cross-cultural NLP, noting that cultural norms
are implicit, context-dependent, and highly vari-

1All code and analysis are publicly available in our GitHub
repository: GUIR-at-SemEval-2026-Task-7.

3549

https://github.com/ri164-bolleit/GUIR-at-SemEval-2026-Task-7/


able across regions. LLMs encode cultural biases
stemming from imbalanced training corpora (Nav-
igli et al., 2023): models trained predominantly
on English data default to Western perspectives
when queried about other regions (Durmus et al.,
2024). Several benchmarks probe this gap. GEOM-
LAMA (Yin et al., 2022) offers geo-diverse com-
monsense probing across five countries; CULTURE-
BANK (Shi et al., 2024) and CULTUREATLAS (Fung
et al., 2024) collect norms from social media and
Wikipedia, though both are restricted to English
and formally documented information. Language-
specific efforts include CLICK (Kim et al., 2024)
for Korean, COPAL-ID and INDOCULTURE (Wi-
bowo et al., 2024; Koto et al., 2024) for Indone-
sian, and CAMEL (Naous et al., 2023) for Arabic.
BLEND (Myung et al., 2024) distinguishes itself
by being fully hand-crafted by native-speaker an-
notators, covering mundane everyday knowledge
that rarely surfaces in formal sources, and spanning
a typologically diverse set of 13 languages includ-
ing several low-resource ones.

Recent work has pushed toward richer and more
challenging cross-cultural evaluation. Chiu et al.
(2025) introduce CULTURALBENCH, assembled via
human-AI red-teaming across 45 regions, showing
that even frontier models reach only 28.7-61.5% on
the hard variant compared to 92.4% human perfor-
mance. Romanou et al. (2025) and Singh et al.
(2025b) expose systematic regional knowledge
gaps in standard multilingual benchmarks such
as MMLU, with consistent under-performance on
non-Western locales. Liu et al. (2025) specifi-
cally target implicit cultural values embedded in
natural conversation, finding that even models at
human-level performance on value selection still
fall substantially short on nuanced attitude de-
tection. Ying et al. (2025) reveal a “Cultural-
Linguistic Synergy” effect: models perform bet-
ter when the question language matches the cul-
tural context, suggesting that multilingual evalu-
ation must account for both dimensions jointly
rather than treating language and culture as inde-
pendent axes.

While recent benchmarks achieve broad cover-
age, they predominantly use MCQ formats and
web-sourced or formally documented knowledge.
BLEND’s SAQ format is still distinctive: rather
than selecting among distractors, models must gen-
erate the correct cultural answer from scratch, a far
harder test of genuine cultural knowledge (Myung
et al., 2024). On the modeling side, Nyandwi

et al. (2025) show that grounding multimodal
LLMs with culturally curated knowledge graphs
yields substantial gains over general-purpose mod-
els, while Chang et al. (2024) demonstrate that ded-
icated monolingual models for low-resource lan-
guages outperform multilingual models on basic
NLP tasks in those languages-both highlighting
the persistent gap between general-purpose sys-
tems and culture- or language-specific ones that
our zero-shot approach is benchmarked against.

3 System Overview

3.1 Track 1: Short Answer Questions (SAQ)

For the SAQ track, the dataset comprises 30,500
questions across 61 language codes, with 500 ques-
tions per language code. For inference, we used
gpt-4.1 via the OpenAI Chat Completions API
(OpenAI, 2025). Each question was presented with
a minimal zero-shot prompt as shown in Figure 1.

Read the following question and provide
a single answer without any explanations.
The answer should be 1-3 words.

Question: {question}
Answer:

Figure 1: Zero-shot prompt template used for SAQ in-
ference similar to (Myung et al., 2024).

Evaluation Metric. The official SAQ scorer
evaluates predictions via language-aware lemma
matching. For each item, the predicted string
is first checked for inclusion against the native-
language reference answers using language-
specific lemmatizers and stemmers. (See
Appendix 6.1 for the full list of tools used per
language). A prediction is marked correct only if
every lemmatized token of the reference answer
is present in the lemmatized token set of the
prediction. A single missing token is sufficient to
fail the match. If the native-language check fails,
the scorer additionally attempts matching against
the corresponding English reference answer using
spaCy (Honnibal et al., 2020). Accuracy is then
computed as the percentage of items answered
correctly out of all items in the locale.

Formally, let L(·, ℓ) denote the lemmatization
function for language ℓ, and let Aq be the set of
reference answers for question q. A prediction y is
marked correct if
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sq(y) =





1, if ∃ a ∈ Aq ∪Aen
q :

L(a, ℓ) ⊆ L(y, ℓ)
0, otherwise

(1)

where Aen
q denotes the English reference answers

and L(a, ℓ) ⊆ L(y, ℓ) requires every lemmatized
token of a to appear in the lemmatized tokens of y.
Accuracy for a locale is

S =
1

|Q|
∑

q∈Q
sq(yq)× 100. (2)

3.2 Track 2: Multiple-Choice Questions
(MCQ)

Our MCQ pipeline proceeds in three sequential
stages: an initial zero-shot chain-of-thought pass,
a majority-voting correction step, and a debate-
based re-prediction step for residual errors.

Stage 1: Zero-Shot Chain-of-Thought Baseline.
The MCQ evaluation set contains 47,014 items
spanning 30 language locales but unlike the SAQ
track, all questions are in English. Table 1 shows
an example for Persian language.

Table 1: Example entries comparing SAQ and MCQ
formats for the Persian (Farsi) locale.

Format Content

SAQ fa-IR_108 دوݿب ሏᇃ؇ً؇ۊچ ༚ڍا۱؇ی ۬༰ اߦߵان در ਵਦدم
ෛຳިرࢾࣖ؟ دارࢾࣖ
en-IR_108 What street food do people from Iran
like to eat?

MCQ fa-IR_0514 What street food do people from
Iran like to eat?
(A) couscous (B) falafel (C) stir-fried rice cakes
(D) tacos

For the initial pass we submitted predictions gen-
erated by gpt-5-mini (Singh et al., 2025a) via the
OpenAI Chat Completions API. We selected this
model for its balance of reasoning capability and
inference cost, the latter being a practical consider-
ation given the scale of the evaluation set.

MCQs were presented to the model in a zero-
shot chain-of-thought prompt (Wei et al., 2023).
The prompt instructed the model to reason step by
step through all four answer candidates before com-
mitting to a final choice. (See Appendix 6.2 for the
full prompt).

The final answer was extracted via a determinis-
tic parsing rule: the first occurrence of a letter in

{A, B, C, D} following the Answer: prefix was
taken as the prediction. If no such prefix was found,
a fallback rule selected the first {A, B, C, D} to-
ken anywhere in the response. In the rare event of
a complete API failure, the system defaulted to A
to ensure a complete submission.

Question-Level Deduplication Cache. Inspec-
tion of the data revealed substantial lexical over-
lap across locales: the same underlying question
stem appears in several locale-specific variants, of-
ten with identical or near-identical wording. To
avoid redundant API calls, we maintained an in-
memory answer cache keyed on the normalized
question string. When a question had been seen
previously, the cached answer text (i.e., the full op-
tion string of the predicted choice) was looked up
among the four options of the current instance; if
an exact string match was found, the correspond-
ing letter was assigned without an API call (a cache
hit). A cache miss - whether because the question
was genuinely new or because the option texts dif-
fered across locales - triggered a fresh API call and
updated the cache entry. This approach eliminated
92.0% of API calls. (See Appendix 6.3 for the full
breakdown).

Stage 2: Cross-Locale Majority Voting. Be-
cause the same question appears across multiple lo-
cales with different distractor sets, the Stage 1 pre-
dictions for a single question stem constitute an im-
plicit ensemble: if the model consistently selects
the same answer text across locales, that answer is
more likely to be correct.

We grouped all rows by their normalised ques-
tion string. Within each group we count how many
times each answer text was selected across locales.
The top answer - the one with the highest selection
count, with ties broken by coverage (number of lo-
cales in which it appears) and then alphabetically -
is treated as the consensus prediction. For any row
in the group where the top answer is present in the
choices but was not selected by Stage 1, we flip the
prediction to the top answer.

To avoid over-correcting on noisy or small
groups we apply two safeguards: (i) groups with
fewer than Kmin = 5 rows are left unchanged, and
(ii) a flip is applied only when the top answer com-
mands at least ρmin = 50% of the votes within the
group.

These thresholds reflect natural majority seman-
tics: ρmin = 0.50 requires the consensus answer to
command an outright majority of votes (i.e. more
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than half), and Kmin = 5 ensures the group is large
enough for that majority to be meaningful.

Majority-voting algorithm (Stage 2)
Input: question groups G, Stage-1 predictions ŷ
for each group g ∈ G do
if |g| < Kmin then skip
compute votes(a) = |{q ∈ g : ŷq = a}|
a∗ ← arg maxa votes(a)
if votes(a∗)/|g| < ρmin then skip
for each q ∈ g where a∗ ∈ choices(q) and ŷq ̸= a∗ do
ŷq ← a∗

Figure 2: Pseudocode for the cross-locale majority-
voting correction (Stage 2). Kmin = 5; ρmin = 0.50.

Stage 3: Debate-Based Re-Prediction. After
majority voting, a set of questions remain un-
changed either because their question group was
too small (|g| < Kmin = 5) or because no sin-
gle answer commanded an outright majority (<
ρmin = 50%). These are the predictions we treat
as low-confidence: the cross-locale signal was in-
sufficient to validate them, making them the most
likely candidates for error. For these residual items
we apply a debate-style re-prediction pass inspired
by Du et al. (2023), who show that having mul-
tiple LLM instances propose and debate answers
over several rounds substantially improves factual-
ity and reasoning.

Unlike prior debate setups that treat the correct
answer as unknown, our setting is asymmetric: we
assume the current prediction is wrong. We there-
fore design a three-agent protocol with three API
calls per question:

1. Agent A (Critic). Given the question, the four
options, and the pre-assumed wrong answer,
Agent A argues why the flagged option is in-
correct and proposes an alternative answer (2-3
sentences).

2. Agent B (Reviewer). Seeing Agent A’s argu-
ment, Agent B either endorses the proposed al-
ternative or advocates for a different option, pro-
viding its own justification (2-3 sentences).

3. Judge. A neutral judge reads both arguments,
is reminded that the originally flagged answer
is (assumed to be) wrong, and selects the single
best remaining option. The judge is instructed
to respond with exactly one letter (A, B, C, or D);
any other output is ignored and the question is
left unchanged.

The full prompt templates for each role are pro-
vided in Appendix 6.4.

Model choice for debate. We use
GPT-OSS-20B (OpenAI et al., 2025) for all
three debate roles. This choice is motivated
by our results on the development set (see Ta-
ble 7 in Appendix 6.5), where we evaluated 16
open-source models across 23 language locales
to identify the strongest candidate for Stage 3.
GPT-OSS-20B achieves the highest overall MCQ
accuracy (89.19%) among the open-source models
we evaluate, outperforming the next best model
(Qwen3-8B, 82.43%) by nearly seven percentage
points. Using the strongest available model for
the debate stage maximises the probability of
recovering the correct answer from an initially
incorrect prediction.

Evaluation Metric. MCQ predictions are evalu-
ated with the official scorer, which reads the ref-
erence file alongside a one-hot prediction file with
columns id, A, B, C, D. For each question, a pre-
diction is counted correct if and only if the column
corresponding to the gold answer is set to 1 and ex-
actly one column is marked; items with no predic-
tion, a malformed one-hot encoding, or a duplicate
ID (resolved by keeping the last occurrence) are
skipped rather than penalised. Accuracy is com-
puted independently for each language_region
by grouping reference items on the locale prefix of
the question ID:

Accℓ =
|{q ∈ Qℓ : ŷq = yq}|

|Qℓ|
× 100, (3)

where Qℓ is the set of questions for locale ℓ, yq
is the gold answer, and ŷq is the predicted answer.
The overall score is the macro-average across all
locales,

Accoverall =
1

|L|
∑

ℓ∈L
Accℓ, (4)

where L is the set of language -region locales.
This is a uniform macro-average: every locale con-
tributes equally regardless of its size, so a locale
with 300 items is weighted identically to one with
3,000. All scores reported in Table 4 follow this
metric.

4 Results
4.1 SAQ Results
Table 2 reports accuracy scores across all locales
for both native-language and English-language
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Table 2: SAQ accuracy (%) per country/region, language, and locale for gpt-4.1 (overall: 55.5%). Each non-
English locale is shown alongside its English-language counterpart (en-*) where available. The four English-native
locales (en-AU, en-GB, en-SG, en-US) appear without an en-* counterpart, as do the three Singapore locales
(ms-SG, ta-SG, zh-SG) which share en-SG.

Country Lang. Locale Native en-* Country Lang. Locale Native en-*
Ethiopia Amharic am-ET 25.2 37.4 Indonesia Indonesian id-ID 73.2 57.8
Algeria Arabic ar-DZ 47.8 53.8 Japan Japanese ja-JP 63.6 48.8
Egypt Arabic ar-EG 53.0 49.6 North Korea Korean ko-KP 46.6 46.2
Morocco Arabic ar-MA 24.0 38.8 South Korea Korean ko-KR 76.4 65.8
Saudi Arabia Arabic ar-SA 53.4 50.6 Singapore Malay ms-SG 72.0 —
India Assamese as-AS 40.4 49.8 West Java Sundanese su-JB 49.2 45.4
Azerbaijan Azerbaijani az-AZ 67.0 60.2 Sweden Swedish sv-SE 63.4 53.4
Bulgaria Bulgarian bg-BG 58.0 49.8 Sri Lanka Tamil ta-LK 29.4 47.4
Greece Greek el-GR 64.8 55.6 Singapore Tamil ta-SG 42.8 —
Australia English en-AU 66.8 — Philippines Tagalog tl-PH 60.0 53.2
United Kingdom English en-GB 73.8 — China Chinese zh-CN 71.4 62.2
Singapore English en-SG 79.8 — Singapore Chinese zh-SG 72.2 —
United States English en-US 75.8 — Taiwan Chinese zh-TW 61.2 51.4
Ecuador Spanish es-EC 63.0 57.4 Iran Persian fa-IR 64.0 58.6
Spain Spanish es-ES 74.8 59.4 France French fr-FR 75.2 61.0
Mexico Spanish es-MX 69.6 58.0 Ireland Irish ga-IE 39.2 53.6
Basque (Spain) Basque eu-PV 48.4 46.0 Nigeria Hausa ha-NG 36.0 32.6

Overall Accuracy: 55.495%

question variants. The system achieves an over-
all score of 55.5%. Performance is strongest on
high-resource locales: en-SG (79.8), ko-KR (76.4),
en-US (75.8), fr-FR (75.2), and es-ES (74.8).
Scores are lowest for ar-MA (24.0), am-ET (25.2),
and ta-LK (29.4), consistent with the performance
gap between high- and low-resource cultures re-
ported in prior BLEND evaluations (Myung et al.,
2024).

For these three lowest-scoring low-resource lan-
guages, English-language question variants score
higher than their native-language counterparts
(e.g., en-ET 37.4 vs. am-ET 25.2; en-MA 38.8
vs. ar-MA 24.0; en-LK 47.4 vs. ta-LK 29.4),
suggesting that the model’s cultural knowledge
might be more reliably surfaced when queried
in English. However, the reverse is true for
az-AZ (67.0 vs. en-AZ 60.2), ko-KR (76.4
vs. en-KR 65.8), and id-ID (73.2 vs. en-ID
57.8), where native-language variants outperform
English-locales for which gpt-4.1 might have
stronger native-language cultural grounding.

Human Evaluation for Persian. Persian’s mor-
phological richness causes lemma-based scoring
to miss semantically correct answers (Iranmanesh
et al., 2026): surface variants such as nan o panir
(ଫଜ਍ಶ و (َ؇ن and noon o panir (ଫଜ਍ಶ و (َިن (“bread and
cheese”) are treated as mismatches despite being
semantically equivalent. To quantify this gap, we
recruited three native Persian speakers who had

lived in Iran for more than half their lifetime, sim-
ilar to how annotators were selected in (Myung
et al., 2024). We asked each annotator to indepen-
dently score all 500 fa-IR SAQ items on a binary
correct/incorrect scale, judging semantic equiva-
lence regardless of surface form. (See annotation
prompt in Appendix 6.6).

As shown in Table 3, pairwise agreement
is moderate (r=0.33-0.39, κ=0.32-0.39; Fleiss’
κ=0.362, all p < 10−13), consistent with the sub-
jectivity of open-ended cultural questions. The
scorer assigns 64.0%, far below the mean human
score of 80.2% and the majority-vote score of
82.2%: a gap of +18.2 pp. The asymmetry is
substantial: in 73/500 items, all annotators agreed
the answer was correct while the scorer marked it
wrong; the reverse occurred in only 6/500 items.
This confirms that lemma matching systematically
under-estimates model performance on Persian,
motivating soft-match scoring (Iranmanesh et al.,
2026) as a complement to the BLEnD pipeline.

4.2 MCQ Results
Table 4 reports MCQ accuracy across all 30 locales.
Our full pipeline ranked first, achieving 97.47%
overall, improving over the Stage 1 zero-shot CoT
baseline by +3.26 pp and ranking first among all
submitted systems on the MCQ track.

Baseline. The zero-shot CoT baseline alone ex-
ceeds 90% on most locales, suggesting that a
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Table 3: Human evaluation on fa-IR (500 items). Top:
inter-annotator agreement (r = Pearson, κ = Cohen’s).
Bottom: per-annotator score and agreement with the
BLEnD scorer; Maj. = majority vote.

Inter-annotator agreement

Pair r κ

A1 vs. A2 0.388 0.385
A1 vs. A3 0.383 0.382
A2 vs. A3 0.328 0.322
Fleiss’ κ (3-way) 0.362

Human evaluation score vs. BLEnD’s evaluation score

A1 A2 A3 Maj.

Score (%) 79.6 83.4 77.6 82.2
Pearson r 0.272 0.293 0.347 —
Agreement (%) 68.8 69.8 71.6 —

False neg. (BLEnD = 0, all human = 1): 73/500 (14.6%)
False pos. (BLEnD = 1, all human = 0): 6/500 (1.2%)
BLEnD’s automatic evaluation scorer: 64.0%

strong general-purpose LLM can resolve cultur-
ally grounded MCQ without culture-specific super-
vision. Unsurprisingly, performance is strongest
on high-resource Western locales (en-GB: 99.17%,
fr-FR: 98.70%) and weakest on low-resource
ones (am-ET: 84.18%, ha-NG: 85.66%, ar-SA:
87.16%), consistent with (Myung et al., 2024).

Pipeline Gains. Majority voting (Stage 2) cor-
rects inconsistent predictions at negligible cost
by exploiting cross-locale redundancy in BLEND.
The debate step (Stage 3) then delivers the largest
gains where they matter most: ar-SA (+11.49 pp),
am-ET (+7.37 pp), el-GR (+5.26 pp), and ar-EG
(+5.17 pp) - all low-resource or culturally distant
locales. This pattern suggests that cultural errors in
these locales reflect genuine knowledge gaps that
single-pass inference cannot recover, but multi-
agent argumentation can. zh-CN is the only locale
to reach a perfect 100% after Stage 3.

MCQ vs. SAQ. The strong MCQ performance
should not be over-interpreted. While MCQ accu-
racy ranges from 89-100%, SAQ accuracy on the
same locales spans 24-80%. LLMs are adept at
identifying the correct cultural answer when it is
present among four options, but fall considerably
shorter when required to generate it from scratch
(see Table 9 in Appendix 6.7). This gap is fur-
ther widened by the SAQ automatic scorer, which
misses semantically correct answers due to surface-
level differences, an issue we confirmed through

Table 4: MCQ accuracy (%) per locale and coun-
try/region. S1: zero-shot CoT (gpt-5-mini); S3: after
majority voting and multi-agent debate. ∆ = S3 − S1.

Locale Country N S1 S3 ∆

am-ET Ethiopia 2863 84.18 91.55 +7.37
ar-DZ Algeria 2600 96.58 98.54 +1.96
ar-EG Egypt 368 91.03 96.20 +5.17
ar-MA Morocco 543 91.53 95.40 +3.87
ar-SA Saudi Arabia 444 87.16 98.65 +11.49
as-AS Assam (India) 2451 88.09 92.78 +4.69
az-AZ Azerbaijan 2297 95.65 99.09 +3.44
bg-BG Bulgaria 648 99.54 99.85 +0.31
el-GR Greece 2734 92.76 98.02 +5.26
en-AU Australia 513 94.54 98.64 +4.10
en-GB United Kingdom 2167 99.17 99.95 +0.78
en-US United States 1942 98.56 99.79 +1.23
es-EC Ecuador 977 98.67 99.59 +0.92
es-ES Spain 1931 96.69 98.91 +2.22
es-MX Mexico 1899 95.42 99.26 +3.84
eu-PV Basque Country 1075 94.23 96.93 +2.70
fa-IR Iran 3699 91.02 93.40 +2.38
fr-FR France 307 98.70 99.35 +0.65
ga-IE Ireland 856 98.48 99.77 +1.29
ha-NG Nigeria 2008 85.66 89.29 +3.63
id-ID Indonesia 1995 94.84 98.35 +3.51
ja-JP Japan 410 91.71 96.34 +4.63
ko-KP North Korea 2185 90.89 94.78 +3.89
ko-KR South Korea 2512 96.14 99.40 +3.26
su-JB Indonesia 2345 94.71 97.95 +3.24
sv-SE Sweden 447 94.41 97.09 +2.68
ta-LK Sri Lanka 1114 97.13 99.55 +2.42
tl-PH Philippines 1327 96.53 98.49 +1.96
zh-CN China 1929 98.50 100.00 +1.50
zh-SG Singapore 428 93.69 97.20 +3.51

Overall 47,014 94.21 97.47 +3.26

human evaluation on fa-IR (Section 4.1).

5 Conclusion
We presented the GUIR system for SemEval-2026
Task 7, achieving 97.47% on the MCQ track (first
place) and 55.5% on the SAQ track. Our results
confirm that a strong general-purpose LLM with
zero-shot CoT already encodes substantial cultural
knowledge, with majority voting and multi-agent
debate providing targeted gains on low-resource lo-
cales. The MCQ-SAQ gap highlights that recog-
nising cultural knowledge is significantly easier
than generating it. While culturally grounded
and language-specific LLMs are a growing re-
search direction, our experiments suggest that
open-source multilingual models cannot yet com-
pete with closed-source state-of-the-art models on
this task; closing this gap remains an important di-
rection for future work.

3554



Limitations
The majority voting step exploits a structural prop-
erty of BLEND, the same question stem appearing
across multiple locales, that may not be present
in other cultural benchmarks. Adapting this stage
to datasets without cross-locale redundancy is an
interesting direction, for instance through cross-
model ensemble voting rather than cross-locale
voting. Our human evaluation is limited to Persian,
motivated by its morphological complexity, but
similar scorer underestimation likely affects other
morphologically rich languages in the benchmark
such as Amharic, Assamese, and Azerbaijani;
a broader multilingual human evaluation study
would provide a more complete picture of lemma-
matching scorer reliability. Finally, our pipeline
depends on proprietary model APIs, which evolve
over time; we release all prompts and pipeline
code to ensure our methodology remains relatively
reproducible even as underlying model versions
change.
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6 Appendix
6.1 SAQ Scoring Tools by Language

Language(s) Tool
Arabic, Greek, Tamil Stanza (Qi et al., 2020)
Japanese MeCab (Kudo, 2006)
Korean KoNLPy (Park and Cho, 2014)
Indonesian,

simplemma (Barbaresi, 2021)

Persian,
Spanish,
French,
Bulgarian,
Tagalog,
Malay
Hausa hausastemmer
Amharic amharicNLP
Azerbaijani Custom stemmer
Irish, Basque PyStemmer (Basque model)

Table 5: Language-specific lemmatization and stem-
ming tools used by the SAQ scorer.

6.2 Zero-shot Prompt Template Used for
MCQ

You are answering a multiple-choice
question. Think through it carefully,
then provide your answer.

Question: {question}
A. {option_a}
B. {option_b}
C. {option_c}
D. {option_d}

Please reason through this question step
by step, considering each option carefully.
Then, provide your final answer as a
single letter (A, B, C, or D) on the last
line, prefixed with ``Answer: ''

Format your response like this:
[Your reasoning here]
Answer: [A, B, C, or D]

Figure 3: Zero-shot chain-of-thought prompt template
used for all MCQ inference. Curly-brace placeholders
are filled with the normalized question and answer op-
tion strings at runtime.
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6.3 API Usage Statistics for Stage 1 MCQ
Inference

Table 6: API usage and caching statistics for Stage 1
MCQ inference across 47,014 questions. The 92%
cache hit rate reflects substantial overlap in prompts
across locales, reducing cost to $3.23 total.

Statistic Value

Total questions 47,014
API calls made 3,781
Cache hits 43,233
Cache hit rate 92.0%
Total cost (USD) $3.23

6.4 Debate Prompt Templates

Agent A - Critic
System:
You are a critical reasoning agent.
You are told that a specific an-
swer to a multiple-choice question
is WRONG. Your job is to explain
why it is wrong and argue for what
the correct answer should be. Be
concise (2-3 sentences).

User:
Question: {question}
Choices: {choices}
The answer ({wrong}):
{wrong_text} has been marked as
WRONG.
Explain why it is wrong and argue
for the correct answer.

Agent B - Reviewer
System:
You are a critical reasoning agent
reviewing another agent’s argument.
You agree the flagged answer is
wrong. Either support the other
agent’s proposed answer or argue
for a better alternative. Be concise
(2-3 sentences).

User:
Question: {question}
Choices: {choices}
({wrong}): {wrong_text} is
WRONG.
Agent A argues: “{arg_a}”
Do you agree with Agent A’s
proposed answer, or is there a
better option? Justify your position.

Judge
System:
You are a neutral judge. Two agents
have debated the correct answer to
a multiple-choice question. A spe-
cific answer has already been as-
sumed to be WRONG. Read both ar-
guments and select the single best
answer from the remaining options.
Respond with ONLY a single letter:
A, B, C, or D. Nothing else.

User:
Question: {question}
Choices: {choices}
({wrong}) WRONG.
Valid options: {valid}
Agent A: “{arg_a}”
Agent B: “{arg_b}”
Which answer is correct? Reply
with one letter only.

Figure 4: Prompt templates for the three debate roles
used in Stage 3. Curly-brace placeholders are filled at
runtime.
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6.5 MCQ Results: Development Phase
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Overall 89.19 82.43 81.08 77.70 77.70 77.03 76.35 76.35 73.65 72.97 68.92 66.22 64.19 61.49 53.38 32.43

ar-EG 85.71 85.71 57.14 71.43 85.71 71.43 71.43 85.71 57.14 57.14 71.43 42.86 42.86 57.14 57.14 57.14
ar-MA 100.00 100.00 100.00 71.43 100.00 100.00 71.43 57.14 85.71 42.86 71.43 42.86 57.14 71.43 57.14 14.29
ar-SA 71.43 42.86 42.86 28.57 57.14 71.43 42.86 57.14 42.86 14.29 28.57 28.57 42.86 28.57 42.86 28.57
bg-BG 85.71 71.43 100.00 85.71 71.43 57.14 85.71 71.43 57.14 71.43 28.57 57.14 85.71 57.14 71.43 0.00
el-GR 100.00 80.00 80.00 100.00 60.00 80.00 100.00 80.00 60.00 80.00 60.00 80.00 60.00 40.00 80.00 40.00
en-AU 100.00 100.00 85.71 85.71 85.71 85.71 85.71 71.43 71.43 85.71 85.71 71.43 85.71 85.71 57.14 57.14
en-GB 100.00 100.00 80.00 80.00 80.00 80.00 80.00 80.00 80.00 100.00 100.00 80.00 80.00 80.00 40.00 60.00
es-EC 100.00 100.00 87.50 75.00 75.00 75.00 75.00 62.50 87.50 62.50 75.00 75.00 25.00 50.00 37.50 12.50
es-ES 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 20.00
es-MX 100.00 100.00 100.00 100.00 100.00 80.00 100.00 100.00 80.00 100.00 100.00 80.00 100.00 80.00 40.00 20.00
eu-ES 85.71 57.14 85.71 85.71 71.43 42.86 57.14 71.43 42.86 57.14 71.43 42.86 28.57 71.43 42.86 28.57
fa-IR 100.00 100.00 100.00 80.00 80.00 80.00 80.00 100.00 80.00 80.00 80.00 80.00 100.00 100.00 80.00 60.00
fr-FR 62.50 37.50 50.00 37.50 37.50 50.00 37.50 37.50 50.00 62.50 75.00 50.00 37.50 37.50 25.00 12.50
ga-IE 57.14 85.71 57.14 100.00 42.86 42.86 71.43 57.14 57.14 57.14 71.43 57.14 57.14 71.43 71.43 42.86
id-ID 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 80.00 40.00
ja-JP 85.71 85.71 85.71 71.43 85.71 85.71 71.43 85.71 85.71 85.71 71.43 71.43 57.14 71.43 57.14 57.14
ko-KR 60.00 40.00 60.00 40.00 60.00 100.00 60.00 40.00 40.00 60.00 20.00 40.00 40.00 20.00 60.00 20.00
ms-SG 100.00 100.00 100.00 100.00 100.00 85.71 100.00 100.00 100.00 100.00 71.43 100.00 71.43 71.43 28.57 28.57
ta-LK 85.71 71.43 85.71 71.43 100.00 85.71 71.43 71.43 71.43 57.14 28.57 57.14 28.57 42.86 42.86 71.43
ta-SG 100.00 85.71 85.71 85.71 57.14 85.71 85.71 100.00 85.71 71.43 71.43 71.43 100.00 28.57 42.86 14.29
tl-PH 87.50 87.50 75.00 75.00 75.00 75.00 75.00 75.00 87.50 75.00 75.00 75.00 62.50 25.00 50.00 12.50
zh-CN 100.00 100.00 80.00 80.00 100.00 80.00 80.00 100.00 100.00 100.00 60.00 80.00 80.00 100.00 60.00 40.00
zh-SG 100.00 85.71 85.71 85.71 85.71 85.71 85.71 85.71 85.71 100.00 85.71 71.43 85.71 71.43 42.86 28.57

Table 7: MCQ accuracy (%) per model and language
locale. Models are sorted by overall score in descend-
ing order. There are 23 language codes and 148 total
questions in the development phase. Bold gold cells
indicate the best-performing model for each language
row.

Language Codes # Questions
tl-PH, fr-FR, es-EC 8
zh-SG, ta-SG, ta-LK, ms-SG, ja-JP, ga-IE, eu-ES, en-AU, bg-BG, ar-SA, ar-MA, ar-EG 7
zh-CN, ko-KR, id-ID, fa-IR, es-MX, es-ES, en-GB, el-GR 5

Table 8: Number of MCQ questions per language code
in Track 2 development phase.
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6.6 Human Evaluation Annotation Prompt

Dear Participant,
Thank you sincerely for volunteering to take part in this
study. Your participation plays an important role in improv-
ing the quality of this research.
This task consists of 500 questions in Persian. The goal of
this evaluation is to assess everyday knowledge related to the
culture, customs, lifestyle, language, and general knowledge
commonly found in Iranian society. Please read each ques-
tion carefully and evaluate the provided answer solely based
on your personal knowledge and cultural experience.
Scoring:

• If the provided answer is fully correct and culturally
valid, enter 1 in the “Score” column.

• If the answer is incorrect, misleading, culturally in-
valid, inappropriate, or irrelevant, enter 0.

Important Notes:

• Please base your evaluation only on your own knowl-
edge and personal judgment.

• Strictly avoid using any external resources such as
Google, books, social media, or AI tools.

• If you are uncertain about an answer, decide based on
the general and common perception within Iranian cul-
ture.

• Please respond carefully and attentively so that the
evaluation results are of the highest quality.

،ሏᇧاா஫ ๤ཇܔب ܔٷٷڎه ی
.ቕቓارୋ଺ݿٲ؇ݿ ᆙᆗچ݄؇َ۬ ݁ޚ؇ܳأ۬ દતا ا෠ຶ؇م ߓߵای ނڎن داوޗܹص ೑ಸ؇ً ؇ᆙᆍ از

دارد. ߑ߯و۱ݷ દતا ܔچڰچب ዛኞٴިد در ዛᔻ݄޳ َگݷ ؇ᆙᆍ ݁ލ؇رܔب
،ሏᇀ؇ٞ ارز દતا ۱ڎف اݿب. ๱ངڣ؇ر زً؇ن ً۬ ߑߵݿݷ ۵۰۰ ނ؇݁ܭ Ⴄၖر દતا
،ሏᆦࣖ زࢾ ݿٴ܂ آداب ورݿިم، ڣݠ۱ٷ܁، ؇ً ਊಾਵਦޔ روزਵਦه داฺྸ ݿٷ۠ݷ
؇ً را ߑߵݿݷ ۱ݠ ً ܳޚڰ؇ اݿب. اߦߵان ༥؇݁أ۬ در ༇ຝرا ሏᇧިᆇᅦ داฺྸ و زً؇ن
෠ູݠً۬ و ๱ཡෛங داฺྸ اݿ؇س ߓߵ ً ๤ཛྷڣ؇ را ۬ ނڎه اراف ༂ੳ؇ى و ா஬ده ݁ޚ؇ܳأ۬ دڢب

ܔٷچڎ. ሏᇀ؇ٞ ارز ۊިد ௤௔ڣݠ۱ٷ
:ሏሃا݁ٺچ؇زد ොຶިه

ଫଊ݁أٺ ௤௔ڣݠ۱ٷ َޙݠ از و ොේچں ً ఈః݁Ⴄၖ ߑߵݿݷ ً۬ ۬ ނڎه اراف ༂ੳ؇ى ா஫ا •
ܔٷچڎ. وارد «ا݁ٺچ؇ز» ݿٺިن در را 1 ༟ڎد اݿب،

؇ٞ َ؇݁ٷ؇ݿص، ،ଫଊ݁أٺ؇َ ௤௔ڣݠ۱ٷ َޙݠ از ᆇᅚݠاه ܔٷٷڎه، َ؇درݿب، ༂ੳ؇ى ா஫ا •
ܔٷچڎ. وارد را 0 ༟ڎد اݿب، ਊಾਵਦଫଜ༚ޔ

:ܾዛᔻ Ⴄႆَت

ا෠ຶ؇م ๱ཡෛங ڢݯ؇وت و داฺྸ اݿ؇س ߓߵ ڣگޔ را ۊިد ሏᇀ؇ٞ ارز ً ܳޚڰ؇ د۱چڎ.•
ނٴᄊᄅ ۱؇ی ঺ছ؇ب ۱؇، ،႟ၕި ܓ ݁؇਍಻ڎ ሏᇚر؇༠ ݁ٷٴؕ ۱ݠܓިَ۬ از اݿٺڰ؇ده از •

ܔٷچڎ. ۊިدداری ً ༥ڎا ሏᇼި݁ݱٷ ۱ިش اߓ߳ار۱؇ی ؇ٞ ،ሏᇼ؇݄اۏٺ
در ༇ຝرا و উ႓ၖ ߓߵداނب اݿ؇س ߓߵ دار࣎ࣖ، ߙߵد࣎ࣖ ༂ੳ؇ى ݁ިرد در ா஫ا •

ܔٷچڎ. ّݱ݄ࡰࡲ ܓଫଜی اߦߵان ሏᇧިᆇᅦ ڣݠ۱ٷ܁

ܔچڰچب દતߙߵ৖৑؇ً از ሏᇀ؇ٞ ارز ༇ຝ؇ਐ಻ ؇ّ د۱چڎ ༂ੳ؇ى ஼஬ݠஓ஄ و دڢب ؇ً ً ܳޚڰ؇ •
ً؇ނڎ. ߓߵۊިردار

Figure 5: Annotation instructions provided to Persian-
speaking human evaluators: English (left) and original
Persian (right).
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6.7 SAQ vs. MCQ Failure Examples for
Persian

Table 9 shows two Persian examples with identical
questions where MCQ is correct but SAQ is not,
illustrating distinct failure modes of open-ended
generation. In the first, the model hedges by nam-
ing both rival teams ߑߵݿٲިܳྱݴ) و ,اݿٺگఈఃل “Esteghlal
and Persepolis”), semantically correct but failing
lemma matching, while MCQ forces a single cor-
rect choice. In the second, the model generates the
wrong answer in SAQ format, yet identifies the cor-
rect choice in MCQ format.

Table 9: Persian examples where MCQ is correct but
SAQ is not.

Track Question Prediction Gold ✓/×

MCQ What is the most popular sport team in Iran?
(A) america (B) mc algiers (C) persepolis (D) real madrid

persepolis persepolis ✓

SAQ اݿب؟ ᄕჳام ๱ཇورز ّࡰࡲ દતٴިب ߙߵො੼ دراߦߵان ߑߵݿٲިܳྱݴ و اݿٺگఈఃل persepolis ×

MCQ Which one of the daily meals is commonly shared with family
members in Iran?
(A) breakfast (B) dinner (C) morning (D) snacks

dinner dinner ✓

SAQ ً۬ ༠؇َިاده ا؜ݯ؇ی ؇ً ً ৖৑ި݄݁أ روزاَ۬ ሏᇓڍا༚ و༟ڎه ۱؇ی از ٞ܂ ᄕჳام دراߦߵان
ሏᇧ ނިد؟ ᄔჲاނٺ۬ اނଫଐاک

َ؇۱؇ر (lunch) dinner ×
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