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Abstract

We present our shared task on evaluating the
adaptability of LLMs and NLP systems across
multiple languages and cultures. The task data
consist of an extended version of our manu-
ally constructed BLEnD benchmark (Myung
et al., 2024), covering more than 30 language—
culture pairs, predominantly representing low-
resource languages spoken across multiple con-
tinents. As the task is designed strictly for
evaluation, participants were not permitted to
use the data for training, fine-tuning, few-shot
learning, or any other form of model modifica-
tion. Our task includes two tracks: (a) Short-
Answer Questions (SAQ) and (b) Multiple-
Choice Questions (MCQ). Participants were
required to predict labels and were allowed to
submit any NLP system and adopt diverse mod-
elling strategies, provided that the benchmark
was used solely for evaluation. The task at-
tracted more than 140 registered participants,
and we received final submissions from 62
teams, along with 19 system description pa-
pers. We report the results and present an
analysis of the best-performing systems and
the most commonly adopted approaches. Fur-
thermore, we discuss shared insights into open
questions and challenges related to evaluation,
misalignment, and methodological perspectives
on model behaviour in low-resource languages
and for under-represented cultures.

1 Introduction

The global deployment of LLMs and NLP sys-

tems necessitates cultural adaptability in both mul-

tilingual and English settings (Adilazuarda et al.,
“Work done while the author was at Cardiff University.

'Our data and resources are available at https: //github.
com/BLEnD-SemEval2026/SemEval-2026-Task-7.
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Figure 1: Data creation pipeline: recruitment of local
speakers for annotation, native-speaker quality control
without the use of LLMs or search engines, and exten-
sion to 17 additional languages.

2024; Pawar et al., 2024; Liu et al., 2025). How-
ever, such models often exhibit substantial limi-
tations in culture-specific knowledge, particularly
when handling under-resourced languages or non-
Western regions. They tend to generate responses
that reflect Western-centric perspectives (Durmus
et al., 2023; Koto et al., 2024; Naous et al., 2024)
or reproduce stereotypes present in their training
data (Navigli et al., 2023; Zhou et al., 2023; Kaneko
et al., 2024; Zhou et al., 2024). Existing bench-
marks (Kim et al., 2024; Son et al., 2024; Fung
et al., 2024; Koto et al., 2024) predominantly rely
on monolingual datasets or online resources such as
Wikipedia, which often fail to capture the nuanced
realities of everyday life across diverse cultural
contexts. To address this limitation, we extend our
previously developed BLEnD benchmark (Myung
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Figure 2: Language—culture pairs represented in
our BLEnD benchmark. Africa: Arabic (Algeria,
Egypt, Morocco), Amharic (Ethiopia), Hausa (Northern
Nigeria). Asia: Assamese (Assam, India), Azerbaijani
(Azerbaijan), Mandarin (China), Indonesian (Indone-
sia), Javanese (West Java, Indonesia), Persian (Iran),
Korean (North and South Korea), Arabic (Saudi Ara-
bia), Japanese (Japan), Tagalog (Philippines), Tamil (Sri
Lanka, Singapore), Taiwanese Mandarin (Taiwan), Sin-
gaporean Mandarin and Malay (Singapore). Australia:
English (Australia). Europe: Greek (Greece), Span-
ish (Spain), English (UK), French (France), Bulgarian
(Bulgaria), Swedish (Sweden), Irish (Ireland), Basque
(Basque Country).

et al., 2024), as shown in Figure 1, to 33 language—
culture pairs listed in Figure 2. Specifically, the
original BLEnD includes: Amharic (Ethiopia, am-
ET), Arabic (Algeria, ar-DZ), Assamese (Assam,
India, as-AS), Azerbaijani (Azerbaijan, az-AZ),
Greek (Greece, el-GR), English (United Kingdom,
en-GB; USA, en-US), Spanish (Spain, es-ES; Mex-
ico, es-MX), Persian (Iran, fa-IR), Hausa (North-
ern Nigeria, ha-NG), Indonesian (Indonesia, id-
ID), Korean (North Korea, ko-KP; South Korea,
ko-KR), Javanese (West Java, Indonesia, su-JB),
and Mandarin (China, zh-CN). For this shared
task, we added extensions for Arabic (Egypt, ar-
EG; Morocco, ar-MA; Saudi Arabia, ar-SA), Bul-
garian (Bulgaria, bg-BG), English (Australia, en-
AU; Singapore, en-SG), Spanish (Ecuador, es-EC),
Basque (Basque Country, eu-PV), French (France,
fr-FR), Irish (Ireland, ga-IE), Japanese (Japan, ja-
JP), Swedish (Sweden, sv-SE), Tamil (Sri Lanka,
ta-LK; Singapore, ta-SG), Tagalog (Philippines, tl-
PH), Singaporean Mandarin (Singapore, zh-SG),
Taiwanese Mandarin (Taiwan, zh-TW), and Malay
(Singapore, ms-SG).

As our objective is to evaluate cultural adaptabil-
ity across languages, BLEnD was used by partici-
pants exclusively for validation and testing and was
withheld from system training to ensure that the
results genuinely reflect a model’s ability to gen-
eralise to unseen and culturally diverse contexts.

Track A: SAQ

Q (in French):

Ou est-ce que les étudiants universitaires déjeunent en France ?
Q (Translation):

Where do university students have lunch in France?

Ans: CROUS

BLEnD

Track B: MCQ

Question: What is the most popular sport played in a team at school in
Egypt?

VA. Football

X B—basebalt

X GHfield-hoekey

X Bruitimatefrisbee

Figure 3: Examples of a short answer question (Track
A) and a multiple-choice question (Track B) from our
BLEnRD dataset.

Our task includes two tracks: (a) Short-Answer
Questions (SAQ), and (b) Multiple-Choice Ques-
tions (see examples in Figure 3). Participants could
submit answers and compete in one or both tracks
and in any language(s) of their choice. Our task
attracted over 140 participants, with 62 final sub-
missions and 19 teams submitting system descrip-
tion papers. Track B (MCQ) received the high-
est number of submissions, followed by Track A
(SAQ), with most teams participating in multiple
languages. We discuss the results and adopted
approaches, as well as additional qualitative in-
sights into the evaluation process, model behaviour,
and design choices when tackling low-resource lan-
guages.

2 Data

We extend the BLEnD benchmark (Myung et al.,
2024) by involving language leads as core team
members, as shown in Figure 1. Each language lead
recruited at least five native speakers to provide
answers to language-specific questions. Below, we
describe the process used to construct the newly
added datasets.

2.1 Data Collection

BLEnD data instances consist of question—answer
pairs. Answers are either short free-text responses
(Track A) or multiple-choice options (Track B).

Initial BLEnD dataset construction To build
the original BLEnD dataset, we recruited native
speakers to create culturally grounded questions
and answers across specific topics (food, sport,
work life, family, education, and traditional hol-
idays, celebrations, and leisure). Annotators were
instructed to:
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* write questions reflecting their cultural or
country-specific background, or requiring
common sense within that cultural context
(e.g., When do people from [region X] typi-
cally have dinner? Please provide a time in
HH:MM format, e.g., 20:00.);

avoid purely factual or yes/no questions, and
ensure diversity in question types (e.g., Do
people celebrate Chinese New Year in [region
X]?);

cover a broad range of subtopics;

avoid stereotypical questions (e.g., Who usu-
ally does the house chores in [region X]?), as
these would be removed if identified later.
Answers had to be concrete and specific, using pre-
cise concepts, named entities, or time references
where relevant. As some questions required cul-
tural knowledge or common sense, there were cases
with no objectively correct or incorrect responses,
and multiple answers were acceptable. That is,
each annotator could provide up to three answers,
which were required to reflect the annotator’s own
cultural background. All questions and answers
were written independently. Annotators were in-
structed not to use LLMs or search engines. Except
for US and GB English, questions were translated
into the respective local languages by native speak-
ers. This process resulted in a dataset of 15,000
short-answer questions.

Dataset extension The extended benchmark cov-
ers 33 datasets curated and annotated by native
speakers. Each lead for the additional 17 language—
culture pairs recruited five local speakers who had
spent at least half of their lives in that region. All
teams followed the same guidelines to ensure con-
sistency and comparability across languages and
cultural contexts. The extension to 17 additional
languages was carried out by translating the En-
glish versions of the original BLEnD questions
into the target languages (e.g., Tagalog, Japanese),
except for Australian English, Ecuadorian Span-
ish, and Arabic variants (Egyptian, Moroccan, and
Saudi). In these cases, the original English, Span-
ish, or Modern Standard Arabic questions were
adapted to the respective country contexts. For ex-
ample, “What is the most common snack for school
children in the U.S.7” was adapted by replacing the
U.S. with Australia.

Answer collection Annotators were required to
provide short answers to the questions based on
their own cultural perspective. All responses had

to be written in their native language and reflect
their cultural or country-specific background. An-
swers were required to be brief and concrete. An-
notators were encouraged to use precise concepts,
named entities, and time references where appropri-
ate. There were no objectively correct or incorrect
answers. Each question had to receive at least one
primary answer; additional answers could be pro-
vided where appropriate. All answers had to be
produced independently, without consulting LLMs
or search engines. Annotators could select “no an-
swer”, “idk” (I do not know), or “does not apply to
my culture” if the question was not applicable (e.g.,
a question about the Mid-Autumn Festival posed
to a Bulgarian annotator).

2.2 Quality Control
2.2.1 Annotator recruitment

A pre-test consisting of 30 questions was used for
qualification, and attention-check questions were
included throughout the annotation task. For high-
resource languages with strong representation on
Prolific (Japanese, French, and Australian English),
we used the platform to collect answers, and par-
ticipants were required to provide demographic in-
formation to verify that they met the study criteria.
By contrast, for low-resource languages, language
leads recruited annotators directly, as native speak-
ers of these languages are under-represented on
Prolific.

2.2.2 Aggregation

Language leads assessed answers based on whether
they addressed the question. For quality control:

* Responses were aggregated by merging iden-
tical or similar answers into a single category
(e.g. “apple” and “apples”). Specifically:

— minor spelling, wording, grammatical, or
tonal variations were normalised;

— hierarchical categories (e.g. “fruit” vs.
“mango’) were treated as distinct con-
cepts and assigned to different groups.

* For questions with no answer or those that
were inapplicable to specific language—culture
pairs, responses were retained as such.

* Answers that did not appropriately address the
question (e.g., the question asks about a fruit
and the annotator answers “noodles’”) were
discarded.

English translation Answers were translated
into English using a translation tool, then man-
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ually reviewed by a native speaker and corrected
where necessary. Where relevant, multiple English
translations or notational variants were provided.

Synonyms Annotators listed alternative forms in
their language referring to the same concept (i.e.,
synonyms), separated by line breaks. For exam-
ple, if “durén” appeared, alternative forms such
as “duren” (without tone marks) or “buah duren”
(durian fruit) were listed. If a synonym already
appeared among the answers for that question with
the same group number, it was not listed again.

2.2.3 MCQ verification

Annotators received automatically generated files
containing multiple-choice questions and answer
options. They reviewed each question—answer pair
to ensure that the designated correct answer was
the only correct option. If a question had more
than one correct answer, it was flagged for removal.
If all answer options were incorrect, annotators
could add a comment or propose a more appro-
priate answer. If alternative options were clearly
better than the proposed ones, improvements could
be suggested in the comments.

3 Task Description

Track A: Short-Answer Questions (SAQ). Par-
ticipants submit systems aimed at generating an-
swers to short-answer questions. We assess their
ability to generate accurate responses while ac-
counting for cultural and linguistic diversity. This
track includes two variants: (1) an English variant,
in which answers are provided in English; and (2)
a native-language variant, in which answers are
provided in the original language.

Track B: Multiple-Choice Questions (MCQ).
Participants submit systems aimed at answering
questions provided in English for each target coun-
try or region. We evaluate the ability of the sys-
tems to select the culturally appropriate answer for
each target region. In this track, each question in-
cludes four answer options, each representing a
cultural perspective from a different country or re-
gion. The correct answer corresponds to the option
that received the highest number of votes for the
corresponding region during data collection.

3.1 Evaluation Metrics

Track A: SAQ We evaluate submitted responses
by comparing them against gold-standard answers

using exact matching, complemented by language-
specific normalisation techniques. These include
lemmatisation and stemming for highly inflectional
languages (e.g., Arabic), as well as accent removal
for languages such as Spanish, French, and Greek.
This approach accounts for linguistic variation and
ensures better alignment between human annota-
tions and model outputs. Note that we intention-
ally do not use semantic similarity metrics, as, in
culturally sensitive contexts, responses that are
semantically similar may still be incorrect (e.g.,
“having a croissant for breakfast” versus “having
cake/bread”). Despite its limitations, exact match-
ing provides a more reliable measure of correctness
in this setting.

Track B: MCQ We evaluate whether submitted
responses match the gold answers (i.e., the correct
option for each question). In general, models are
expected to achieve higher performance on MCQ
than on SAQ, as selecting from predefined options
is less challenging than generating free-form an-
SWers.

4 Evaluation

Our task attracted more than 140 registered par-
ticipants, with more than 880 submissions in total.
The official results in Tables 1 and 2 include the
ranked final submissions of the teams that submit-
ted a system description paper.

4.1 Overview

We note that the MCQ track (B) received the high-
est number of submissions, while the SAQ track
(A) was the most challenging. Most teams submit-
ted models for a wide range of languages, including
underserved ones, which were comparable in terms
of popularity. We received final official submis-
sions from 22 different teams. Performance varies
considerably across languages. To ensure fairness,
we report the best results on the newly constructed
datasets in the main text, as some LL.Ms may have
been fine-tuned on our BLEnD benchmark, which
was publicly released in 2024.

Baselines To establish reference performance,
we evaluate two LLM baselines: GPT-4.1 (Ope-
nAl et al., 2024) and Qwen3-2 (Bai et al., 2023).
Both models are prompted in zero-shot settings
using simple task-specific instructions. For the
short-answer question (SAQ) task, the models are
instructed to produce a single concise answer with-
out explanation. Similarly, for the multiple-choice
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Team ar-EG en-EG ar-MA en-MA ar-SA en-SA eu-PV en-PV bg-BG en-BG zh-SG en-AU fr-FR en-FR ga-IE en-IE
1. king001 60.4 62.2 32 47.8 56.4 57.4 56.4 51.6 57.8 57 78 71.4 726 64 48.8 | 59.4
GPT4.1 64.6 582 31.2 434 614 54.4 46 53.6 60.2 57 80.8 72 78.6 67.4 41 60

2. K-NLPers 53.2 52.8 [ 36.4 36.4 46.8 46.6 44 42 48.4 476 744 68 71.6 58.2 | 54.8 54.4
3. GUIR 53 49.6 24 38.8 53.4 50.6 48.4 46 58 49.8 722 66.8 | 75.2 61 39.2  53.6
Qwen3-2 56 52.6 28.8 36 50.4 49.2 31.4 47.6 50 48.6 73.8 66 71.6 59.8 24.2 51.6
4. LocuPrompt 48 59.6 13.4 24.4 40 50.8 54.6 | 53 34.6 35 64.6 70.2 64.8 59.2 48.8 52

5. wangkonggiang 44.6 52.2 19.2 35.8 49.2 48.8 43.2 40.2 48 50 77.6 68 70.6 56.4 32.8 56.6
6. FLANS 22.6 34.4 10 25.6 214 34 0 21.8 26 32.8 0.2 36.4 36 40 9.4 41.4
7. Agentic 26 - 9.8 - - - 3.8 - 21.8 - 50.2 48.6 44.4 - 9.2 -

ginchihongye 57.4 57.8 30.6 47.6 57.2 56 58.2 50.4 59.2 55.2 728 68.2 73.2 61.2 46.2 59.2
rustycoder 48.2 49.6 28.4 35.6 49.4 48.6 33.4 40.6 472 49.6 774 70.2 658 54 45.8 51.8
fedikallel 40 45 22.8 322 45.6 40.6 43 37.2 53.4 454 68.6 65 67 49.8 35.6 45

alexrobertson4 18.8 188 56 514 7.8 7.8 12 12 52 52 144 122 60.8 69.2 124 124
Team ja-JP en-JP ms-SG zh-TW en-TW es-EC en-EC sv-SE en-SE tl-PH en-PH ta-SG ta-LK en-LK en-SG Avg
1. king001 68.2 56.2 79.4 622 54.8 69.8 58.6 62.8 56.8 58.4  63.6 51 36 52.2 82.2 59.5
GPT4.1 66.4 54 76.6 63.4 574 53.2 61.2 61.6 59 64.4 61.2 65.2 38.6 474 85.2 59.5
2. K-NLPers 63.6 49.4 80.4 60.4  54.8 51.4 46.6 54.4 51.4 60 56.8 | 79.2 43.2 43.2 77.8 55.1
3. GUIR 63.6 48.8 72 61.2 51.4 63 57.4 1 63.4 53.4 60 53.2 42.8 29.4 474 79.8 54.4
Qwen3-2 65 50.6 67 57 51.2 55.4 51.8 57.2 526 52 56 44.6 33.4 43 79 52

4. LocuPrompt 54.8 51.6 64.2 29.2 51.2 54.6 524 40 37 56.4 53.6 47.2 26.4 314 74 48.3
5. wangkonggiang 60.8 52.6 66.4 63 46.6 59.6 40.6 57.8 51.2 524 56.6 24.8 13.4 42 79.8 50.3
6. FLANS 28.2 354 264 O 324 226 314 0.2 36.8 23 40 0.2 0.2 302 61 24.5
7. Agentic 28.4 - 43.4 34.6 - 26.8 - 29.4 - 28.2 - 16.4 4 - 53.8 28.2
ginchihongye 66.6 54.6 75.2 64.8 54.8 66.8 57 62.8 57.8 57.6 59.4 53.2 374 48 79.6 58.3
rustycoder 64.4 47.8 584 66.8 50.2 55.6 488 57.8 51 55 50.2 33.6 31 41.2 77.8 51.1
fedikallel 61 43.8 65.2 60.4 49.2 53.4 414 55 42.4  52.2 48.2 57.6 324 39.8 724 48.7
alexrobertson4 17.4 64.2 144 154 154 3.8 3.8 146 14.4 - - 14.4 84 82 144 184

Table 1: SAQ evaluation scores across language-region pairs on the newly constructed BLEnD datasets, along
with two baselines (GPT-4.1 and Qwen3-2): Arabic (EG, MA, SA), English (EG, MA, SA, PV, BG, AU, FR, IE, JP,
TW, EC, SE, PH, LK, SG), Basque (PV), Bulgarian (BG), Chinese (SG, TW), French (FR), Irish (IE), Japanese (JP),
Malay (SG), Spanish (EC), Swedish (SE), Tagalog (PH), Tamil (SG, LK), and average (Avg). The best-performing
results are highlighted in blue, and cells are highlighted in orange when an LLM baseline outperforms the submitted
systems. Only teams with names in bold (i.e., those that submitted system description papers) are ranked; their

citations can be found in the Appendix.

question (MCQ) task, the models are asked to select
one option from the provided alternatives (A—D)
without additional explanation.

4.2 Track A (SAQ) Results
4.2.1 Best-Performing Systems

Team king001 Team king001 (Jin et al., 2026)
implemented a Retrieval-Augmented Generation
(RAG) architecture for cross-lingual cultural ques-
tion answering. The system first parses each query
to identify key elements, including the target region,
question type, and core semantic intent. It then
encodes both the query and knowledge-base docu-
ments using embeddings to retrieve the top-k most
relevant region-specific cultural knowledge frag-
ments via vector similarity search. The retrieved
passages are combined with the original query and
provided to GPT-5. 2-chat, which is prompted to
generate concise responses that are both factually
grounded and culturally and linguistically appro-
priate for the target region.

Team K-NLPers Team K-NLPers (Song et al.,
2026) proposed a multi-agent framework based on

a continent-level debate architecture that leverages
culture-specific performance differences rather
than relying on a single model. For the short-
answer question answering task, their system uses
three agents: a general-purpose model, a continent-
specific model, and a country-level or culturally
adjacent model. These agents generate answers
independently, iteratively refine each other’s out-
puts, and finally produce a decision through an
adjudication stage that selects the most appropriate
response.

Team LocuPrompt Team LocuPrompt (Ning,
2026) prompted locale-specific models and se-
lected the best-performing LLM for each locale
from a diverse pool, including Llama 3, Qwen,
DeepSeek, GPT-5, and Gemini. Questions were
first answered in English using culturally grounded
prompts and subsequently back-translated into the
target language. The team show that the Google
Translate API helps improve performance for low-
resource languages such as Irish and Basque. They
further conducted a qualitative analysis on ran-
domly sampled outputs and reported common
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Team ar-eG

ar-MA ar-SA bg-BG en-AU es-EC eu-PV

1. GUIR 91.03  91.53 87.16 @ 99.54 94.54 98.67 94.23
2. uir-cis-7 96.74 83.98 91.89 99.54 90.06 98.36 97.12
3. Pinetree 94.57 81.95 93.02 98.77 93.18 | 99.28 91.63
GPT4.1 94.29 84.90 89.41 99.23 90.25 99.18 93.21
4. K-NLPers 91.03 80.85 81.31 95.68 92.59 98.57 90.79
Qwen3-2 89.95 78.45 82.21 96.76 92.20 96.83 91.07
5. DFKI-MTL 94.84 79.93 80.41 94.60 90.84 97.54 87.16
6. wangkongqiang 93.21 76.43 80.86 92.90 84.41 96.52 87.72
7. Models without Borders 83.42 72,56 71.17 89.97 80.90 92.94 83.26
8. Agentic 85.05 75.69 68.92 88.58 80.70 90.07 80.65
9. CultRAG 80.43 76.98 T74.32 87.81 82.65 86.28 78.98
10. LocuPrompt 73.91 67.59 74.77 75.31 86.94 92.94 76.37
11. Simorgh 68.75 63.35 61.04 81.94 84.99 90.28 75.53
12. FLANS - - - - 71.54  90.58 -
Verbanex Al 7.60 2.20 6.00 10.00 31.60 5.20 1.00
UTD-HLT - - - - - - -
rustycoder 93.21 87.66 90.09 99.69 92.01 98.26 92.74
fedikallel 92.39 82.87 79.50 96.91 90.64 95.19 90.60
narjes - - - - 78.95 - -
Team fr-FR ga-1E ja-JpP sv-SE ta-LK t1-PH zh-SG Avg
1. GUIR 98.70 98.48 91.71 94.41 @ 97.13 96.53 93.69 | 94.81
2. uir-cis-7 97.72 96.26 87.32 94.63 96.86 94.35 | 95.09 94.28
3. Pinetree 98.05 94.98 86.83 93.74 93.54 91.79 92.29 93.12
GPT4.1 97.39 91.12 89.02 92.39 92.72 91.48 92.99 92.69
4. K-NLPers 96.09 91.24 85.85 87.47 95.96 88.47 91.82 90.55
Quen3-2 96.42 87.38 87.80 87.92 91.92 86.51 88.78 89.59
5. DFKI-MTL 93.81 90.89 88.78 82.55 94.61 84.10 88.32 89.17
6. wangkongqiang 93.16 87.62 84.15 89.04 91.38 80.48 87.62 87.54
7. Models without Borders 88.60 75.12 77.56 84.56 87.79 75.96 87.62 82.25
8. Agentic 86.64 84.58 80.24 78.08 84.74 72.04 84.11 81.44
9. CultRAG 86.64 87.50 80.98 79.87 89.77 T7.77T 88.08 82.72
10. LocuPrompt 86.32 80.72 84.15 T71.36 81.69 70.16 81.07 78.81
11. Simorgh 78.83 85.63 78.05 68.23 84.56 77.84 79.21 77.02
12. FLANS - - - - - - 83.41 81.84
Verbanex Al 20.40 0.20 8.20 13.60 3.20 14.60 19.40 10.23
UTD-HLT - - 86.34 - - - - 86.34
rustycoder 98.70 96.73 89.76 92.39 96.32 93.59 93.93 93.93
fedikallel 95.44 88.32 85.85 87.47 90.39 81.46 88.32 88.95
narjes - - 75.37 - - - - 77.16

Table 2: MCQ evaluation scores across language-region pairs on the newly constructed BLEnD datasets
along with two baselines (GPT4. 1 and Qwen3-2): Arabic (EG, MA, SA), English (AU), Basque (PV), Bulgarian
(BG), Chinese (SG), French (FR), Irish (IE), Japanese (JP), Spanish (EC), Swedish (SE), Tagalog (PH), Tamil
(LK), overall. The best-performing results are highlighted in blue, and cells are highlighted in orange when an
LLM baseline outperforms the submitted systems. Only teams with names in bold (i.e., those that submitted system
description papers) are ranked; their citations can be found in the Appendix.

model overgeneralisations (e.g., stereotypes related  cluding Arabic variants (EG and SA), Basque, Bul-

to Japanese culture).

4.2.2 Takeaways

In Track A (SAQ), we observe strong performance
from our simple GPT-4.1 baseline, which outper-

garian, Chinese (Singapore), French, Irish, Man-
darin (Taiwan), Tagalog, and English (Australian
and Singaporean). Interestingly, the top system
achieves overall performance comparable to the
GPT-4.1 baseline, with only slight improvements.

forms submitted systems in several languages, in- Submitted systems typically generated short
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free-text responses using models such as Gemini,
GPT, Qwen, DeepSeek, or LLaMA. Many approaches
placed strong emphasis on prompt engineering by,
for example, framing prompts from the perspective
of a local resident. Systems also incorporated mul-
tilingual strategies, including pivot translation or
direct prompting in the target language, as well as
strict formatting controls, such as 1-3 word answer
constraints, deterministic decoding, and grammar-
checking post-processing.

Several submissions further adopted ensemble or
multi-agent debate frameworks, in which general-
purpose and region-specific models produced can-
didate answers that were aggregated through voting
mechanisms or a judge model. Some teams also ex-
plored fine-tuning approaches, such as LoRA with
synthetic training data, while a smaller number in-
vestigated more experimental techniques, such as
activation steering using language vectors.

Only a few teams focused on a limited subset of
languages (e.g., HausaNLP for Hausa; Adam et al.,
2026) or explicitly incorporated language-specific
knowledge into their methodological design.

4.3 Track B (MCQ) Results

4.3.1 Best-Performing Systems

Team GUIR Team GUIR (Iranmanesh et al.,
2026) built a three-stage pipeline for the MCQ
task: (1) zero-shot chain-of-thought inference us-
ing GPT-5-mini, (2) cross-locale majority voting
to correct inconsistent predictions, and (3) a multi-
agent debate protocol in which three LLM in-
stances argue over and adjudicate remaining er-
rors. This pipeline achieved 97.47% overall accu-
racy across 30 locales, ranking first among all sub-
mitted systems in the MCQ track. The team also
conducted a targeted human evaluation for Farsi
(Iran) to highlight limitations of lemma-based eval-
uation for morphologically rich languages such as
Persian. They reported that the lemma-matching
scorer systematically underestimated model perfor-
mance, with human annotators rating the system
18 percentage points higher.

Team K-NLPers Team K-NLPers (Song et al.,
2026) applied a continent-based multi-agent de-
bate framework similar to their approach in Track
A. However, due to the simpler structure of the
MCAQ task, their system relied primarily on high-
performing general-purpose models and a stream-
lined debate protocol to reach the final decision.

Team uir-cis-7 Team uir-cis-7 (Gao et al., 2026)
addressed the challenge by proposing a zero-shot
Chain-of-Thought (CoT) framework that uses a
reasoning-focused LLM configured with locale-
conditioned personas to evaluate answer options
before selecting the final response. Answer extrac-
tion was handled through a multi-stage regex-based
strategy designed to ensure robust option format-
ting. The team also implemented a highly concur-
rent asynchronous pipeline to support large-scale
inference. Their analysis highlights cultural blind
spots in African and Middle Eastern contexts.

Team Pinetree Team Pinetree (Yam and Yam,
2026) developed a multiple-choice reasoning sys-
tem using models from the Qwen series together
with DeepSeek-V3.2-Exp. The models generate
the option they consider correct based on care-
fully designed prompts. The prompt incorporates
lightweight behavioural constraints intended to mit-
igate common failure modes observed during de-
velopment. In particular, the system encourages
the model to prioritise widely practised everyday
behaviours, favour nationally salient norms when
regional variation exists, avoid selecting answers
based purely on lexical overlap with the question,
disregard exaggerated stereotypes unless they re-
flect genuine mainstream practices, and focus on
contemporary everyday behaviour rather than his-
torical or ceremonial customs. The team also pro-
vides an expanded error analysis and a taxonomy of
cultural misalignments based on more than 5,000
cases.

4.3.2 Takeaways

Similar to the SAQ track, our GPT-4.1 baseline
performs strongly. However, it is generally slightly
outperformed by the top teams (GUIR (Iranmanesh
et al., 2026), uir-cis-7 (Gao et al., 2026), and Pine-
tree (Yam and Yam, 2026)).

We note that while most teams experimented
with multiple LLMs and languages, some submis-
sions focused on specific models or languages (e.g.,
FLANS; Bogdanova et al., 2026). Furthermore,
most teams relied on standard prompting strate-
gies combined with different large language mod-
els. Systems typically used instruction prompting,
light reasoning prompts (e.g., Chain-of-Thought),
and structured answer extraction to ensure valid
A/B/C/D outputs.

Across submissions, prompting and Retrieval-
Augmented Generation (RAG) approaches domi-
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nated system design, with region-aware prompting
emerging as the most common strategy, e.g., teams
LocuPrompt (Ning, 2026) and Howard University
(Adjei and Aryal, 2026). Other teams explored
complementary approaches, including persona-
based prompting (e.g., teams UTD-HLTRI (Rah-
man et al., 2026) and uir-cis-7 (Gao et al., 2026)),
intent-conditioned prompting (e.g., team CultRAG
(Singh and Das, 2026)), and data augmentation
techniques (e.g., teams DFKI-MLT (Al Ghussin
et al., 2026) and Agentic (Yao and Yang, 2026)).

5 Discussion

Beyond system performance, several teams con-
ducted additional analyses that provide valuable
insights into model limitations, cultural biases, and
evaluation challenges, which we summarise below.

Evaluation Challenges We observed marked
differences in SAQ performance scores across
language—culture pairs when comparing scores
achieved on the earlier version of our BLEnD
benchmark with those on the newly extended
datasets. Given the high performance reported
by some teams, we considered the possibility of
data contamination,; it is plausible that Gemini and
GPT-5 had been fine-tuned on earlier versions of
our BLEnD benchmark. This is particularly evi-
dent as some submissions achieved perfect scores
in certain locales (e.g., zh-CN by teams king001
and LocuPrompt) and near-perfect scores in oth-
ers, such as am-ET and ar-DZ. In the main text,
we report the best results on the newly constructed
datasets, acknowledging that some LL.Ms may have
been fine-tuned on our BLEnD benchmark, which
was publicly released in 2024.

Assessing SAQs remains challenging, particu-
larly for non-English languages. For instance, team
GIUR (Iranmanesh et al., 2026), who conducted
a targeted human evaluation for Farsi (Iran), high-
lighted the limitations of lemma-based evaluation
for morphologically rich languages such as Persian.
They found that the lemma-matching scorer system-
atically underestimated model performance, with
human annotators rating the system 18 percentage
points higher.While we have made every effort to
assess performance fairly, evaluating short answers
remains an open problem, particularly when se-
mantic similarity cannot be relied upon due to the
risk of semantically similar yet incorrect responses
relative to the gold answers.

Challenges for Underrepresented Languages
and Cultures Some submissions highlighted the
difficulties current models face when dealing with
underrepresented languages and cultural contexts.
For example, HausaNLP focused exclusively on
Hausa (Adam et al., 2026). Their results demon-
strate a substantial performance gap when prompt-
ing models directly in low-resource languages such
as Hausa, consistent with previous findings (Myung
et al., 2024). Similarly, teams Simorgh (Tekanlou
et al., 2026) and uir-cis-7 (Gao et al., 2026) focused
on limitations in non-Western cultural contexts, ex-
amining, for instance, regional variation in Arabic
and Japanese cultural knowledge.

Cultural Misalignment and Model Behaviour
Several teams investigated sources of cultural mis-
alignment and behavioural patterns in model out-
puts. For instance, team Models without Borders
(Sriram and Sekar, 2026) explored geographically
and linguistically conditioned web retrieval as a
lightweight alternative to training-intensive cultural
adaptation, while team FIANS (Bogdanova et al.,
2026) examined the performance of smaller mod-
els for more sustainable and efficient NLP systems.
Other submissions provided detailed error analyses.
For example, team GUIR (Iranmanesh et al., 2026)
analysed the limitations of evaluation pipelines re-
lying on lemmatisers for morphologically rich or
low-resource languages, and team Pinetree (Yam
and Yam, 2026) examined thousands of cases of
cultural misalignment.

Additional observations include cultural over-
generalisation reported by team LocuPrompt (Ning,
2026) and sensitivity to option ordering in MCQ
settings noted by team uir-cis-7 (Gao et al., 2026).
This latter finding reflects a key property of the
dataset: identical English questions frequently ap-
pear across multiple regional variants with differ-
ent answer options, requiring models to perform
region-specific reasoning rather than relying on
memorised answers.

Methodological Insights on Modelling Choices
Other teams carried out ablation studies to bet-
ter understand system behaviour. Team CultRAG
(Singh and Das, 2026) showed that RAG improves
performance for underrepresented cultures (e.g.,
Japan and Ethiopia) but can sometimes reduce
performance in high-resource Western contexts
(e.g., the UK and US), highlighting the importance
of retrieval coverage and answer distribution bi-
ases. They also proposed several directions for fu-
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ture work, including confidence-conditioned selec-
tive retrieval, targeted knowledge-base expansion,
intent-aware retrieval, and cross-encoder reranking.

Similarly, the uir-cis-7 team (Gao et al., 2026)
evaluated the limitations of persona-based prompt-
ing through controlled experiments.

Finally, DFKI-MLT (Al Ghussin et al., 2026)
investigated activation steering for cultural rea-
soning tasks. Their analysis shows that steering
gains are highly layer-sensitive and vary across lan-
guage-region pairs, while prompt design interacts
strongly with steering effectiveness, suggesting that
prompt design and activation steering should be
treated as a jointly optimised inference-time adapta-
tion strategy rather than independent components.

6 Conclusion

We presented our shared task on evaluating the
adaptability of large language models (LLMs) and
NLP systems across multiple languages and cul-
tures, covering more than 30 language—culture
pairs, predominantly representing low-resource lan-
guages spoken across multiple continents. Sub-
mitted systems were ranked based on the match
between predicted labels and gold labels in two
tracks: (a) short-answer questions (SAQ) and (b)
multiple-choice questions (MCQ).

We summarised the reported results, discussing
the predominant and best-performing methods, as
well as shared analyses and insights into model
behaviour, cultural misalignment, and modelling
choices. Overall, performance varied substantially
between the two tracks, with MCQ being consider-
ably less challenging than SAQ, and across locales
(e.g., simple prompting can be sufficient for Singa-
porean English short-answer questions but not for
Irish).

We highlight several open challenges, particu-
larly for underrepresented cultures and languages,
as well as for low-resource settings.

Limitations

We do not claim that our benchmark is fully rep-
resentative of all language—culture pairs. We also
acknowledge the inherent complexity and nuance
involved in defining culture (Zhou et al., 2025),
as well as the fact that our use of the term within
national borders is narrower than broader anthropo-
logical or sociolinguistic definitions (Alkhamissi
et al., 2026). However, for reasons of annotation
feasibility and scalability, we adopt practical design

choices by restricting culture to these boundaries
and limiting the benchmark to predefined topics
within specific countries. We encourage the com-
munity to extend this work by covering additional
regions and increasing the number of annotators
per locale.

Additionally, evaluating short-answer questions
presents notable challenges, as it is difficult to
account for all valid lexical and morphological
variations—particularly in highly inflectional lan-
guages such as Arabic and Persian, as also noted by
team GUIR (Iranmanesh et al., 2026). We therefore
encourage the exploration of alternative evaluation
metrics that better capture variation in short-form
answers.

Despite these limitations, we believe the dataset
provides a useful starting point for research on
cultural and linguistic adaptability in NLP systems.

Ethical Considerations

Language leads involved in benchmark creation
were academics proficient in English, which served
as the reference language for communication and
translation during the annotation process. While
each language lead was a native speaker of the
language they were responsible for and recruited
annotators who had spent at least half of their lives
in the relevant region, we do not claim that all cul-
tural variation within each locale is fully captured.
We also acknowledge that annotators may bring
their own subtle, internalised perceptions and bi-
ases to the annotation process. Finally, we follow
the recommendations of Ousidhoum et al. (2025)
for constructing datasets in low-resource languages.
Specifically, all annotators involved in the study are
native speakers and were compensated at rates ex-
ceeding the local minimum wage.
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1D am-ET en-ET ar-DZ en-DZ as-AS en-AS az-AZ en-AZ zh-CN en-CN en-GB en-US el-GR en-GR ha-NG
king001 97.8 97.8 97 97 99.2 99.2 99.6 99.6 100 100 99 99.6 99.8 99.8 94.2
K-NLPERS 50.6 38.6 49.2 49.2 49.2 49 59.2 56.2 78 66 72.6 75.6 60 59.4 40.8
GUIR 25.2 37.4 47.8 53.8 40.4 49.8 67 60.2 71.4 62.2 73.8 75.8 64.8 55.6 36
rustycoder 27.4 34.6 51.4 54.8 34.4 47.6 55.6 56.8 79 60.2 75.6 73.2 64.4 54.8 26.4
yiyiyi 37.2 41.6 45.8 64.8 32.4 56.2 38.8 41.8 66.8 69.4 61.6 77.6 40 43.6 34.4
fedikallel 32.6 34.4 45 46.4 40.6 40.6 51 52 68.6 57.6 68.2 70.8 58.4 52.2 30
wangkonggiang 24.2 41 43.2 53.6 31 44.2 56.8 58.8 79 67.2 75.6 73.6 52.4 53.6 28.8
FLANS 9.8 27.4 18.6 31.2 9.4 27 20.2 36.2 0 43.4 42.8 43.6 18.2 37.4 4.2
alexrobertson4 19.4 19.4 18.2 18.2 18.4 18.4 13.8 13.8 35.6 70.8 82.6 86.8 14 13.8 9.4
yX-ym 10.4 25.2 13.4 20 59.2 60 62.4 17 23.8
abaruah 22 47.6

HausaNLP 36.4
DFKI-MLT

qinchihongye 97 97 97 97 99.2 99.2 99.6 99.6 100 100 99 99.6 99.8 99.8 94.2
gpt-4.1-2025-04-14 35.40 42.20 58.60 61.20 47.60 54.20 68.40 61.80 74.20 68.80 77.40 80.20 69.40 64.20 32.40
Qwen3 24.60 40.60 50.00 51.20 39.40 49.60 57.20 56.80 76.00  65.00 73.40 78.40 59.20 56.80 10.20
1D en-NG id-ID  enID  ko-KP  en-KP  ko-KR  en-KR  fa-IR  enJR es-MX en-MX es-ES en-ES su-JB enJB  overall
king001 93.6 100 99.8 98.6 98.8 99.6 99.6 99.2 99.2 99.8 99.8 99.6 99.8 96.2 96.2 78.77
K-NLPERS 35.4 73.2 58.4 49.2 44.4 78 57.6 54 53.8 59.6 52.8 69.6 59.6 50.8 42.8 55.75
GUIR 32.6 73.2 57.8 46.6 46.2 76.4 65.8 64 58.6 69.6 58 74.8 59.4 49.2 45.4 55.50
rustycoder 31.8 72.6 63 43.6 44.8 70 58 64.6 55.2 64.8 54.4 70.4 58.8 38.4 45.4 52.74
yiyiyi 31.8 76.6 72.6 48.4 53.6 72.8 73.4 71.2 65.8 60.2 55.2 71.8 65.2 57.2 56 52.14
fedikallel 28.6 67 49.8 43.2 41 72.4 57.8 64 52.8 64 48.4 67.2 51 43.2 36.4 49.93
wangkonggiang 33.4 7 42.4 39 43.2 71.6 59.8 55.4 53 68.4 48 71.2 53 32.8 47.6 51.47
FLANS 21.8 35.8 43.2 29.2 12.4 41.8 41.4 20 38.2 28.2 40.8 33 40.8 7.8 23.6 26.02
alexrobertson4 9.2 7.2 7.2 20.2 20.2 7.8 7.8 11.4 11.4 8.4 8.4 62.2 73.8 11.2 11.2 20.74
yX-ym 44.4 17.6 19 26.4 47.8 47.8 16

abaruah 34.80
HausaNLP 36.40
DFKI-MLT

qginchihongye 93.6 100 99.8 98.6 98.8 99.6 99.6 99.2 99.2 99.8 99.8 99.6 99.8 96.2 96.2 78.10
gpt-4.1 37.00 78.00 67.40 49.20 49.60 78.60 69.60 72.20 60.60 54.00 62.40 57.80 66.20 43.40 57.20 59.97
Qwen3 3240 71.40 64.40 40.60 38.60 64.60 60.00 59.40 54.20 63.40 60.00 70.40 61.20 37.20 47.40 53.79

Table 4: SAQ results on the first version of BLEnD.
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ID am-ET  ar-DZ  as-AS  az-AZ el-GR en-GB  en-US  es-ES
GUIR 96.54 99.38 99.51 98.91 98.35 99.17 98.56  99.12
uir-cis-7 98.67 98.15 99.35 99.22 98.1 98.25 98.66  98.55
Pinetree 69.96 92.58 81.15 87.85 94.37 96.59 94.23 94.3
K-NLPers 66.36 92.23 78.95 81.28 93.93 95.8 95.62 95.18
DFKI-MLT 58.85 93.27 80.5 82.06 88.44 96.12 94.13 93.73
Models without Borders 69.26 86.46 66.71 62.52 81.27 81.26 88.98 85.19
Agentic 58.02 75.15 70.18 74.36 81.6 86.25 90.47 88.24
LocuPrompt 57.21 81.31 65.85 63.43 84.09 82.1 90.63 84
Simorgh 54.91 80.35 71.03 70.48 76.88 87.49 84.96  82.03
FLANS 92.2 88.31 83.79
gpt-4.1 77.16 88.12 83.39 79.89 92.17 96.82 95.21 95.39
Qwen3 68.04 90.77 73.64 80.80 93.93 96.22 92.69 94.82
ID es-MX  fa-IR ha-NG  id-ID  ko-KP  ko-KR  su-JB zh-CN  Overall
GUIR 99.32 98.81 98.11 99.85 91.9 98.96 100 98.51 98.51
uir-cis-7 98 97.95 96.07 97.59 94.6 99.76 97.82 98.16 98.16
Pinetree 94.1 81.32 76.94 88.42 80.64 93.27 93.36 88.30 88.30
K-NLPers 94.1 79.1 79.43 87.77 73.5 90.13 90.88 86.36 86.36
DFKI-MLT 94.94 78.56 74.35 87.02 78.31 86.86 92.79 85.02 85.02
Models without Borders 89.2 70.18 64.24 72.63 65.81 87.34 74.65 75.82 75.82
Agentic 92.84 64.1 62.3 75.49 58.4 87.3 79.26  75.13 75.13
LocuPrompt 89.36 62.34 58.81 72.08 55.51 86.07 87.2 74.43 74.43
Simorgh 87.41 64.23 60.11 74.49 64.3 80.65 87.66 74.13 74.13
FLANS 82.2 80.82  85.46 85.46
Verbanex-Al 15.6 16.2 31.2 24.2 21.2 12.8 13.8 17.8 17.80
UTD-HLT

aditya26189 94 73.02  69.52 66.18 83.4 80.72  77.89 77.89
narjes 91.79 91.79
gpt-4.1 94.79 79.97 78.54 87.07 82.75 91.64 93.11 87.85 87.85
Qwen3 92.58 78.21 75.90 87.87 74.32 90.80 92.59 85.12 85.12

Table 5: MCQ results on the first version of BLEnD.

3837



