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Abstract

As vision-language models (VLMs) are de-
ployed globally, their ability to understand cul-
turally situated knowledge becomes essential.
Yet, existing evaluations largely assess static re-
call or isolated visual grounding, leaving unan-
swered whether VLMs possess robust and trans-
ferable cultural understanding. We introduce
BLENnD-Vis, a multimodal, multicultural bench-
mark designed to evaluate the robustness of
everyday cultural knowledge in VLMs across
linguistic rephrasings and visual modalities.
Building on the BLEnD dataset, BLEnD-Vis
constructs 313 culturally grounded question
templates spanning 16 regions and generates
three aligned multiple-choice formats: (i) a
text-only baseline querying from Region —
Entity, (ii) an inverted text-only variant (En-
tity — Region), and (iii) a VQA-style version
of (ii) with generated images. The resulting
benchmark comprises 4,916 images and over
21,000 multiple-choice questions (MCQ) in-
stances, validated through human annotation.
BLEnD-Vis reveals significant fragility in cur-
rent VLM cultural knowledge; models exhibit
performance drops under linguistic rephrasing.
While visual cues often aid performance, low
cross-modal consistency highlights the chal-
lenges of robustly integrating textual and visual
understanding, particularly in lower-resource
regions. BLEnD-Vis thus provides a crucial
testbed for systematically analysing cultural
robustness and multimodal grounding, expos-
ing limitations and guiding the development
of more culturally competent VLMs. Code
is available at https://github.com/Social-Al-
Studio/BLEnD-Vis.

1 Introduction

As large language models (LLMs) and vision-
language models (VLMs) become increasingly em-
bedded in global applications, their capacity to
comprehend and respond to diverse cultural con-
texts is gaining critical importance (Pawar et al.,
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2024; Adilazuarda et al., 2024; Li et al., 2025b).
While these models exhibit impressive general ca-
pabilities, they often falter in understanding every-
day cultural practices—such as local foods, leisure
activities, and family customs—particularly for
communities that are underrepresented in main-
stream training corpora (Myung et al., 2024;
AlKhamissi et al., 2024). This poses real-world
risks, as cultural insensitivity can undermine user
trust, marginalise minority populations, and perpet-
uate global inequities in Al deployment (Qiu et al.,
2025; Kannen et al., 2024).

Existing benchmarks that aim to evaluate cul-
tural knowledge typically assess recall via direct
textual prompts (Li et al., 2024a; Wang et al.,
2024b) or focus on narrow multimodal contexts
(Urailertprasert et al., 2024; Nayak et al., 2024;
Satar et al., 2025; Winata et al., 2025). Yet, two
essential questions remain underexplored: (1) How
robust are these models to linguistic rephrasings
of culturally grounded queries? (2) Can they con-
sistently ground cultural knowledge in visual rep-
resentations? These questions are important for
distinguishing deep conceptual understanding from
superficial or brittle associations that may degrade
under linguistic or visual variation (Zhang et al.,
2025; Lee et al., 2024).

To bridge this gap, we propose BLEnD-Vis, a
multimodal, multicultural benchmark designed to
evaluate the robustness and groundedness of ev-
eryday cultural knowledge in VLMs. BLEnD-Vis
builds upon the BLEnD dataset (Myung et al.,
2024) by selecting a curated set of tangible, cul-
turally situated concepts across 16 diverse regions
and constructing three parallel evaluation formats:
Original MCQ, Rephrased MCQ, and VQA-Style
MCQ. These formats enable controlled compar-
isons that isolate the effects of linguistic rephras-
ing and modality shifts on model performance.
While this study focuses on English to leverage
the strength of state-of-the-art models and ensure
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Data Construction ﬁ

1. MCQ Answer Consolidation =

What do people from {country} usually eat for dessert?

Algeria: Fruit ~ Assam: Rice Pudding . US: Ice Cream

What is the most popular sports among children in {country}?

Algeria: Soccer Assam: Ludo US: Soccer

2. Filter for Visual Tangibility

What do people from {country} usually eat for dessert? v’
What is the most popular sports among children in {country}? v
At what time does elementary school start in {country}? X

How many cars are owned by a typical family in {country}? X

3. Rephrase Template
rWhat do people from {country} usually eat for dessert?

In which country/region is {answer} commonly eaten for dessert?

4. Image Generation
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Figure 1: Overview of the BLEnD-Vis benchmark construction and evaluation framework. The process involves:
(1) Data Construction via tangibility filtering, question rephrasing, and image generation based on BLEnD; (2)
Human Validation of generated assets; (3) Creation of the final BLEnD-Vis Dataset comprising three parallel MCQ
formats (Original Text, Rephrased Text, VQA) across 16 regions; and (4) Evaluation assessing VLM zero-shot
accuracy, robustness to rephrasing, cross-modal consistency, and regional performance variations.

comparability across formats, BLEnD-Vis sets the
stage for future multilingual expansion.

Our evaluation of twelve VLMs on BLEnD-Vis
reveals that: (i) model performance does not
strongly correlate with parameter count; (ii) linguis-
tic rephrasing often degrades performance, indicat-
ing brittle knowledge representations; (iii) visual
cues can significantly aid understanding, with VQA
performance often surpassing text-only rephrased
queries; and (iv) robust cross-modal consistency
(correctness on both R and V' formats for the same
fact) is particularly challenging, with a mean joint
correctness of only 42.19%. Furthermore, pre-
liminary cross-modal fine-tuning experiments in-
dicate that training on textual data generally im-
proves VQA performance (mean +16.15%), while
the transfer from VQA training to textual perfor-
mance is less apparent (mean +3.98%). Figure 1
shows the overview of the BLEnD-Vis benchmark
construction and evaluation framework. We sum-
marise our contributions as follows:

* We present BLEnD-Vis, a benchmark to evalu-
ate the robustness of everyday cultural knowl-
edge in VLMs across linguistic and visual

modalities.

* We develop a systematic pipeline involving
tangibility filtering, question rephrasing, im-
age generation, and human validation.

* We release a dataset of 313 validated tem-
plates, 4916 culturally grounded images, and
21,782 MCQs in three aligned formats.

* We provide a comparative evaluation of
twelve VLMs, revealing gaps in cultural ro-
bustness and cross-modal generalisation.

BLEnD-Vis provides a rigorous framework to as-
sess whether state-of-the-art VLMs encode not only
cultural facts, but robust and transferable cultural
understanding in both language and vision.

2 Related Works

2.1 Cultural Knowledge Benchmarks

Recent benchmarks assess cultural knowledge in
LLMs through textual recall or alignment. BLEnD
(Myung et al., 2024) captures everyday knowledge
across regions and languages; CultureLLM (Li
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et al., 2024a), CulturePark (Li et al., 2024b), and
CDEval (Wang et al., 2024b) measure alignment
with cultural dimensions. SeaEval (Wang et al.,
2024a) and MAPS (Liu et al., 2024a) extend this
to multilingual or proverb-based reasoning. Palm
(Alwajih et al., 2025) provides a culturally inclu-
sive dataset but focuses on Arabic LLMs and tex-
tual modalities. RAVENEA (Li et al., 2025a) in-
troduces a multimodal benchmark but prioritises
Retrieval-Augmented Generation (RAG). While
these benchmarks focus on cultural knowledge,
they do not evaluate robustness to rephrasing or
modality shifts. In contrast, BLEnD-Vis probes
the robustness of cultural understanding through
controlled textual rephrasing and image grounding,
offering deeper diagnostic insights.

2.2 Cultural Bias and Alignment

Cultural bias in LLMs and VLMs is an ongoing
concern, with studies showing that models often
reflect Western-centric norms (Tao et al., 2024).
Alignment methods have sought to mitigate this,
usually using human-annotated survey responses as
ground truth (AlKhamissi et al., 2024), or exposing
covert harms through social scenario simulation
(Dammu et al., 2024; Tan and Lee, 2025). Other
work explores the causal assumptions embedded in
culturally-influenced data (Bauer et al., 2023) and
the fragility of model outputs when subjected to
adversarial prompts (Zhang et al., 2025). Although
these approaches surface latent biases, BLEnD-Vis
complements them by testing representational sta-
bility across phrasings and visual formats, expos-
ing brittle associations and performance disparities
across diverse cultures.

2.3 Multimodal Cultural Evaluation

Multimodal benchmarks like SEA-VQA (Urailert-
prasert et al., 2024) and CulturalVQA (Nayak et al.,
2024) test VLMs on culturally situated images, of-
ten exposing regional performance gaps. ALM-
Bench (Vayani et al., 2025) broadens this across
100 languages. Others evaluate cultural compe-
tence in generative models (Kannen et al., 2024;
D’Inca et al., 2024) or few-shot adaptation (Nikan-
drou et al., 2025; Kim et al., 2025). BLEnD-Vis is
distinct in aligning textual and visual formats for
the same cultural fact, enabling fine-grained com-
parisons and disentangling the effects of linguistic
versus perceptual variation.

3 BLEnD-Vis Dataset Construction

The BLEnD-Vis benchmark is constructed via a
multi-stage pipeline that transforms the textual, ev-
eryday cultural knowledge from BLEnD (Myung
et al., 2024) into parallel evaluation sets suitable
for probing textual and multimodal robustness.

3.1 Base Dataset and Scope

We utilise the 500 English Short Answer Ques-
tion (SAQ) templates derived from the original
BLEnD study as our starting point. The ground
truth answers for these templates are sourced from
the MCQ split of the BLEnD dataset' (Myung et al.,
2024). Our current curation focuses on English to
enable controlled comparisons across modalities
and leverage state-of-the-art generation models.

3.2 Dataset Extension Pipeline

The pipeline proceeds through the following stages:

Step 1: MCQ Answer Consolidation. To asso-
ciate each base SAQ template with its verified an-
swer set across cultures, we processed the BLEnD
MCQ dataset (~306k instances). For each MCQ in-
stance, we extracted the correct answer text and its
corresponding region (‘country’ field). This answer
text was subsequently added to the known answers
set for the specific question template ‘/D’ and re-
gion, effectively consolidating all unique correct
answers from the MCQ data for each base template
across the 16 regions. Invalid answers (e.g., “idk”
or “i don’t know”) were excluded.

Step 2: Tangibility Filtering. To ensure that
questions are suitable for transformation into a
VQA format, we automatically assessed the SAQ
templates. Using GPT-40 (2024b) (prompt in Fig-
ure 8, Appendix F), we classified templates based
on whether the question entailed answers that are
concrete, visually representable entities. This
filtering step selected 3137 tangible question tem-
plates for further processing. For instance, in the
example illustrated in Figure 1, the answer “Rice
Pudding” is a visually representable entity.

Step 3: Question Rephrasing & Placeholder
Generation. To create the textual condition for test-
ing robustness to linguistic variation, we inverted
the standard query format (Region — Entity) to

"https://huggingface.co/datasets/nayeon212/
BLEND, ‘multiple-choice-questions’ split.

*Initially, 320 templates were selected. However, dur-
ing MCQ generation in Step 6, 7 templates lacked sufficient
semantically distinct options to form valid 4-option MCQs,
resulting in 313 usable templates.
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(Entity — Region). For each of the 313 tangible
question templates, GPT-40 was prompted (Prompt
in Figure 9, Appendix F) to generate a canonical
rephrased question template. Concurrently, the
model generated a generic image placeholder (e.g.,
‘this food’) designed to replace the entity name in
the VQA format, thereby compelling models to
rely primarily on the visual modality for that task.

Step 4: Image Generation To enable multi-
modal evaluations, we generated 4,916 culturally-
contextualised images, one for each unique answer-
region pair from the 313 tangible templates. We
used Gemini 2.5 Flash Image (Fortin et al., 2025)
for image generation, with prompts conditioned on
the original question, specific answer, and region
(prompt in Figure 10, Appendix F). To validate the
use of synthetic images, we conducted a compara-
tive study across three conditions (Old Synthetic,
New Synthetic, and Human-Curated). As detailed
in Appendix D.3, model performance on Gemini
2.5 Flash images showed a negligible difference (-
1.7%) from human-curated real-world images, jus-
tifying their use as a scalable, high-fidelity proxy.

Step 5: Human Validation. A multi-stage vali-
dation process ensured the quality of all generated
assets. First, three human annotators assessed the
quality and semantic fidelity of 313 rephrased ques-
tion templates, leading to the manual correction of
39 SAQ templates flagged by majority vote (see
Appendix D for validation results, and Table 10 for
examples of such corrections). Second, to validate
the quality of the new Gemini 2.5 Flash image set,
we designed a rigorous, sampled quality assurance
protocol. A stratified random sample of 500 images
(~10%) is evaluated by three annotators based on
conceptual plausibility and recognisability (with
instructions to use search engines to verify unfamil-
iar cultural concepts). This practical approach pro-
vides a statistical measure of dataset quality while
remaining scalable. Full guidelines and validation
details are provided in Appendix D.

Step 6: Parallel MCQ Generation. To cre-
ate the final dataset, we generated three parallel
MCAQ sets for each core fact (validated tangible
template + answer/region pair + corresponding im-
age). For each fact, we generated up to 5 unique
MCAQ instances by sampling semantically distinct
distractors (answers from different regions for the
same template, with a simple substring check used
to filter overly similar options). Uniqueness was
enforced by tracking the set of answer options (1

Category MCQ Count Percentage
Breakdown by Topic

Education 1765 8.10 %
Family 2312 10.61 %
Food 6681 30.67 %
Holidays/Celebration/Leisure 4294 19.71 %
Sport 4650 21.35%
Work life 2080 9.55 %
Breakdown by Country/Region

Algeria (DZ) 1174 5.39 %
Assam (AS) 1761 8.08 %
Azerbaijan (AZ) 1180 5.42 %
China (CN) 1497 6.87 %
Ethiopia (ET) 1450 6.66 %
Greece (GR) 1449 6.65 %
Indonesia (ID) 1451 6.66 %
Iran (IR) 1331 6.11 %
Mexico (MX) 1522 6.99 %
North Korea (KP) 1287 5.91 %
Northern Nigeria (NG)? 998 4.58 %
South Korea (KR) 1532 7.03 %
Spain (ES) 1398 6.42 %
UK (GB) 1260 5.78 %
UsS 1296 5.95 %
West Java (JB) 1196 5.49 %
Total Instances 21,782 100.00 %

Table 1: BLEnD-Vis: MCQ Instance Count and Percent-
age Breakdown.

correct, 3 distractors) for each fact and discarding
duplicate sets of options. This yielded three parallel
formats that tested the same knowledge point:

Original MCQ O: A text-only format query-
ing cultural knowledge in the standard Region —
Entity form.

Rephrased MCQ R: A linguistically inverted
Entity — Region format testing sensitivity to phras-
ing variation.

VQA-Style MCQ V': A visual-grounded format
pairing images with rephrased questions (Image +
Placeholder — Region).

Examples of these parallel MCQ formats are
provided in Appendix H (Table 18). To ensure the
validity of the benchmark, a post-hoc uniqueness
verification was performed to filter out any parallel
set of MCQ instances where a distractor region
could also be a valid answer for the queried entity
in the R and V formats. This structured generation
ensures diverse and non-repetitive test cases for
robust cross-modal evaluation.

3.3 Resulting Dataset and Statistics

The final BLEnD-Vis benchmark comprises 313
tangible question templates drawn from BLEnD,
each paired with a rephrased version and a corre-

3The lower instance count for Northern Nigeria is inherited

from the upstream BLEnD data, which had higher rates of
annotator "I don’t know’ responses and refusals for this region.
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sponding image placeholder to enable controlled
evaluation across three modalities. In total, we
generated 4,916 culturally grounded images, each
corresponding to a unique answer-region pair. The
question templates and culturally grounded im-
ages were used to construct 21,782 MCQ instances
for each of the three parallel formats; each with
the same topic and region distribution: Original,
Rephrased, and VQA-style.

The three parallel formats of MCQs enable di-
rect comparison of model performance on the same
underlying cultural knowledge presented through
different textual phrasings and modalities. For eval-
uations of cross-modal knowledge via unimodal
training, the dataset is further split into training
and test sets based on question templates to prevent
data leakage (details in Appendix B, Table 7).

4 Results & Analysis

We evaluated 12 VLMs on the BLEnD-Vis bench-
mark to assess their robustness in representing ev-
eryday cultural knowledge. All evaluations were
conducted in a zero-shot setting using the full
dataset of 21,782 MCQ instances across three
aligned formats. Models were prompted using a
standardised evaluation template (Appendix F, Fig-
ure 11). Table 2 reports each model’s accuracy on
the three individual formats and includes two cross-
modal consistency metrics. In particular, we sort
models by their performance on the ‘R-V Correct
%’ metric, which captures the percentage of cul-
tural facts where the model correctly answered both
the rephrased MCQ and the corresponding VQA-
style MCQ, highlighting its ability to generalise
consistently across modalities.

4.1 Overall Model Performance

Table 2 presents model performance across the
three MCQ formats, revealing several notable
trends in cultural knowledge robustness and multi-
modal reasoning.

Model size does not consistently predict per-
formance. While performance generally scales
within a model family (e.g., Qwen2.5-VL-32B out-
performs the 7B variant on key consistency met-
rics like ‘R-V Correct %*), performance across
different model families does not strictly correlate
with parameter count. For instance, smaller models
like Kimi-VL-2.8B (48.51% ‘R-V Correct %*) and
Llama-3.2-Vision-11B (48.01%) outperform the
larger LLaVA-1.6-13B (41.03%). This suggests

that factors beyond sheer parameter scale, such
as the diversity of pre-training data, architectural
choices for multimodal integration, and specific
fine-tuning strategies, play a significant role in en-
coding robust cultural knowledge.

Rephrasing questions slightly reduces per-
formance. Across models, average accuracy de-
clines from 53.97% on the Original MCQ format
to 52.03% on the Rephrased MCQ format. This re-
duced performance may stem from the prevalence
of the (Region — Entity) format prevalent across
many cultural benchmarks (Myung et al., 2024;
Chiu et al., 2025; Romero et al., 2024). This im-
plies that standard benchmark formats may overes-
timate a model’s capability of cultural understand-
ing, as the Entity — Region format may disrupt
these learned patterns.

Visual input provides important cultural
cues. Models perform better on the VQA format
(69.82%) than on both the Rephrased text-only for-
mat (52.03%) and the Original text-only format
(53.97%). For instance, Kimi-VL-2.8B improves
from 52.22% (Rephrased) to 83.21%(VQA), and
Qwen2.5-VL-7B from 49.06% to 84.91%. This
is likely because images can convey additional
culture-specific cues for cultural-knowledge re-
trieval while textual prompts might be information-
ally sparse. However, this implies that evaluating
cultural capabilities through VQA alone can be mis-
leading, as high VQA scores may not reflect true
multimodal reasoning and may mask underlying
weaknesses under unimodal text-only settings.

Cross-modal consistency remains a challenge.
Despite improved accuracy in the VQA format,
models struggle to produce consistent, correct an-
swers across modalities. The average ‘R-V Agree
%’ , the proportion of matched predictions across
the Rephrased and VQA formats, is moderately
high at 62.53%, but the stricter ‘R-V Correct %’,
accuracy on both formats simultaneously, drops to
42.19%. Even the top-performing model (GPT-40)
achieves only 60.83% on ‘R-V Correct %’. This
gap highlights that many correct answers in one
modality are not replicated in the other, reflecting
cross-modal fragility. This motivates future work
on modal consistency, highlighting the need for
benchmarks, evaluations, and training processes
that optimise for robust cross-modal grounding
over unimodal accuracy.
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Model Original MCQ Rephrased MCQ VQA MCQ R-V Agree (%) R-V Correct (%)

GPT-40 (2024b) 69.56 63.36 92.01 66.29 60.83
Qwen2.5-VL-32B (2025) 61.90 57.32 86.03 63.83 53.59
Kimi-VL-2.8B (2025) 57.13 52.22 83.21 61.59 48.51
Llama-3.2-Vision-11B (2024a) 58.45 54.57 81.24 60.21 48.01
Qwen2.5-VL-7B (2025) 58.05 49.06 84.91 58.19 46.08
Molmo-7B-D (2024) 53.99 50.57 72.39 62.82 42.89
InternVL3-8B (2025) 57.18 54.68 64.07 65.79 42.27
LLaVA-1.6-13B (2024b) 44.89 50.85 67.65 63.56 41.03
LLaVA-1.6-7B (2024b) 41.40 46.05 63.22 65.53 37.40
PaliGemma2-10B (2024) 54.26 52.64 54.35 67.37 37.18
DeepSeek-VL2-small-2.8B (2024) 50.76 49.43 45.95 54.40 24.89
NVILA-2B (2025) 40.10 43.58 42.78 60.77 23.57
Mean (Overall) 53.97 52.03 69.82 62.53 42.19

Table 2: Zero-Shot Accuracies (%) of VLMs on BLEnD-Vis (Full Dataset). ‘R-V Agree %’ indicates the percentage
of instances where the model’s prediction for the Rephrased MCQ matched its prediction for the VQA MCQ. ‘R-V
Correct %’ indicates the percentage of instances where the model answered both the Rephrased and VQA MCQs
correctly. Models ordered by ‘R-V Correct %’. Best bolded, second best underlined.

4.2 Performance Variation by Region

Table 3 reports mean accuracy across all models
for each cultural region, aggregated over the three
MCQ formats. Figure 2 visualises VQA-style per-
formance per region and model, highlighting dis-
tinct regional strengths and weaknesses. Additional
breakdowns for the Original and Rephrased text-
only formats are included in Appendix A.2.

Region Original Rephrased VQA Mean
UsS 64.92 7742  80.87 74.40
UK (GB) 65.97 69.95 81.15 72.36
China (CN) 61.87 67.76  82.20 70.61
South Korea (KR) 58.56 66.99  78.18 67.91
Mexico (MX) 59.12 55.00 77.11 63.74
Spain (ES) 58.17 55.20  72.85 62.07
Indonesia (ID) 52.84 59.01  73.48 61.78
Greece (GR) 54.39 48.42  74.57 59.13
Iran (IR) 52.13 46.27  70.27 56.22
Azerbaijan (AZ) 54.13 43.47  65.56 54.39
Northern Nigeria (NG) 44.41 48.33  67.10 53.28
West Java (JB) 44.16 44.29  59.27 49.24
Ethiopia (ET) 43.79 37.45  64.67 48.64
Assam (AS) 46.63 37.97  57.07 47.22
Algeria (DZ) 50.74 36.75  53.34 46.94
North Korea (KP) 49.46 35.48  55.46 46.80
Mean (Regions) 53.83 51.86  69.57 58.42

Table 3: Model Accuracies (%) by Country/Region
on BLEnD-Vis (Full Dataset), ordered by mean task
performance.

Model performance varies significantly by re-
gion, often reflecting resource disparities. Re-
gions with greater representation in publicly avail-
able training data tend to yield higher model
performance. For example, the US, UK, and
China achieve average accuracies of 74.40%,
72.36%, and 70.61%, respectively. In contrast,
less digitally represented regions such as North
Korea, Algeria, and Assam score markedly lower,
with mean accuracies of 46.80%, 46.94%, and

47.22% . This trend aligns with prior findings from
BLEnD (Myung et al., 2024) and underscores per-
sistent gaps in cultural representation within pre-
training corpora (Tao et al., 2024).

The (Entity — Region) query format exacer-
bates performance gaps between high and low-
resource regions. For the Original MCQ, the per-
formance range between the top-performing region
(UK: 65.97%) and a bottom-performing region
(e.g., Ethiopia: 43.79%) is approximately 22%.
This gap significantly widens for the Rephrased
MCQ (US: 77.42% vs. North Korea: 35.48%)
and the VQA format (China: 82.20% vs. Algeria:
53.34%). This suggests that when cued with an
entity (textually or visually) and asked for its asso-
ciated region, models may default to high-resource
regions if their knowledge of the entity’s specific
origin in a low-resource region is less robust. This
suggests that the (Entity — Region) format, partic-
ularly in VQA, is a more discriminative test of po-
tential regional biases and deep cultural grounding.
For instance, as illustrated in Figure 2, models like
Qwen2.5-VL-7B exhibit strong VQA performance
for China (95.26%), while their scores for a region
like Algeria are much lower (67.38% ). Conversely,
models like PaliGemma?2-10B and Molmo-7B-D,
while generally strong for US VQA (64.04% and
85.03% respectively), show comparatively lower
performance for China (61.72% and 83.58% re-
spectively).

4.3 Cross-Modal Knowledge Transfer

To explore whether cultural knowledge learned
in one modality can transfer to another, we con-
ducted preliminary cross-modal fine-tuning exper-
iments on a subset of models. In the first set-
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Figure 2: Accuracies (%) of each evaluated VLM for the VQA-Style MCQ format in BLEnD-Vis (Full Dataset)
across 16 different cultural regions (see Appendix A.1, Table 6 for region code definitions), highlighting regional
variations in model performance. (Original and Rephrased text-only formats are in Appendix A.2.)

ting (Text-trained — VQA-test), models were fine-
tuned on the training split of the Rephrased Text-
Only MCQs and evaluated on the test split of the
VQA-Style MCQs. In the reverse setting (VQA-
trained — Text-test), models were fine-tuned on
VQA-Style MCQs and evaluated on Rephrased
Text-Only MCQs. In both cases, we used the same
80/20 template-based train/test split to prevent leak-
age of cultural facts between training and evalua-
tion (Appendix B). Full fine-tuning hyperparame-
ters are provided in Appendix C.

Target Task: Rephrased Text (Test Set)

Performance (%)

Model

Baseline VQA-Trained
LLaVA-1.6-7B 44.22  52.82 (+8.60 %)
Qwen2.5-VL-7B 47.83  51.66 (+3.83 %)
PaliGemma2-10B 51.39 53.72 (+2.33 %)
Llama-3.2-Vision-11B 51.73 5291 (+1.18 %)
Mean (Models) 48.79 52.78 (+3.98 %)

Target Task: VQA (Test Set)
Performance (%)

Model

Baseline Text-Trained
LLaVA-1.6-7B 63.63 78.35 (+14.72 %)
Qwen2.5-VL-7B 85.25 91.06 (+5.81 %)
PaliGemma2-10B 52.67 92.60 (+39.93 %)
Llama-3.2-Vision-11B 80.64 84.78 (+4.14 %)
Mean (Models) 70.55 86.70 (+16.15 %)

Table 4: Cross-Modal Transfer Performance (% Accu-
racy on Test Set). ‘Baseline’ refers to zero-shot perfor-
mance on the target task. ‘VQA-Trained’ and ‘Text-
Trained’ refer to performance on the target task after
fine-tuning on VQA or Rephrased Text training data,
respectively. Percentage improvement over baseline
shown in parentheses.

Table 4 summarises these transfer learning re-
sults, detailing performance on the target task after
fine-tuning on the source task, compared to their
zero-shot baselines. The results indicate varying
degrees of knowledge transfer across modalities.

Notably, fine-tuning on the Rephrased Text-Only
MCQs consistently leads to improved performance
on the VQA-Style MCQs (Text-trained — VQA-
test). All four evaluated models show gains in this
direction: LLaVA-1.6-7B (+14.72%), Qwen2.5-
VL-7B (+5.81%), PaliGemma2-10B (+39.93%),
and Llama-3.2-Vision-11B (+4.14%). On aver-
age, text-based training boosted VQA performance
by +16.15%. This suggests that strengthening the
model’s textual understanding of the (Entity — Re-
gion) relationship and associated cultural facts can
positively transfer to its ability to perform the same
task when presented with visual cues, potentially
by solidifying semantic representations that the vi-
sual modality can then leverage more effectively.

Conversely, the transfer from VQA train-
ing to Rephrased Text-Only performance (VQA-
trained — Text-test) is more modest: with LLaVA-
1.6-7B (+8.60%), Qwen2.5-VL-7B (+3.83%),
PaliGemma2-10B (+2.33%), and Llama-3.2-
Vision-11B (+1.18%) all showing lower improve-
ments. The average improvement across these
models is modest at +3.98 % . This might suggest
that while VQA training exposes models to visual-
textual pairings of cultural concepts, it may not
consistently enhance (and could potentially inter-
fere with) purely textual reasoning pathways. It is
plausible that VQA training could lead to an over-
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Topic Original Rephrased VQA Mean
Work life 67.34 66.04 71.15 68.18
Holidays/Celeb.  56.15 55.18 71.38 60.90
Sport 55.32 52.04 71.28 59.55
Food 52.90 50.27 67.14 56.77
Education 45.90 44.57 70.67 53.71
Family 44.44 44.31 69.88 52.88
Mean 53.68 52.07 70.25 58.66

Table 5: Mean Model Performance (%) by Topic on
BLEnD-Vis (Full Dataset).

reliance on visual features or that the VQA task
structure does not reinforce nuanced textual under-
standing as effectively as direct textual training.

These findings highlight the interplay between
modalities in representing and reasoning about cul-
tural knowledge. The positive transfer from text to
VQA is promising, suggesting robust textual under-
standing as foundational. However, the less con-
sistent transfer from VQA to text warrants further
investigation into how multimodal training influ-
ences distinct reasoning pathways.

4.4 Performance Variation by Topic

The distribution of mean model performance by
topic (Table 5) reveals substantial variation in
task difficulty across cultural domains. Mod-
els performed best on ‘Work life‘ (mean accu-
racy: 68.18%) and ‘Holidays/Celebration/Leisure*
(60.90%), while topics such as ‘Family* (52.88%)
and ‘Education‘ (53.71%) posed greater challenges.
These differences may reflect varying levels of
specificity, visual distinctiveness, or semantic am-
biguity associated with the entities in each topic.
Across all categories, performance was consis-
tently higher on the VQA format compared to
the Rephrased text-only format. For example,
accuracy on ‘Education‘ increased from 44.57 %
(Rephrased) to 70.67% (VQA), and on ‘Family*
from 44.31% to 69.88%. These results suggest
that visual input provides a valuable disambiguat-
ing signal, particularly for topics where textual
rephrasings may be less canonical or culturally en-
tangled. The consistent VQA boost underscores
the utility of grounded visual context in supporting
flexible retrieval of everyday cultural knowledge.

5 Discussion

Our findings highlight several challenges in current
VLMs’ representation of everyday cultural knowl-
edge. First, the consistent drop in accuracy under
linguistic rephrasing suggests that many models

rely on superficial pattern matching rather than
robust conceptual understanding. While visual in-
put in the VQA format generally improves perfor-
mance, low cross-modal consistency (particularly
in joint correctness) reveals a lack of integration
between textual and visual representations.

Regional disparities further underscore equity
concerns: models perform significantly worse on
queries involving lower-resource regions, a gap po-
tentially exacerbated by limitations in VLM train-
ing data and the cultural fidelity of generated im-
ages. This motivates greater inclusivity in pretrain-
ing data and culturally-aware generative tools.

Notably, model scale does not reliably predict
performance. Instead, our results suggest that the
diversity and specificity of pretraining data, along
with architectural design, may be more critical to
cultural robustness. The observed asymmetry in
cross-modal transfer, where text-based fine-tuning
enhances VQA performance but not vice versa, re-
inforces the foundational role of linguistic ground-
ing in multimodal understanding.

Together, these insights call for a shift in VLM
development: beyond factual recall and scale, to-
ward deeper, transferable, and culturally represen-
tative knowledge across modalities. Future training
strategies could explicitly up-weight underrepre-
sented cultural samples to counteract high-resource
bias, and include structurally diverse templates
(such as inverted Entity — Region formats) to im-
prove linguistic robustness.

6 Conclusion & Future Work

We introduced BLEnD-Vis, a multimodal bench-
mark for evaluating the robustness and visual
grounding of everyday cultural knowledge in
vision-language models. Covering 16 culturally
diverse regions, the benchmark includes 313 ques-
tion templates, 4,916 generated images, and over
21,000 MCQ instances across three formats. Eval-
uations of 12 VLMs reveals key limitations: (i)
performance degrades under linguistic rephrasing,
cross-modal consistency remains low, and regional
disparities persist for underrepresented cultures.
(i1) Model scale does not reliably predict success,
while fine-tuning results suggest that strong tex-
tual grounding supports more effective visual trans-
fer. Future work includes expanding to multilin-
gual settings, analysing failure patterns, improving
culturally-aware training and generation methods,
and extending evaluations to open-ended tasks.
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Limitations

While BLEnD-Vis provides a novel framework for
evaluating cultural robustness in VLMs, several
limitations should be acknowledged. First, the
benchmark is constructed entirely in English, lim-
iting its applicability to multilingual and cross-
lingual settings and inherently framing cultural con-
cepts through an Anglophone lens. Future exten-
sions should explore culturally grounded evaluation
in other languages and code-mixed contexts. Sec-
ond, the VQA component relies on synthetically
generated images. Although human validation was
performed, these images may still exhibit subtle in-
accuracies or stereotypical cues, influenced by the
biases of the image generation models. This could
affect the fairness and fidelity of the VQA eval-
uation, particularly for underrepresented cultures.
Furthermore, while our validation confirms syn-
thetic images are a valid performance proxy, they
may "flatten" cultural nuances compared to real
artifacts (e.g., depicting generic rather than region-
specific variants). Third, BLEnD-Vis focuses on
tangible, everyday cultural knowledge. More ab-
stract cultural dimensions, such as values, norms,
or social rituals—are not represented, leaving a
gap in evaluating deeper forms of cultural compe-
tence. Fourth, the use of MCQs limits evaluation
to discriminative reasoning. While suitable for
controlled comparisons, MCQs do not capture gen-
erative abilities such as explaining cultural facts,
expressing empathy, or engaging in culturally ap-
propriate open-ended dialogue. As such, the bench-
mark does not reflect models’ full potential in real-
world, interactive scenarios. Fifth, the current VQA
format (Image + Placeholder — Region) tests only
one type of visual grounding. Alternative visual
query structures could expose different strengths
or weaknesses in multimodal reasoning. Lastly,
while human validation was conducted, annotator
familiarity may have varied across the 16 regions.
For less globally prominent cultures, subtle inac-
curacies or overlooked errors may persist. These
limitations point to important directions for future
work, including multilingual expansion, generative
evaluation, culturally adaptive image synthesis, and
a broader model evaluation landscape.

Ethics Statement

The development and deployment of BLEnD-Vis
were guided by a commitment to responsible re-
search practices. We acknowledge several ethi-

cal considerations inherent in evaluating cultural
knowledge in Al models.

Bias and Representation: The benchmark aims
to reveal potential biases in VLMs concerning cul-
tural knowledge, particularly disparities between
high-resource and lower-resource regions, as ev-
idenced in our results. However, the benchmark
itself could inadvertently perpetuate biases present
in the original BLEnD data or introduced during
image generation (e.g., stereotypical depictions),
despite human validation efforts. By making the
benchmark public, we intend to facilitate research
into identifying and mitigating such biases, promot-
ing more equitable cultural representation in future
models. We focused on everyday cultural knowl-
edge to minimise the risk of evaluating sensitive or
sacred topics inappropriately.

Data Provenance and Annotation: The textual
data originates from the BLEnD dataset (Myung
et al., 2024), which involved human participants
providing cultural information. Consistent with the
original BLEnD dataset’s licensing, we release our
dataset under a CC-BY-4.0 license. Images were
generated using publicly available models and sub-
sequently validated by human annotators following
defined guidelines (Appendix D) to ensure rele-
vance and appropriateness, filtering out problem-
atic content flagged by a majority vote. Annotators
are focused on validation rather than subjective
judgment of cultural value. Furthermore, Al assis-
tants provided support for coding tasks and enhanc-
ing the clarity of manuscript drafts; all such contri-
butions were meticulously reviewed and edited by
the authors to ensure the final work’s accuracy and
adherence to academic standards.

Intended Benefit: Our primary goal is to con-
tribute positively to the Al community by providing
a tool that encourages the development of VLMs
with a more nuanced, robust, and equitable under-
standing of diverse global cultures. We believe
that improving the cultural competence of Al sys-
tems is crucial for fostering user trust, reducing
harm caused by cultural insensitivity, and promot-
ing fairness in global Al applications. The dataset
and associated code will be released publicly to
facilitate transparency and further research in this
critical area.
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A Detailed Performance Breakdowns

This appendix provides further detailed break-
downs of model performance.

A.1 Region Code Mapping

Table 6 lists the 16 cultural regions included in
the BLEnD-Vis benchmark and their corresponding
two-letter codes used internally and in some data
representations.

Code Country / Region Name
AS Assam

AZ Azerbaijan

CN China

Dz Algeria

ES Spain

ET Ethiopia
GB United Kingdom (UK)

GR Greece
1D Indonesia
IR Iran

JB West Java

KP North Korea

KR South Korea

MX Mexico

NG Northern Nigeria
US United States (US)

Table 6: Mapping of Region Codes to Country/Region
Names.

A.2 Performance by Region and Model
(Text-Only Formats)

Figures 3 and 4 illustrate the performance of
each model on the Original Text-Only MCQ and
Rephrased Text-Only MCQ formats, respectively,
broken down by cultural region.

B Dataset Split Details

The BLEnD-Vis dataset, comprising 21,782 MCQ
instances derived from 313 unique question tem-
plate IDs, was partitioned into training and test sets.
The split was performed at the template ID level us-
ing an 80%-20% ratio (250 IDs for training, 63 IDs
for testing) with stratification based on the topic
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Model Performance: Original Text-Only by Region
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Figure 3: Original Text-Only MCQ Performance (%) by Region and Model on BLEnD-Vis (Full Dataset).

Model Performance: Rephrased Text-Only by Region
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Figure 4: Rephrased Text-Only MCQ Performance (%) by Region and Model on BLEnD-Vis (Full Dataset).

category. This ensures that all MCQ instances orig-
inating from the same base template reside in the
same split, preventing data leakage. Table 7 details
the resulting distribution of MCQ instances across
topics for the training and test sets.

C Fine-tuning Details for Cross-Modal
Transfer Experiments

This section outlines the experimental setup for
the cross-modal transfer learning experiments dis-
cussed in Section 4.3.

C.1 Dataset and Splitting

All fine-tuning and evaluation for the transfer ex-
periments were conducted using the BLEnD-Vis
dataset. We utilised the predefined train-test split
detailed in Appendix B, which partitions the 313
unique question template IDs into an 80% training
set (250 IDs; 17,320 MCQs) and a 20% test set

(63 IDs; 4,462 MCQs). This split ensures that no
underlying cultural facts or question templates seen
during training are present in the test set, prevent-
ing data leakage.

Two primary training scenarios were investi-
gated:

1. Text-trained — VQA-test: Models were fine-
tuned on the Rephrased Text-Only MCQs
from the training split and subsequently eval-
uated on the VQA-Style MCQs from the test
split.

2. VQA-trained — Text-test: Models were fine-
tuned on the VQA-Style MCQs from the train-
ing split and subsequently evaluated on the
Rephrased Text-Only MCQs from the test
split.

Zero-shot baseline performance was established
by evaluating the pre-trained models directly on
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Topic Split Count  Percentage
Education Total 1765 8.1%
Train 1366 7.9 %
Test 399 8.9 %
Family Total 2312 10.6 %
Train 1823 10.5%
Test 489 11.0%
Food Total 6681 30.7 %
Train 5302 30.6 %
Test 1379 30.9 %
Holidays/Celeb. Total 4294 19.7 %
Train 3512 20.3 %
Test 782 17.5 %
Sport Total 4650 21.3%
Train 3575 20.6 %
Test 1075 24.1 %
Work life Total 2080 9.5%
Train 1742 10.1 %
Test 338 7.6 %
Overall Total 21782 100.0 %
Train 17320 100.0 %
Test 4462 100.0 %

Table 7: Topic Distribution in Total, Train, and Test
Splits of BLEnD-Vis MCQs.

the respective test splits without any BLEnD-Vis
specific fine-tuning.

C.2 Fine-tuning Hyperparameters

The fine-tuning process for both LLaVA-1.6-7B
and Qwen2.5-VL-7B utilised a consistent set of
key hyperparameters, aiming for a standardised
comparison. LoRA (Hu et al., 2021) was employed
for efficient fine-tuning, targeting all linear lay-
ers. The models were trained for 3 epochs, and
the checkpoint corresponding to the best validation
loss (or training loss if a separate validation set was
not carved out from the training split for hyperpa-
rameter tuning) was selected for final evaluation.
Table 8 lists the pertinent hyperparameters.

C.3 Model Size and Computational Resources

All experiments were conducted utilising NVIDIA
H100 GPUs (80GB). For inference, a single GPU
with a batch size of 1 was employed. Vision-
Question Answering (VQA) tasks required approx-
imately 1.5 to 2.5 hours per model for the full
dataset, and around 10 minutes for split dataset
evaluations. Text-only task inference was faster,
taking 30 to 50 minutes for the full dataset and
approximately 10 minutes for split dataset runs per
model. Model training was performed on a dis-
tributed setup of 8 NVIDIA H100 GPUs, with an
average training duration of approximately 1 hour
per model configuration.

Hyperparameter Value
Fine-tuning Type LoRA

LoRA Rank (r) 8

LoRA Target Modules All linear layers
Learning Rate 1.0e-4

Number of Train Epochs 3.0

LR Scheduler Type Cosine

Warmup Ratio 0.1

Batch Size (per device) 8

Gradient Accumulation Steps 8

Mixed Precision bf16

Optimizer AdamW
Weight Decay 0.01

Max Sequence Length 4000 (cutoff_len)

Table 8: Key Fine-tuning Hyperparameters.

D Human Annotation and Image
Validation

To ensure the quality of all generated assets and to
validate our use of synthetic images, we conducted
a multi-stage human validation process. This in-
volved (1) validating all rephrased question tem-
plates, (2) performing sampled quality assurance
on the main image dataset, and (3) conducting a
direct comparative study of our synthetic images
against a human-curated baseline. All annotators
are research assistants with at least an undergradu-
ate degree.

D.1 Rephrased Question Validation

Three independent annotators evaluated the 320 au-
tomatically generated rephrased question templates
for semantic fidelity and clarity against the original
BLEnD SAQ templates. The goal was to verify
if the rephrased question accurately inverted the
original query while maintaining clarity.

Results: A majority vote (at least 2 of 3 an-
notators) flagged 39 templates (12.2%) as ’Bad’,
often due to semantic misalignment or grammati-
cal issues. These were manually corrected by the
research team. An additional 7 templates were later
excluded due to insufficient distractor options, re-
sulting in the 313 validated templates used for the
final MCQ dataset.

D.2 Sampled Quality Assurance for
Generated Images

All 4,916 images in BLEnD-Vis were generated
using the Gemini 2.5 Flash model. To quantify
the quality of this large dataset, we implemented a
sampled quality assurance protocol.

4661



Task Setup: A random, stratified sample of 500
images (~10%) was evaluated by three indepen-
dent annotators. The annotators’ goal was to deter-
mine if each generated image served as a plausible
and recognisable visual representation of its in-
tended cultural concept, based on the entity, region,
and a descriptive placeholder.

Annotation Guidelines: Annotators were pro-
vided with a detailed protocol to determine if a
generated image serves as a plausible and recog-
nisable visual representation of a specific cultural
concept. For each image, annotators were given
three key pieces of context: the specific ‘entity*
(e.g., "spicy potatoes"), the ‘region‘ (e.g., "Spain"),
and the general category or ‘image_placeholder*
(e.g., "this food").

The core instructions were as follows:

* Mark as ’G’ (Good) if: The image success-
fully conveys the intended concept. The guid-
ing principle was whether someone familiar
with the region’s cultural context would likely
understand that the image represents the in-
tended ‘entity‘. Images were marked G’ even
with minor flaws, such as:

— Slightly unusual art styles (e.g., painterly
or illustrative), as long as the subject was
identifiable.

— Minor visual artefacts or imperfections
(e.g., odd textures, background glitches).

— Representations that might seem generic
in isolation but were appropriate within
the given cultural context.

e Mark as ’B’ (Bad) if: The image fails to
sufficiently represent or convey the core con-
cept. Annotators were required to provide a
brief reason for their judgment. The primary
criteria for a ’B’ rating were:

— Clearly Wrong Subject: The image de-
picts something fundamentally different
from the ‘entity*.

— Misleading or Ambiguous Representa-
tion: The image is so generic, abstract,
or poorly rendered that it fails to repre-
sent the ‘entity‘, even with the provided
context.

— Unusably Distorted: The image has such

severe visual artefacts that the main sub-
ject is unrecognisable or nonsensical.

Annotators were also encouraged to use image
search engines to verify concepts with which they
were unfamiliar, ensuring a high degree of accuracy
in their judgments.

Results: Based on a 2/3 majority vote, 27/500
(5.40%) of the sampled images were flagged as
B’ (Bad). This low error rate suggests a strong
overall quality and recognisability for the Gemini
2.5 Flash image set, supporting its suitability for
our main evaluations.

D.3 Validation Against Human Curation

A key concern for benchmarks using synthetic data
is whether the data serves as a valid proxy for real-
world scenarios. To address this directly, we con-
ducted a controlled experiment comparing VLM
performance on our new synthetic images against
both an older generation of synthetic images and
a newly created, human-curated set of real-world
images.
Methodology:

1. We randomly sampled a set of 100 cultural
facts from our benchmark, disjoint from the
human quality assurance sample.

2. For these 100 facts, we created three parallel
sets of images:

* Synthetic (2.0): Images generated us-
ing an older model (Gemini 2.0 Flash
Image).

* Synthetic (2.5): The final images used
in our benchmark, generated by Gemini
2.5 Flash Image.

* Human-Curated: Real-world images
manually sourced by annotators via web
search engines to best represent the tar-
get concepts. To ensure strict compli-
ance with intellectual property standards,
these images were used exclusively for
this internal comparative experiment and
are not included in the public benchmark
release. This allows us to validate perfor-
mance against real-world data while en-
suring the released dataset remains open-
source and license-free.

3. We ran VQA evaluations for a subset of mod-
els across these three parallel image sets.

Results and Justification: Table 9 presents the
comparative VQA performance. The results show
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that model performance on the new Gemini 2.5
Flash images is nearly identical to performance
on the human-curated images, with a mean dif-
ference of -1.7%. In contrast, the older synthetic
images (Gemini 2.0 Flash) resulted in a signifi-
cant performance drop of over 21.3% compared to
the human-curated set. This experiment provides
strong evidence that the high-fidelity Gemini 2.5
Flash images serve as a valid proxy for real-world
data in our evaluation context, ensuring our results
are robust and representative of real-world visual
understanding challenges.

Human Synth (2.0) Synth (2.5)
Curated (vs. Human) (vs. Human)

63.00 (-20.0) 81.00 (-2.0)
55.00 (-23.0) 76.00 (-2.0)
47.00 (-21.0) 67.00 (-1.0)

55.00 (-21.3) 74.67 (-1.7)

Model

Qwen2.5-VL-32B 83.00
Llama-3.2-Vision-11B  78.00
LLaVA-1.6-7B 68.00

Mean (Overall)

76.33

Table 9: VQA performance comparison. Parentheses
show the performance change (% absolute) of synthetic
images relative to the human-curated baseline.

E Annotation Examples: Rephrased
Questions and Images

This section provides illustrative examples of is-
sues identified during the human annotation phase
(Task 1: Rephrased Question Validation and Task
2: Image Validation), highlighting common failure
modes in automated generation and the importance
of the validation step.

E.1 Examples of Corrected Rephrased
Questions

During validation, 39 rephrased question templates
were flagged by a majority of annotators as 'BAD’
due to semantic misalignment or lack of clarity.
These were manually corrected. Table 10 presents
examples of original templates, their initially gen-
erated (problematic) rephrasings, and the manually
corrected versions used in the final dataset.

The initial rephrasings often failed to capture
the specific nuance of the original question (e.g.,
focusing only on celebration rather than family
association or religious nature) or created grammat-
ically awkward structures. The manual corrections
aimed to restore the original intent while adhering
to the required (Entity — Region) format.

E.2 Examples of ' BAD’ Images

Validation also identified images that failed to accu-
rately or appropriately represent the target concept.
Figures 5 through 7 illustrate examples flagged as
"BAD’ by all three annotators, showcasing common
failure modes such as ambiguous representation,
severe generation artefacts, and a lack of regional
specificity.

Figure 5: ID: Ca-sp-45, Topic: Family, Region: Iran,
Target Answer: ‘north’.

Reason Flagged "BAD’: The image of a family in a
forest is too generic and lacks specific visual cues to
represent a destination in the 'north’ of Iran, failing to
convey the intended concept. Failure mode: Ambigu-
ous/Unclear Representation.

These examples highlight ongoing challenges in
automated image generation, particularly in creat-
ing images that are not only free of artefacts but
also visually specific and culturally/geographically
accurate. The validation step was crucial for identi-
fying such failures.
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Initial (BAD) Rephrasing

Corrected (GOOD) Rephrasing

ID Original Template

Ji-ko-25 What are the family-related holidays
in {country}?

Sa-en-22  What is the most famous university
in {country} known for its sports
team?

New-as-01 What is the most famous religious

holiday in {country}?

Template: During which occasion is
{answer} celebrated?
Placeholder: this celebration

Template: At which university is
{answer} known for its sports team?
Placeholder: this university

Template: During which occasion is
{answer} celebrated?
Placeholder: this religious holiday

Template: In which country/region
is {answer} the holiday most associ-
ated with family?

Placeholder: this holiday

Template: {answer} is the most fa-
mous university known for its sports
team in which country/region?
Placeholder: this university

Template: In which country/region
is {answer} the most famous reli-
gious holiday?

Placeholder: this holiday

Table 10: Examples of Manually Corrected Rephrased Question Templates.

AA2NAGEA YU*F ANAY
ETHIOPIAN PREMIER VAGUE

RAQDIUY YUIFFNGPR
ETHOPUAN PREMIER LEAGUE W9

Figure 6: ID: Th-en-03, Topic: Sport, Region:
Ethiopia, Target Answer: ‘football league’.

Reason Flagged "BAD’: The image contains severe
generation artefacts, such as the player’s lower body
being clipped by the ground, which makes it look unnat-
ural and distorted. Failure mode: Unusably Distorted.

F Prompts Used in Dataset Curation and
Evaluation

This section details the prompts provided to Large
Language Models (LLMs) and image genera-
tion models during the automated stages of the
BLEnD-Vis dataset construction pipeline.

F.1 Tangibility Classification Prompt
(GPT-40)

Purpose: Classify if a question template and its an-
swers refer to tangible concepts suitable for image
generation (Figure 8). Used in Step 2.

ID: Na-ko-45, Topic: Holi-
Region: Azerbaijan,

Figure 7:
days/Celebration/Leisure,
Target Answer: ‘qabala’.
Reason Flagged 'BAD’: The generated landscape
is too generic and does not accurately reflect the
visual characteristics of the actual destination, Qabala
in Azerbaijan. Failure mode: [Inaccurate Regional
Representation.

F.2 Question Rephrasing & Placeholder
Generation Prompt (GPT-40)

Purpose: Rephrase the original question template
to invert the query (Entity — Region) and generate
a generic placeholder text for the VQA-style format
(Figure 9). Used in Step 3.

F.3 Image Generation Prompt
(Gemini-Flash-2.5)

Purpose: Generate a culturally contextualised im-
age representing a specific answer entity, using the
original question for context (Figure 10). Used in
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User Prompt:

Please determine if the following question and its
answers across different regions can be visually
represented in an image.

Question: {question_template}

Answers across regions:
{formatted_answers}

Task: Analyse whether this question and its
answers reference tangible concepts that can be
clearly depicted in an image. Also analyse whether
answers reference specific entities (people or place).

Classification criteria examples:

- Tangible (include): food, drinks, items, sports,
occupations, festivals, commodities, famous people,
infrastructure, religious  symbols, instruments,
clothes, animals, common physical activities

- Intangible (exclude): dates/times, ages, musical
genres, languages, software, numbers, insurance,
abstract concepts, entrance exams, education subjects

Also label whether any answer references a
specific person or place.

For consistency:

1. A question about "What is the most popular X" can
be tangible if X itself can be visually depicted

2. Questions about specific quantities (e.g., "How
many hours...") are generally intangible

3. Questions about time periods, ages, or numeric data
are intangible

4. Consider the question AND the answers - all must be
visually representable

Please respond with:

- is_tangible: true/false

- reason: brief explanation for your decision

- specific_entity: true/false (whether any answer
references a specific person or place)

Format your response in JSON:

"is_tangible"”: boolean,
"reason”: "string”,
"specific_entity”: boolean

}

Figure 8: Prompt used for Tangibility Filtering (Step 2).

Step 4.

F.4 VLM Evaluation Prompt Template

Purpose: General template used to query Vision-
Language Models for all three MCQ formats
(Original Text, Rephrased Text, VQA-Style) in
BLEnD-Vis. For VQA-Style, an image is provided
to the model preceding this textual prompt (Fig-
ure 11).

User Prompt:

Your task is to rephrase the original question template
so that the concept represented by the original
answers becomes the new subject. The goal is to create
a single, natural-sounding rephrased question template
(using an {answer} placeholder) and a single generic
image placeholder text. This rephrased template and
placeholder should work well regardless of which
specific answer (from the examples below or similar
ones) is eventually used. The rephrased question
should implicitly ask for the country/region where the
{answer} fits the description, and it must NOT contain
any country/region information itself.

Original question template:
’{question_template}’

This template can produce questions for different
countries, with answers such as: {sample_answers_str}

Based on the original template and the type of
answers it elicits, please generate:

1. A rephrased question template. It MUST include the
exact placeholder {answer}. It should be phrased to
ask ’In which country/region...?’ or similar, making
the location the expected answer

2. A short, generic text (under 10 words) to be used
as a placeholder when an image of the answer is shown
alongside the rephrased question template. This text
should describe the x*typex of thing the answer is
(e.g., ’this food’, ’this item’, ’this tradition’,
’this landmark’, ’this event’).

Separate the rephrased template and the image
placeholder text with the special sequence:
[IMAGE_PLACEHOLDER_SEP]

Do not add explanations. Ensure the {answer}
placeholder is present in the rephrased template.

Example 1:

Original question template: ’What is a popular street
food snack in {country}?’

Sample answers: ’churros’, ’takoyaki’, ’pretzels’

Your response should be:

In which country/region is {answer} a popular street
food snack?

[IMAGE_PLACEHOLDER_SEP]

this street food

Example 2:

Original question template: ’What is the name of the
traditional clothing worn by women in {country}?’
Sample answers: ’kimono’, ’sari’, ’dirndl’

Your response should be:

In which country/region is {answer} the traditional
clothing worn by women?

[IMAGE_PLACEHOLDER_SEP]

this traditional clothing

Example 3:

Original question template: ’What is a common way to
greet someone in {country}?’

Sample answers: ’bowing’, ’handshake’, ’wai’

Your response should be:

In which country/region is {answer} a common way to
greet someone?

[IMAGE_PLACEHOLDER_SEP]

this greeting

Now, based on the provided original question
template and answer examples, generate the rephrased
template and image placeholder

Rephrased question template and image placeholder

Figure 9: Prompt used for Question Rephrasing & Place-

holder Generation (Step 3).
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User Prompt:
{question_template_instance}

Given the above question, generate a photorealistic
and natural-looking photo of the following:
photo of {original_answer} in {country}.
beautiful, natural, Macro, High detail,
full-color.

4k HDR
focus,

Figure 10: Prompt used for Image Generation (Step 4).

User Prompt:

{formatted_question_text}

Without any explanation, choose only one from the
given alphabet choices(e.g., A, B, C). Provide as JSON
format: {{"answer_choice"”:""}}

o 0O W >

Answer:

Figure 11: General prompt template used for VLM
evaluation across all BLEnD-Vis MCQ formats. For
VQA, an image precedes this text.

G Analysis of Cross-Modal Agreement
Patterns

To provide deeper insight into model behavior, we
analysed the patterns of agreement and disagree-
ment between the Rephrased text-only (R) and
VQA (V) formats across all models. We cate-
gorised each instance into one of five outcomes.
The quantitative breakdowns by topic and region
are presented, followed by qualitative examples
illustrating each pattern.

G.1 Quantitative Analysis of Agreement
Patterns

Tables 11 and 12 show the distribution of outcomes.
The analysis reveals two key patterns:

Systematic Bias in Low-Resource Regions:
Models often share the same incorrect answer
across both text and vision for low-resource re-
gions, suggesting entrenched biases. The ‘Agree
& Incorrect® rate for regions like North Korea
(8.13%) and Assam (6.87%) is over 3 times
higher than for the US (2.00%). This indicates
that when models are uncertain, they converge on
the same plausible (but wrong) high-resource an-
swer in both modalities.

Topic-Specific Modality Strengths: In the topic
breakdown, Work life has the highest ‘Agree &
Correct® rate (51.71%), showing strong cross-

modal understanding. However, it also has the high-
est ‘Disagree (R_Correct)‘ rate (14.33%). This
suggests that concepts related to "Work life" (e.g.,
specific job roles or workplace norms) are well-
represented textually but can be visually ambigu-
ous or difficult to depict in a single image, causing
the VQA modality to fail more often.

Agree- Agree- Disagree Disagree Disagree-

Topic Corr Incorr (RV) (Vv)  Incorr
Food 40.87 533 940 2627  18.13
Sport 4256 397 948 2871 1527
Hols./Celeb. 44.98 4.09 1020 2640  14.34
Family 35.98 474 833 3390 17.06
Work life  51.71 2.96 14.33 1944  11.55
Education 36.30 4.10 827 3436  16.97

Table 11: Cross-Modal Outcome Patterns by Topic (%).

Agree- Agree- Disagree Disagree Disagree-

Region Corr Incorr  (RV) Vv) Incorr
Assam 27.99 6.87 9.98  29.09 26.08
South Korea  56.07 2.54 10.92 22.11 8.37
Mexico 46.57 3.64 843 30.54 10.82
China 59.42 2.41 8.34  22.78 7.05
Indonesia 48.30 3.60 10.71  25.18 12.22
Ethiopia 29.28 4.82 8.18  35.40 22.33
Greece 40.84 4.49 7.57 33.73 13.37
Spain 45.79 3.99 942 27.06 13.75
Iran 35.93 4.37 10.35 34.34 15.01
US 66.34 2.00 11.09 14.53 6.04
North Korea  25.08 8.13 10.41 30.38 26.00
UK 60.63 2.57 9.31 20.52 6.96
West Java 33.96 6.37 10.33 25.31 24.03
Azerbaijan 33.44 4.34 10.03 32.12 20.07
Algeria 25.38 6.64 11.38 27.96 28.64
North. Nigeria 35.93 3.92 12.40 31.17 16.58

Table 12: Cross-Modal Outcome Patterns by Region
(%).

G.2 Qualitative Examples of Agreement
Patterns

We present five examples from the Qwen2.5-VL-
32B model to illustrate each cross-modal outcome.
Each example shows the model’s response to both
text-only (Rephrased) and image-based (VQA) ver-
sions of the same question.
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MCQ Info & | Model Responses (Qwen2.5-VL-
Choices 32B)

MCQID: Th-en- | Rephrased (Text-Only): In which
15_18 country/region is hockey the most

Topic: Sport
Entity: hockey
Choices:

A. Assam,

B. US (Correct),
C. UK,

D. Ethiopia

popular winter sport?
Answer: B. US (Correct)

VQA (Image): In which coun-
try/region is this winter sport the
most popular winter sport?

Answer: B. US (Correct)

Table 13: Agree & Correct — The model correctly an-
swers in both modalities, demonstrating robust, well-
grounded knowledge.

MCQ Info & | Model Responses (Qwen2.5-VL-
Choices 32B)

MCQID: Jo-sp- | Rephrased (Text-Only): In which
02_65 country/region is chess the most

Topic: Sport
Entity: chess
Choices:

A. Mexico,

B. Northern
Nigeria,

C. Greece (Cor-
rect),

D. North Korea

popular sport played without a ball?
Answer: D. North Korea (Incorrect)

VQA (Image): In which coun-
try/region is this sport the most
lar sport played without a ball?

Answer: C Geece (Correct)

Table 14: Disagree (VQA Corrects Text) — The model
fails textually but the visual cue helps it recover the
correct answer, highlighting the value of grounding.

MCQ Info &
Choices

Model Responses (Qwen2.5-VL-
32B)

MCQID: New-
en-59_13

Topic: Family
Entity: russia
Choices:

A. UK,

B. Algeria,

C. Azerbaijan
(Correct),

D. South Korea

Rephrased (Text-Only): In which
country/region is russia the most
popular destination for families to
emigrate to?

Answer: C. Azerbaijan (Correct)

VQA (Image): 1In which coun-
try/region is this destination the most
popular destination for families to
emigrate to?

Answer: A. UK (Incorrect)

Table 15: Disagree (Text Corrects VQA) — The model
succeeds textually but fails with the visual input.

MCQ Info &
Choices

Model Responses (Qwen2.5-VL-
32B)

MCQID: Th-en-
15_1

Topic: Sport
Entity: skiing
Choices:
A. UK
rect),

B. Assam,
C.US,

D. North Korea

(Cor-

Rephrased (Text-Only): In which
country/region is skiing the most
popular winter sport?

Answer: C. US (Incorrect)

VOA (Image): In which coun-
try/region is this winter sport the
most popular winter sport?

LAl

Answer: C. US (Incorrect)

Table 16: Agree & Incorrect — The model provides the
same incorrect answer in both modalities, indicating a
shared, systematic bias.
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MCQ Info &
Choices

Model Responses (Qwen2.5-VL-
32B)

MCQID: Jod-ch-
15_10

Topic: Food
Entity: snail
Choices:

A. South Korea,
B. US,

C. Assam (Cor-
rect),

D. UK

Rephrased (Text-Only): In which
country/region is snail a popular type
of seafood?

Answer: D. UK (Incorrect)

VQA (Image): 1In which coun-
try/region is this seafood a popular
type of seafood?

43

Answer: A. South Korea (Incorrect)

Table 17: Disagree & Both Incorrect — The model is

incorrect in both modalities and provides different an-
swers, suggesting a lack of knowledge.
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H Examples of Parallel MCQ Formats

MCQ-ID

MCQ Format

Question & Options

Al-en-01_1

Original (Region — Entity)

Q: What is a common snack for preschool kids in West Java?
Options:

A. toast

B. candy

C. mashed potato rice

D. jelly

Rephrased (Entity — Region)

Q: For which country/region is jelly a common snack for preschool kids?
Options:

A. Greece

B. North Korea

C. Assam

D. West Java

VQA-Style (Image — Region)

Q: For which country/region is this snack a common snack for preschool
kids?

Options:

A. Greece

B. North Korea

C. Assam

D. West Java

Th-en-01_9

Original (Region — Entity)

Q: What is the most popular summer sport in Ethiopia?
Options:

A. volleyball

B. running

C. swimming

D. badminton

Rephrased (Entity — Region)

Q: In which country/region is running the most popular summer sport?
Options:

A. Spain

B. Ethiopia

C. Azerbaijan

D. Indonesia

VQA-Style (Image — Region)

Image:

Q: In which country/region is this sport the most popular summer sport?
Options:

A. Spain

B. Ethiopia

C. Azerbaijan

D. Indonesia

Table 18: Examples of Parallel MCQ Formats in BLEnD-Vis.
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