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Abstract

Al systems are used worldwide, but they struggle to serve the needs of
culturally diverse populations. Prior work on cultural understanding eval-
uates Al systems on text-only settings or on visual artifact recognition (e.g.
foods, clothing). The ability to reason about visually observable behav-
iors through local social norms, which we call visual norm understanding,
remains unexamined. We introduce NORMVIZ-BENCH, a high quality,
human-validated benchmark of 3,272 contrastive image pairs (6,544 im-
ages) spanning 16 countries. Each pair varies only in the culturally relevant
behavior (e.g., objects, attributes, spatial relations, and actions) that alters
how each image is interpreted. Each image is labeled as conforming to,
violating, or irrelevant to local social norms, and pair-level evaluation re-
quires both images to be correctly classified, thereby preventing reliance on
superficial visual shortcuts. Even the strongest VLMs, Gemini 3.0 Flash and
Qwen2.5 VL 7B, succeed on only 25.3% and 23.0% of pairs, struggling most
with identifying violating and culturally benign visual behaviors. Towards
bridging this, we introduce NORMVIZ-TRAIN, a training dataset of 64k
images paired with explanations. Though absolute performance remains
low (< 30%), finetuning on NORMVIZ-TRAIN improves pair accuracy rela-
tively by up to 86% and 36% for Qwen3-VL 4B and 8B respectively, showing
a path forward to teach models to connect visual perception to cultural
significance. Together, NORMV1Z-BENCH and NORMVIZ-TRAIN establish
visual norm understanding as a challenging and consequential frontier for

multimodal Al. We make our code and data publicly available. !

1 Introduction

As multimodal Al systems are increasingly deployed across culturally diverse settings, the
ability to identify and reason about visually observable social dynamics is a critical capability,
which we refer to as visual norm understanding (Matsumoto & Hwang, 2016; Knapp, 1972;
Geertz, 2017). Consider a celebratory event in Japan where a guest gifts a ceramic plate with
four koi fish (Fig. 1 (a), left image). A Japanese native would recognize this as culturally
offensive (in Japanese the number 4, ‘shi’, is homophonous with the word for ‘death’;
Simon, 1952); in contrast, a plate with three fish (Fig. 1 (a), right image) would be culturally
benign — neither meaningful nor offensive. A crucial step towards Al systems effectively
serving users across global contexts is this ability to not just recognize what is in an image,
but also understand how specific visual behaviors relate to local social and cultural norms.

Yet, current Al training and evaluation has largely ignored this critical ability. Prior work on
evaluating cultural understanding in Al has mostly operated in text-only settings, where cul-
tural context is explicitly provided as input (Durmus et al., 2023; Rao et al., 2024; Kabra et al.,
2023). Efforts in multimodal understanding, meanwhile, have focused on cultural objects

1Code and data available at: https://github.com/Akhila-Yerukola/NormViz
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Figure 1: Overview of NORMV1z-BENCH for visual norm understanding, consisting of
3,272 contrastive image pairs across 16 countries that differ only in the culturally relevant
behavior. (a) A contrastive pair example from Japan; group accuracy requires a model to
correctly classify both images in a pair. (b) Images are sourced via Text-to-Image generation,
inpainting, and Retrieval. (c) Benchmark statistics and pair type distribution.

and artifacts such as foods, clothing, and landmarks (Urailertprasert et al., 2024; Nayak et al.,
2024; Romero et al., 2024). Culturally situated behaviors, such as gifting practices, are hard to
isolate in web-scale image data (Van Miltenburg et al., 2017; Slingerland et al., 2020), making
it difficult to curate data that goes beyond artifact recognition to visual norm reasoning.

To fill this gap, we introduce @’ NORMVIZ-BENCH, a high-quality, diverse, and human-
validated benchmark of 3,272 contrastive image pairs (6,544 images) for evaluating visual
norm understanding across 16 countries. We adopt contrastive pair evaluation since prior
work show models often exploit superficial shortcuts in single-image evaluative settings
(e.g., easier to detect a cup ‘on” vs. ‘under’ a table) whereas contrastive minimal-pair
designs are more robust to such biases (Thrush et al., 2022; Kamath et al., 2023). In our
benchmark, each pair differs only in the culturally relevant behavior, requiring both visual
perception and normative judgment. Given each image, models must determine if the
depicted behavior conforms to (Follow), violates (Avoid), or is irrelevant (Benign) to local
social norms, and must classify both images correctly. Visually detectable cultural norms
are sourced from three human-validated text-based cultural understanding benchmarks
(Chiu et al., 2024; Rao et al., 2024; Yin et al., 2024), transformed into images with benign
counterparts through text-to-image generation, inpainting, and real image retrieval, with
each pair rigorously validated by qualified annotators from the target country (Figure 1).

Using NORMVI1Z-BENCH, we evaluate 21 vision-language models (VLMs) using group
accuracy, the percentage of contrastive pairs where both images are correctly classified. We
find that even the strongest open and closed-source models, Qwen2.5 VL-7B and Gemini
3.0 Flash, achieve only 23.0% and 25.3% respectively. Models struggle most with behaviors
that violate social norms or are culturally irrelevant, and perform worst on cultures
from the Global South, including India, Indonesia, and Kenya. To disentangle sources of
VLM failures, we provide models with (i) image descriptions alongside images, and (ii)
descriptions in place of images. Performance improves in both settings, yet the strongest
models achieve below 45.3% in group accuracy. This gap suggests that cultural normative
reasoning, not visual perception or vision-language misalignment, is the hardest barrier.

To improve visual norm understanding, we introduce NORMVIZ-TRAIN, a large-scale syn-
thetic training dataset of 64k images paired with explanations of the depicted behavior and
its cultural significance. We source cultural norms from CANDLE, a cultural knowledge
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graph (Nguyen et al., 2023), and generate images using Stable Diffusion 3 (SD3). Supervised
finetuning Qwen3-VL models on NORMVIZ-TRAIN yields meaningful improvements in
group accuracy across model sizes: Qwen3-VL 4B improves group accuracy by 86% (14.9%
to 27.7%); Qwen3-VL 8B improves by 36% (19.6% to 26.7%). With 64k training examples,
both models beat Gemini 3.0 Flash (25.3%). Despite these significant gains, absolute group
accuracy remains below 30%, establishing visual norm understanding as an open and con-
sequential challenge that NORMVIZ-BENCH and NORMVIZ-TRAIN together help advance.

2 Related Work

Al Benchmarks for Cultural Understanding. Cultural competence in Al requires not just
knowledge of diverse cultures, but also the ability to reason about cultural norms when
interacting with or representing pluralistic needs (Deardorff, 2009; Bhatt & Diaz, 2024).
Most Al benchmarks studying this have focused solely on text-based evaluation, assessing
knowledge of cultural artifacts and facts (Chiu et al., 2024; Seth et al., 2024; Singh et al.,,
2025), cultural values and beliefs (Durmus et al., 2023; Arora et al., 2023; Cao et al., 2023;
Ramezani & Xu, 2023), and understanding social norms (Rao et al., 2024; Shi et al., 2024).

Multimodal benchmarks, in contrast, have primarily focused on recognition of cultural
artifacts such as food, clothing, and landmarks (Liu et al., 2021; Romero et al., 2024; Nayak
et al., 2024; Vayani et al., 2025; Yue et al., 2024; Schneider et al., 2025; Satar et al., 2025; Kim
et al., 2025a), essentially evaluating object recognition rather than compositional reasoning.
Cultural norms, however, depend on compositional reasoning of social behaviors: under-
standing not just what is present in a scene, but who performs an action, toward whom, and
in what cultural setting (Knapp, 1972; Burgoon et al., 2011). VLMs are known to struggle
with this kind of reasoning in general settings, exhibiting a bag-of-words failure mode
and performing near chance on tasks requiring sensitivity to relational structure, object
attributes, or actions (Yuksekgonul et al., 2022; Ma et al., 2023; Li et al., 2024a; Thrush et al.,
2022; Parcalabescu et al., 2022). Yet whether this weakness extends to culturally situated
visual settings remains unexplored (Yerukola et al., 2025; Kim et al., 2025b; Malakouti et al.,
2025). No existing work, to our knowledge, has systematically evaluated the visual norm
understanding of culturally situated actions, gestures, and behaviors in VLMs.

Data Bottleneck for Training Culturally Grounded Models. A key bottleneck for cultural
alignment is the difficulty of mining high-quality data at scale that encodes not just cultural
facts but also norms, values, and situated behaviors (Pawar et al., 2025). In the text domain,
recent work has addressed this through synthetic data such as LLM-generated cultural
dialogues (Li et al., 2024¢;b; Xu et al., 2025), multilingual critique data (Feng et al., 2025), and
cross-cultural blended data (Yuan et al., 2024). In the visual modality, the scarcity problem
is more acute: cultural norms and social practices are difficult to isolate, label, and index
in web data (Slingerland et al., 2020), leaving multimodal approaches largely confined to
artifact-centric image-QA pairs (Liu et al., 2025; Nyandwi et al., 2025) or real images curated
for cultural safety (Qiu et al., 2025). No existing work has crossed the modality gap, using
culturally grounded textual knowledge to generate visual training data covering social
behaviors and norms that are systematically absent from naturally occurring image corpora.

3 UNORMViz-BENCH Construction

We curate NORMVIZ-BENCH, a benchmark of contrastive image pairs for evaluating visual
norm understanding in VLMs. Our pipeline (Fig. 2) transforms cultural norm descriptions
into image pairs through five stages: (1) norm extraction and structuring (§3.1), (2) metadata
extraction and filtering for visual detectability (§3.2), (3) prompt construction (§3.3), (4)
multi-source image curation (§3.4), and (5) human validation (§3.5).

Task Design Motivation. Prior work on (general) visual compositional reasoning has
shown that single-image evaluation design fails to expose the visual and linguistic shortcuts
that models exploit (Yuksekgonul et al., 2022; Ma et al., 2023; Li et al., 2024a; Hsieh et al,,
2023). Thus, we adopt a contrastive minimal-pair evaluation setup (Gardner et al., 2020;
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Figure 2: NORMVI1Z-BENCH construction pipeline across five stages: (1) collecting cultural
norms from 3 text benchmarks and transforming them into norm-contrast pairs; (2) extract-
ing metadata and social norm type, and then filtering for visual detectability; (3) constructing
prompt descriptions of the contrasting pair, along with inpainting instructions; (4) curating
images via text-to-image generation, inpainting, and retrieval, with initial quality filtering;
and (5) human validation of the entire set from annotators from each of the 16 countries.

Parcalabescu et al., 2022; Thrush et al., 2022), where the two images differ only in culturally
relevant behavior (e.g, number of items in Figure 1 (a)), and models must correctly classify
both. A model that can correctly classify only one of the images might be relying on
superficial features, rather than truly understanding the cultural norm.

Task Formulation. Each image in these pairs depicts nonverbal visual behaviors (gestures,
object attributes, spatial arrangements, or actions). Given an image and its country context,
models must independently classify the depicted behavior as Culturally Significant (Follow),
Culturally Inappropriate (Avoid), or Culturally Neutral (Benign). We evaluate performance
through two metrics: (1) pairwise classification via group accuracy, where both images in a
pair must be correctly classified, (2) single-image classification F1 performance.

3.1 Stage 1: Norm Collection and Structuring

Norm Collection. We source descriptions of cultural norms from three text benchmarks:
CulturalBench (Chiu et al., 2024), NormAd (Rao et al., 2024), and SafeWorld (Yin et al., 2024),
selected for their broad cultural coverage and extensive human validation. ‘Culture’ is
multifaceted, and we focus on several visual nuances covered across these benchmarks, such
as social etiquette, religious practices, celebrations, and daily life. We target 16 countries
prioritizing the Global South and based on data availability: Argentina, Brazil, China, Egypt,
France, India, Indonesia, Italy, Japan, Kenya, Nigeria, Peru, South Korea, Turkey, United
States, and Vietnam (spans 10 UN geoscheme regions). While culture transcends national
borders, countries serve as a meaningful proxy (Adilazuarda et al., 2024), reflecting shared
history and lived experience, and providing a practical starting point for geo-tagging data.

Norm Structuring. We transform each cultural description into a norm—contrast pair using
GPT-40,? extracting a behavioral norm (e.g., “chopsticks should not be anchored in food”)

2We qualitatively validated GPT-4o outputs at every stage of our pipeline, and the final test set
undergoes comprehensive human validation (§3.5)
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and rephrasing it as a contrastive statement that preserves its meaning (e.g., “anchoring
chopsticks in food is considered disrespectful”). We found that visual metadata extraction
is significantly more reliable when using norm—contrast pairs rather than norms alone.

3.2 Stage 2: Metadata and Filtering

Metadata Extraction. Not all cultural norms can be meaningfully depicted in images.
For example, norms about attitudes (e.g., “remain humble”) or verbal conventions (e.g.,
“honorific titles for elders”) lack concrete visual anchors. To identify visually observable
norms, we use GPT-4o to extract structured metadata for each norm—contrast pair, spanning
key items, concrete items, visual contrast, among others (see Appendix D.2 for more details).
We additionally classify each norm as Follow or Avoid based on its social norm type.

Visual Detectability Filtering and Deduplication. Using the extracted metadata, we prompt
GPT-4o0 to score each norm on visual detectability (0-10) based on clarity of representation
and ease of distinguishability, retaining norms scoring > 7/10 as Highly Visual (HV). For
example, “the bride’s family gifts a Japanese tea set” (Low Visual; LV) is filtered out as it’s
hard to visually determine which family gave the gift. We then embed the filtered key items
and apply K-means clustering to merge semantically equivalent norms across the three
source benchmarks, reducing the norm set by two-fold.

3.3 Stage 3: Prompt Construction

For each norm classified as either Follow or Avoid, we use GPT-40 to generate three prompt
types conditioned on the extracted metadata: (1) Follow/Avoid image descriptions: detailed
scene descriptions depicting the relevant social norm behavior; (2) Benign counterfactual
descriptions: scenes retaining the key item in a culturally neutral configuration—neither
meaningful nor offensive (e.g., “A person holding chopsticks while reaching for food”).
We construct Benign counterfactuals for both the norms to Follow (Benigng,o,,) and Avoid
(Benign aypig); (3) Inpainting instructions: minimal editing directives to transform a Fol-
low/Avoid image into its Benign counterpart (e.g., “Change the red envelope to a yellow
envelope”). We generate 5 variations of prompts per category to increase scene diversity.

3.4 Stage 4: Multi-Source Image Curation

For each norm, we curate both synthetic and real images to ensure diversity in visual
style. With a growing prevalence of Al-generated content, there is a need to detect cultural
inconsistencies in generated images, as well as to understand how social norms manifest in
real images within target cultures.

Text-to-Image Generation. We first generate images for both Avoid/Follow and Benign
behaviors independently. We select Imagen 3.@ for its high-quality and culturally competent
image generation (Kannen et al., 2024). We generate 2 images per prompt variation.

Inpainting. To create challenging image pairs with minimal variation, we apply inpainting
instructions only to the generated Follow/Avoid images (e.g., change a red envelope to yellow).
We select Gemini 2.0 Flash (Comanici et al., 2025) for its strong inpainting capabilities that
preserve image coherence while making precise edits to produce Benign counterparts.

Real Image Retrieval. Generated images may not capture how these behaviors naturally
appear in the target country, so we retrieve from country specific image databases instead.
We use the Avoid, Follow, Benign prompts to query country-specific subsets of DataComp
(Gadre et al., 2023), and retrieve up to 20 candidates per prompt.

Quality Filtering. Prompt-image alignment is difficult to control at scale, particularly
when models misinterpret or refuse culturally specific prompts (Yerukola et al., 2025).
Before human validation (§3.5), we apply two types of automatic filtering: (1) VQA-based
scoring (Lin et al., 2024), retaining images with semantic alignment above 0.7 (scale
0-1), and (2) GPT-40-based evaluation verifying that key objects, attributes, and spatial
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relationships are correctly depicted, classifying each image as good, partial, or bad. Only
good images are retained.

3.5 Human Validation

To ensure the ecological validity of our benchmark, we recruited cultural in-group anno-
tators from each of the 16 countries via Prolific (https://www.prolific.com/). Annotators
were prescreened using a pre-qualification test to ensure annotation quality. We obtain
3 annotations per image pair. For each pair, annotators perform three tasks: (1) rate the
prompt-image alignment for each image (good, partial, or bad); (2) independently classify
each image as culturally appropriate, culturally inappropriate, or culturally benign; and
(3) verify that both images depict the same cultural norm (counterfactual validation). To
ensure benchmark quality, we retain only pairs where (1) neither image is rated as a bad
prompt-image match, (2) annotators reach majority agreement on cultural alignment labels,
and (3) norm consistency is confirmed. Since labels are assigned freely, the resulting pairs
are not constrained to the intended Follow/Avoid—Benign structure, resulting in Avoid—Benign,
Follow-Benign, and Follow—-Auvoid pairs, allowing annotators to surface and correct mislabeled
or culturally ambiguous cases. We filter out pairs with the same label.

After our initial quality filtering (§3.4), we obtained 8,456 candidate image pairs for annota-
tion. We recruited 212 annotators across 16 countries (113 male, 98 female, 1 undisclosed),
with each annotator evaluating 70-150 pairs (varied due to availability). After filtering
spam annotations, we retained 21,743 annotations. Of these, 38.6% passed rigorous quality
checks, yielding the final benchmark of 3,272 image pairs across 16 countries. This rigorous
filtering process also specifically guards against any potential Al generator-introduced
biases being passed through to the benchmark. Please find details on the prescreening,
annotation scheme, IRB approval and fair pay in Appendix B.

3.6 NORMVIzZ-BENCH Characteristics

Our final benchmark comprises 3,272 contrastive image pairs (6,544 images; Table 3)
spanning 16 countries from three image sources: text-to-image generation (65.2%), inpainting
(27.6%), and natural image retrieval (7.2%), with three pair types: Follow—Benign (63.7%),
Avoid—Benign (21.7%), and Follow-Avoid (14.6%). Notably, the retrieval subset of 7.2% reflects
how rarely these norms manifest in naturally occurring real images, and their retrieval
is non-trivial. NORMVIZ-BENCH covers a semantically rich range of cultural nuances—
including public conduct, greetings and gestures, festivals, symbolic objects and practices,
gift-giving and dining customs—and requires diverse visual reasoning over contrasting
object states, actions, presence/absence, and gesture differences.

The per-country distribution in NORMVIZ-BENCH is uneven (Figure 8; Vietnam: 410 pairs,
China: 344, vs. United States: 92), partly due to the country coverage decisions inherited
from our seed benchmarks (see §3.1), but also reflects a well-established distinction between
high-context and low-context cultures in cross-cultural communication theory (Hall, 1976;
2000). High-context cultures (e.g., Japan, China) embed meaning in nonverbal cues, body
language, and situational context, which are precisely the visually observable norms our
benchmark targets, whereas low-context cultures (e.g., the United States) rely more on
explicit verbal communication and thus exhibit fewer visually distinctive, detectable non-
verbal norms. Please refer to Appendix C and D for full details on benchmark construction,
prompts used, and benchmark characteristics.

4 Benchmarking: Setup, Results, and Analysis

Setup and Metrics. We evaluate 21 VLMSs covering proprietary and open-weight systems.
We prompt models with each image and ask them to classify its social acceptability within a
specified cultural context: “In the context of {country}’s cultural and social norms, classify the
social acceptability of the behavior shown in this image.”. Models choose from three options:
(A) Culturally Meaningful/Significant, (B) Culturally Inappropriate/Offensive, or (C) Culturally
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Benign/Neutral. We set temperature to 0.0 for all experiments. We report two metrics: (1)
Group accuracy for pairwise classification, and (2) macro F1 for single-image classification.

Closed source Open source
Conditi Gemini 3 GPT GPT Qwen25 LLaVA Qwen3 Qwen2.5 GLM-4V Phi-3V Aya Qwen3 DS-vI2 A
ondition flash 52 4o 7B OV7B 8B 3B 9B 42B Vis.8B 4B 1B V8
Group Accuracy (%)
NORMVIZ-BENCH 25.3 22.7 163 23.0 19.8 19.6 18.3 16.7 16.1 15.4 14.9 13.8 18.5
$ +Image Descriptions 327 378 235 30.8 27.3 28.1 275 23.1 29.9 26.7 23.0 19.7  27.5

& + Image Desc. (w/oimg)  40.8 453 372 32.7 343 40.2 29.7 31.0 35.8 28.7 30.7 27 324
Macro F1

NORMVIZ-BENCH 55.8 45.6 415 442 443 43.6 44.6 42.5 40.2 37.3 37.7 40.6  43.2
$ + Image Descriptions 63.6 60.8 50.5 48.9 48.5 50.0 522 47.4 49.9 443 43.7 454  50.4
¢ + Image Desc. (w/oimg)  68.0 66.5 62.8 53.2 53.6 60.2 56.0 53.9 56.4 48.5 52.9 268 54.9

Table 1: Performance across the top 12 evaluated models, ordered by group accuracy within
closed- and open- source groups. Best and second-best model are highlighted. Group
accuracy for all models is critically low. We run two oracle ablations: (1) + Image Descriptions
- image with text description; (2) + Image Desc. (w/o img) - replace input image entirely with
text description. We find that performance generally improves in both settings, indicating
cultural visual perception and vision-language alignment are bottlenecks. However, the
best model under these settings achieves 45.3% group accuracy (GPT 5.2), suggesting that
cultural normative reasoning is the biggest barrier. Full results for all 21 models in App. E.

Main results. Current VLMs struggle significantly with visually grounded cultural reason-
ing. Across all models, group accuracy is strikingly low, with the best-performing models
Gemini 3.0 flash, GPT 5.2, Qwen2.5 VL 7B, and LLaVA OneVision-7B achieving only 25.3—
19.8% (see Table 1; full results in Table 4). Macro F1 scores for single-image classification
are also weak, ranging from 55.8 to 44.2 across these top models. This gap reveals a fun-
damental limitation: since contrastive pairs differ only in a culturally relevant visual detail,
getting both images right is necessary for assessing visual norm understanding. Relatively
stronger F1 but strikingly low group accuracy suggests models rely on shallow cultural
associations rather than the subtle visual distinctions that separate these categories. Perfor-
mance further varies substantially across regions: Sub-Saharan African, Southern Asian,
and Southeast Asian regions show the lowest group accuracy, while Western European
and South American countries (particularly Argentina and Brazil) perform comparatively
better (Appendix E.3). Finally, while larger models tend to perform slightly better, scaling
effects are inconsistent across model families. Refer to Appendix E for more details.

Three Barriers: Visual Perception, Cultural Vision-Language Alignment, and Cultural
Normative Reasoning To probe whether failures stem from visual perception, vision-
language misalignment, or cultural reasoning, we conduct two oracle ablations using
NORMVIZ-BENCH (rows 2, 3 in Table 1). First, we provide models with ground-truth image
descriptions alongside the image (+ Image Descriptions).> Second, we remove the image
entirely, providing only the image description (+ Image Desc. w/o img). We note that these
ablations do not perfectly isolate each factor and are best interpreted as generous upper
bounds rather than clean separations. Nonetheless, the consistent significant performance
improvements are indicative of several barriers.

The first ablation yields consistent improvements (avg. +9.0 group accuracy, +7.3 F1;
Wilcoxon signed-rank across models, p < 0.001 for both metrics), indicating that visual
perception is a significant bottleneck with VLMs struggling to correctly interpret what is
depicted in culturally-laden images. Yet absolute performance achieved remains critically
low (avg. 27.5% group accuracy, 50.4 F1), suggesting that perception alone does not explain
the failures. Strikingly, removing the image entirely improves performance further (avg.
32.4% group accuracy, 54.9 F1; Wilcoxon signed-rank, p < 0.05 for both metrics). This points
to a vision-language misalignment between encoding culturally-specific image content

3Image descriptions are the exact prompts used for image generation and retrieval (e.g., “A pair of
chopsticks standing upright in a bowl of rice”)
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Figure 3: Single-image F1 performance of the top three models: (a) across data sources and
(b) across social acceptability labels. Naturally retrieved images are the most challenging,
followed by inpainted images, with independently generated images being the easiest. De-
tecting offensive content is the most difficult task, while identifying the benign counterparts
of offensive behavior is easier than detecting offensive content.

and its textual description. Modern VLMs are trained to align visual content with general
linguistic descriptions (Yu et al., 2022; Tschannen et al., 2025; Bai et al., 2025), but perhaps
cultural alignment is sparse in that training signal, causing the two signals to conflict rather
than reinforce each other—turning the image into a source of noise rather than information.
Yet even under this most favorable condition, absolute performance remains far from
perfect. This points to a second, deeper barrier: models lack the cultural knowledge to make
normative judgments about the behaviors described, regardless of how those behaviors are
conveyed. Visual perception and cultural VL alignment are meaningful bottlenecks, but the
ability to reason about the cultural appropriateness remains the harder barrier to bridge.

Performance by Data Source. Figure 3 shows the best closed source model (Gemini 3
Flash) and top 2 open source models (Qwen 2.5 VL 7b, LLaVa-OneVision 7b). We find that
retrieval-based images are the hardest (F1 drops 2-21 points), followed by inpainted images,
while independently generated images are easiest (Figure 3 (a)). Natural retrieval-based
images likely contain more visual variability and noise than synthetic alternatives. For
inpainting, the minimal differences between image pairs likely make it harder to detect
changes in cultural behaviors, whereas independently generated pairs tend to exhibit more
pronounced differences, making it easier to identify them.

Performance by Social Acceptability Labels. As seen in Figure 3 (b), models are consid-
erably better at detecting culturally significant behavior (Follow, 58-67 F1) than culturally
offensive behavior (Avoid, 14-54 F1), with Qwen 2.5 7B exhibiting the most extreme disparity
(58.7 vs. 13.8). For Benign images, models more reliably identify the benign counterpart of
an Avoid norm than that of a Follow norm (e.g., Qwen2.5 7B: 63.3 vs. 57.0), suggesting that,
to models, the visual contrast of benign situations with offensive behavior is more salient than the
contrast with culturally significant behavior.

5 Improving Cultural Visual Reasoning

Our ablations reveal three sources of failure in VLMs: difficulty perceiving cultural content,
vision-language misalignment, and limited cultural knowledge and normative reasoning
capabilities. We hypothesize these gaps stem partly from training data limitations: current
VLMs rarely encounter culturally grounded examples that connect visual content to cultural
significance (Van Miltenburg et al., 2017). However, mining high-quality data at scale for
improving cultural competence remains an open and hard challenge (Slingerland et al.,
2020). To test whether targeted finetuning on synthetically generated data can help fill these
gaps, we construct NORMVIZ-TRAIN and finetune Qwen3-VL models.

5.1 NORMVIZ-TRAIN Construction

We source descriptions of cultural norms from CANDLE (Nguyen et al., 2023), a large-
scale broad-coverage cultural knowledge graph extracted from C4 web crawls (Raffel et al.,
2020). We use GPT-4o to filter out norms appearing in NORMVIZ-BENCH’'s evaluation set
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to prevent data leakage. Then we apply the same pipeline as §3, limiting to text-to-image
generation to prioritize data scale over source diversity. We use Stable Diffusion 3 (SD3)
(Esser et al., 2024), a strong open-source T2I model, to avoid closed-source API costs and
forgo human validation. Hence, the resulting training set thus consists of cultural norms
explicitly disjoint from NORMVIZ-BENCH, and further differs from it in image source, using
SD3 rather than Imagen 3.0 (and Gemini 2.0 Flash for inpainting) used in NORMVI1Z-BENCH.
Although the resulting training dataset may contain inconsistencies, noisy training data
remains beneficial at scale (Karpukhin et al., 2019; Nguyen et al., 2024; Zhai et al., 2023; Goyal
et al.,, 2024), and no such large-scale culturally-grounded training resource otherwise exists.
To further mitigate quality concerns, we aggressively filter image-text pairs using VQA
scoring (as in §3.4). Please refer to Appendix F.1 for additional details on decontamination
and data-quality efforts.

5.2 Supervised Finetuning (SFT)

Training data is formatted as VQA instances mirroring the evaluation setup in §4. Each
instance consists of an image, the question* with answer options (representing Follow, Avoid,
or Benign), and a structured explanation generated by GPT-40. The explanation targets two
barriers identified by our ablations (§4), consisting of: (1) a visual grounding component i.e.,
what is depicted and (2) a reasoning component explaining how it is culturally appropriate.
Models are trained to produce this explanation followed by the social acceptability label,
encouraging verbalization of visual content before reasoning over cultural appropriateness.

Experimental Setup. We finetune on individual image-text pairs (not image-image
pairs), allowing flexible resampling across social acceptability labels. We experiment
with three settings: balanced with equal label distribution; follow-heavy which oversamples
Follow norms; and avoid-heavy which oversamples Avoid norms. To ensure balanced
representation across all cultural norms, we select the top 20 images per norm ranked by
VQA score, yielding 64,288 (64k) training examples. All Qwen3-VL models are finetuned
for 3 epochs with a learning rate of 2e-7. We initially experiment with Qwen2.5 VL 7B,
and switch to Qwen3 VL upon its release. We see moderate gains on Qwen2.5 VL 7B with
NORMVIZ-TRAIN. See Appendix F.2 and E3 for further details.

5.3 Results
Overall By Source (F1) By Label (Macro F1)
Model Group Acc MacroF1 T2I Inp. Ret. Follow Avoid Benign B_ayid B-rollow
Quwen3-VL 4B
Baseline 14.9 37.7 373 405 282 59.7 12.1 41.3 43.6 40.4
Finetuned 27.7 51.0 52.5 48.7 364 60.5 29.8 62.6 66.4 61.3
Quwen3-VL 8B
Baseline 19.6 43.6 435 459 326 61.1 19.3 50.5 56.6 48.1
Finetuned 26.7 51.5 53.5 50.9 35.9 62.5 35.0 57.1 63.1 54.9

Table 2: Finetuning results on Qwen3-VL 4B and 8B (follow-heavy 64K), by image source and
label type. Inp.=Inpainting; Ret.=Retrieval; B_ayoiq=Benign_ayoid; B-rorow=Benign_gonow

Finetuning on NORMVIZ-TRAIN consistently improves performance across all model sizes
and label distributions (Table 2). Follow-heavy with 64k training data leads to the largest
gains: group accuracy improves by 86% and 36% for Qwen3-VL 4B and 8B, respectively.
Gains are consistent across image sources (e.g., for 4B: generated +41%, inpainting +20%,
retrieval +29%) and social acceptability labels, with particularly strong improvements in
detecting offensive content (+145% for 4B; +82% for 8B). The finetuned 4B model also beats
both the finetuned 8B (27.7 vs. 26.7) and Gemini 3.0 Flash (27.7 vs. 25.3), suggesting that
task-specific finetuning on culturally grounded data can be particularly beneficial for smaller
models. Further details of all finetuning experiments are in Appendix E.3.

#'In the context of {country}’s cultural and social norms, classify the social acceptability of the
behavior shown in this image.”
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Figure 4: Improvements from finetuning Qwen3 VL 4B on NORMV1z-TRAIN (a) Group
accuracy gains, broken down by cultural norm domains and visual contrast types (left
and right, respectively) in NORMVIZ-BENCH; asterisks (*) indicate significance level. (b)
Country-wise group accuracy gains organized by UN geoscheme (shown on right); gains
are largest in Southern Asia, South-Eastern Asia, and Sub-Saharan Africa.

Improvements across countries and semantic cultural nuances. Finetuning yields consis-
tent gains across most countries (Figure 4b of Qwen3 4B finetuned vs baseline; significance
via paired bootstrap test, BH-FDR corrected). The largest group accuracy improvements
are seen in culturally underrepresented regions such as Southern Asia, South-eastern Asia,
and Sub-Saharan Africa (15-25 points), followed by modest gains in European countries
(8-11 points); Argentina is the only country to regress (-11.5 points). Beyond improvements
across countries, fine-tuning also yields significant gains along visual and semantic cultural
dimensions. Among visual contrast types, gains are strongest and statistically significant
(McNemar'’s test, BH-FDR corrected, p < 0.001) for Presence/Absence, Action/Activity,
Gestures/Body Language, and Clothing/Accessories (Figure 4a). Among norm domains,
the largest gains appear in Rituals, Offerings & Ancestral Customs, Public Behavior & Activities,
and Dining Etiquette (p < 0.001), with Greetings & Gestures also significant (p < 0.01) (Figure
4a). Full country-level and semantic category breakdowns are provided in Appendix E.5.

Discussion. We show that finetuning on synthetically generated images and structured
explanations of NORMVIZ-TRAIN is a significant first step, though we demonstrate this
only for the Qwen model family, where it yields gains across all image sources and labels.
However absolute group accuracy remains less than 30%. Further improvement likely re-
quires richer training signals such as spatial supervision (e.g., bounding boxes), contrastive
objectives that better align vision and language for cultural content, or new architectures bet-
ter suited to perceiving and reasoning about cultural behaviors. Retrieval at inference time
from varied sources, such as external text or image knowledge bases or richer modalities like
video, combined with data transformation methods (e.g., converting between modalities),
is a promising path forward. Together, NORMV1Z-BENCH and NORMVIZ-TRAIN pave the
way for systematic progress on cultural visual norm reasoning.

6 Conclusion

We introduce 2’ NORMV1z-BENCH, a human-validated benchmark for evaluating visual
norm understanding comprising 3,272 image pairs across 16 countries. VLMs perform
poorly on this task, struggling most with offensive behaviors and non-Western cultures, due
to three compounding barriers: cultural visual perception, vision-language misalignment,
and normative reasoning. We introduce NORMV1Z-TRAIN, a 64k synthetic training dataset;
finetuning on it leads to significant gains on Qwen3-VL, beating Gemini 3.0 Flash. We high-
light visual norm understanding as an open challenge for equitable, globally competent AL
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Our work advances the culturally grounded visual norm understanding in vision-language
models, which bears immense potential to build inclusive and context-aware systems to
prevent harm and ensure equitable applicability. At the same time, it is important to consider
both ethical factors and societal impact:

Existence of Multiple Cultural Proxies Cultural norms are not monolithic; multiple
variations often exist within a single country, region, or social group. Defining culture in the
context of Al systems is challenging, with prior work categorizing approaches by cultural
proxies, linguistic interactions, and measurement strategies (Adilazuarda et al., 2024). Our
work uses country boundaries as a demographic proxy for culture. While this approach is a
practical starting point, broader evaluation through diverse proxies is needed to capture the
full cultural landscape (Bhatt & Diaz, 2024).

Risks in Annotation Recent work has shown that exposure of potentially offensive con-
tent can be harmful to the annotators (Roberts, 2016). To mitigate these risks, we obtained
informed consent before participation and offered fair compensation at $12/hour. Only es-
sential demographic information was collected, and our annotation study is also supervised
by an Institutional Review Board (IRB).

Biases from LLM-generated pipeline Our pipeline relies on LLMs and generative text-to-
image models to filter cultural norms, generate contrastive prompt pairs, and synthesize
benchmark and training data. Consequently, the dataset may inherit systemic biases from
these underlying architectures, such as Western-centric or stereotypical defaults. To miti-
gate this, we conduct rigorous multi-stage validation by in-country annotators across 16
countries.

Harm Prevention and Intended Use While documenting culturally offensive behaviors
carries inherent risks, such as the potential for misuse or the misrepresentation of cultural
practices, we are committed to minimizing them. We believe the benefits of improving Al
systems’ cultural awareness, inclusivity, and safety outweigh the potential harms (Larimore
et al., 2021; Ipsos, 2016). The research is intended to contribute to the development of Al
systems that are less likely to inadvertently cause cultural offense or misinterpretations. We
explicitly do not endorse the use of the data for harmful purposes, including generating
offensive content, exploiting cultural differences for malicious intent, or developing biased
and discriminatory Al technologies.
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A NORMVIZ-BENCH Examples

In Argentina, the hand gesture that forms a circle with In Japan, nabemono or nabe, is a meaningful communal
the thumb and index finger, commonly understood as "OK" dining experience whereas sticking incense sticks is often

in many cultures, is considered vulgar.

sociated with funeral and death

In China, a traditional gift of money in a red paper In Mv burgers are finger-food, whereas
envelope, symbolizes good luck and protection from evil eating it with chopsticks would be considered rude.
spirits.

Figure 5: More examples of image pairs from NORMVIZ-BENCH

B Annotation Framework Details

We use Prolific https://www.prolific.com/ to collect annotations. We first pre-screen
annotators from the specific country in question (e.g., China), approval rate: 90-100% and 20-
10,000 number of previous submissions, and corresponding Ethnicity if applicable (e.g., East
Asian). Next, to ensure annotation quality, we required all annotators to pass a qualification
task before participating in the main annotation study. The qualification task consisted of 5
high-quality, unambiguous image pairs with known ground-truth labels. Annotators were
required to achieve 80% accuracy (4 out of 5 pairs correct) to qualify. A pair was considered
correct only if both images in the pair were labeled correctly. Figures 6 and 7 present
the annotation instructions and the annotation framework questions. Annotators were
compensated at the rate of $12/hr. Our annotation study is covered under the institutional

review board (IRB) of our organization.
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Introduction

Inthis study, we aim ity of images, as wellas. i d Your il help improve Alsystems.
nnotation Task

Youril asocial norm from China, along with Image-1 and Image-2) and to generate them (Prompt-1 ot

NoteThese images can either be generated using text-to-image d

our taskis to evaluate each image on two dimensions:

1. Prompt Match:
2 i the action or gesture in the image within the context of social norms in China?

Prompt Match

Assess how well and h ions, objects, object atrby i . Consider:
«+ 1 Note: An image does NOT need to exact alignment or matching it's more about the intent and behind it.
5 ob

s who is doing what, where the objects or peaple are located, and how they are interacting?

| Prompt Match Scoring Categories:
+ Good match

All key actions, objects, i ribes, and its intention.
+ Partial match

be missing or different. The image captures the general dea of the promt, i the meaning.

+ Mismatch Bad Match:

Key el issing, compl o

Social Acceptability

the action, behavior, or the in China. Consi action or object would be interpreted in local context.

| Social Acceptability Scoring Categories:
« Culturally Meaningful / Si
The image shows behavior that is respected, encouraged, in the culture.
« Culturally Inappropriate | Offensive | Avoided:
‘The image shows behavior that would be seen as offensive, taboo, rude, or y , etiquette, or religious values.
« Culturally Benign / Neutral:

portant. Its neutral, Its actions which , often chosen offensive.

historical

. Tips for Evaluating Social Acceptability:

o objectin is respected, encouraged, ly in Chir > gful [ Significant

+ Does the image show something that would be offensive, insulting, rucie, taboo or Is it something that Offensive | Avoided

o y i offensive AND NOT ingful? Is it simply okay to do, itis, in China but NOT a tradition with cultural
value. It might be a behavior chosen it > Culturally Benign | Neutral

earss
Notes / Important things to keep in mind

Prompt Match

the prompt, and NOT

+ Consider , objects, or attrib

> Does the image relect the underlying meaning?

Social Acceptability Scoring

o historical,

. y 1 Significant i ject in the i i i cte q, ly in China?

. y i i be offensive, insulting, rude, taboo or culturally inappropriate in China? i SGEtING that Should 5e AVOIDED?

. y [Neutral activity with i fter NoT ly of oly okay to do, ing that NO cultural sigr i i
NOT a tradition with cultural value. Is it simply okay to do?

« 1 Note: y Benign ] 1s hardest. Make sure. if the action or object has any ignificance, oris it v thatis ust okay to do?

Figure 6: Annotator instructions

18



Published as a conference paper at COLM 2026

Cultural Context

While previously mentioned in a general context, this specific aspect hasizes the imp of haw ch icks are placed. Sticking them vertically into a bowl
of rice is particularly taboo because it resembles Incense sticks used in offerings to the dead, symbolizing death and mourning.

Image-1 Image-2

Prompt-1: A bowl of rice with two Prompt-2: A bowl of rice with two
chopsticks standing straight up init, in a chopsticks lying on the side of the bowl, in
Chinese restaurant. a Chinese restaurant.

Q1. How well does align with the prompt?

O Good match = All key actions and object(s) from the prompt are clearly shown.

Partial match - Some key elements are missing, unclear, or incorrect.
o They do NOT atfect the meaning too much.

' Mismatch | Bad Match - The image does not reflect the key elements of the prompt.

Q2. Evaluate the social acceptability of , based on social norms and the
Note: Independent of the prompt matchl!.
O Culturally Meaningful [ Significant - Positive, respectful, or culturally significant.
C Culturally Inappropriate [ Offensive [ Avoided — Offensive, disrespaectful, or generally avoided.
O Culturally Benign [ Neutral = Okay to do, but no particular cultural meaning.

(Optional) Briefly explain your reasoning for the social ptability labels you assigned to Image 1.

Q3. How well does align with the prompt?

O Good match - All key actions and object(s) from the prompt are clearly shown.

Partial match = Some key elements are missing, unclear, or incormect.
8] They do NOT atfect the meaning too much.

' Mismateh | Bad Match - The image does not reflect the key elements of the prompt.

Q4. Evaluate the social acceptability of , based on social norms and the
Note: Independent of the prompt matchtl,

O Culturally Meaningful [ Significant - Positive, respectful, or culturally significant.
© Culturally Inappropriate [ Offensive [ Avoided — Offensive, disrespectful, or generally avoided.
© Culturally Benign [ Heutral = Okay to do, but no particular cultural meaning.

(Optional) Briefly explain your reasoning for the social

labels you assi dto lmage 2.

Q6. Do and show the same cultural norm, even if shown in different ways?,

) Yes - Both images represent the same cultural norm {whether or not a clear contrast is shown).
O Mo - The images represent different norms or practices.

) Unelear - Cannot determine if they represent the same or different cultural norms.

Figure 7: Annotation Framework with Example
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Vietnam
China

South Korea
Japan
Indonesia
India

Italy
Argentina

Peru

France

United States

B Text-to-image
B Inpainting
Bl Retrieval

200 300 400
Number of Contrastive Pairs

Figure 8: Country-wise distribution of the contrastive pairs in NORMV1z-BENCH, broken

down by image source type.

C YNORMViz-BENCH Data Characteristics

Our final benchmark contains 3272 con-
trastive image pairs, spanning across 16
countries. It comprises of image pairs
from three sources: text-to-image, inpaint-
ing and natural image retrieval. Through
human validation, we have three pair types:
Follow-Benign, Avoid-Benign and Follow-
Avoid. Table 3 shows a summary of the data
statistics of NORMV1Z-BENCH.

To characterize the semantic coverage
of NORMVIZ-BENCH, we embedded
keyphrases and visual contrast descrip-
tions from the metaadata using OpenAl’s
text-embedding-3-small model and ap-
plied K-means clustering to group them
into thematic categories. = Number of
clusters were selected by sweeping over
a range of k values and evaluating elbow
and silhouette scores, with GPT-40 used to
assign interpretable labels to each resulting
cluster. This yielded 11 norm domains (e.g.,
Dining Etiquette, Greetings & Gestures,
Festivals & Celebrations) and 7 visual

Metric Count
Total Image Pairs 3272
Total Images 6544
Unique Norms 1140
Countries 16
By Image Source
Text-to-Image 65.2%
Inpainting 27.6%
Retrieved Natural 7.2%
By Pair Type
Follow—Benign 63.7%
Avoid-Benign 21.7%
Follow—Avoid 14.6%
By Label
Follow 39.1%
Avoid 18.2%
Benign 42.7%
Table 3: Summary statistics  of

NORMVI1Z-BENCH.

contrast types (e.g., Object State, Presence/Absence, Action/Activity). Overlapping or
redundant clusters were subsequently merged by hand. Figure 9 shows the semantic
coverage of NORMVIZ-BENCH across different types of cultural domains and contrasting

visual differences.
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Social & Public Conduct

Festivals & Celebrations

Rituals, Offerings &
Ancestral Customs

Dining Etiquette

Seating & Spatial
Arrangements

Greetings & Gestures

Symbolic Objects
& Practices

Clothing & Attire Norms

Hand Usage Etiquette

Gift-Giving Customs

Footwear Etiquette

194 (17.0%)
eating in public, nose blowing
147 (12.9%)
bonfires, fireworks, water fights

121 (10.6%)
grave cleaning, food offerings, paper burning

109 (9.6%)

chopstick placement, finishing food

101 (8.9%)
offering seats to elderly, host/guest seating

99 (8.7%)
cheek kissing, bowing, OK sign

98 (8.6%)
red ink, jade bracelets, lucky characters

74 (6.5%)
removing hats, traditional dress

68 (6.0%)

right vs left hand, two hands

68 (6.0%)

opening gifts, wrapping color

61 (5.4%)
shoe removal, pointing soles at others

o

50 100 150 200
Count (n = 1,140)

250

Object State

Action / Activity

Presence / Absence

Clothing &
Accessories

Gestures /
Body Language

Hand Usage

Color

296 (26.0%)

wrapped/unwrapped, lit/unlit, open/closed

270 (23.7%)

eating vs not, using vs not, walking through vs not

253 (22.2%)

, parade

107 (9.4%)

=
s
k3
3
@
T

traditional vs non-traditional, hat on/off, shoes on/off

102 (8.9%)

bowing, OK sign, thumbs up, cheek kissing

70 (6.1%)

right vs left, one vs two hands

42 (3.7%)

white vs non-white, purple vs other, vibrant vs dull

o

100 200

Count (n = 1,140)

300 400

Figure 9: Semantic coverage of NORMVI1Z-BENCH across norm domains and visual contrast
types. Norm domains span a broad range of cultural behaviors, from everyday etiquette (e.g.,
Dining Etiquette, Hand Usage Etiquette, Footwear Etiquette) to ceremonial and symbolic
practices (e.g., Festivals & Celebrations, Rituals, Offerings & Ancestral Customs, Symbolic
Objects & Practices), with Social & Public Conduct being the most represented domain.
Visual contrast types are dominated by Object State, Action/ Activity, and Presence/Absence,
reflecting that cultural norms are most commonly expressed through what objects are used,
how actions are performed, or whether culturally significant elements appear at all.
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D “NORMVIiz-BENCH Construction

D.1 Stage 1: Norm Collection and Structuring

We source cultural descriptions from three benchmarks: CulturalBench, NormAd, and
SafeWorld, spanning 16 countries: Argentina, Brazil, China, Egypt, France, India, Indonesia,
Italy, Japan, Kenya, Nigeria, Peru, South Korea, Turkey, United States, and Vietnam. We
obtain a total of 7,463 cultural norms across the 16 countries (179 from CulturalBench,
5,783 from NormAd, and 1,501 from SafeWorld). If a cultural description involves multiple
behaviors (e.g., Don’t give knives, or scissors as gifts”), we decompose it into separate
descriptions during norm structuring (e.g., Don’t give knives as gifts,” “Don’t give scissors
as gifts”) to ensure a single item focus. Figure 10 shows the prompt used for norm structuring
with GPT-4o.

D.2 Stage 2: Metadata Extraction and Filtering

Metadata Extraction and Visual Detectability Details To identify if a cultural norm is
visually detectable, we use GPT-4o to extract structured metadata from each norm-contrast
pair. We found metadata extraction from this pair to be significantly better than using just
the norms alone, since this task requires reframing the norm contrastively to determine
what metadata to extract. The metadata captured includes: the key item of focus, concrete
objects, visual contrast between adherence and violation, contextual setting (e.g., festival,
funeral), spatial relationships, temporal independence, visual ambiguity, and any abstract
concepts involved.

Using these fields, we score each norm on visual detectability on a scale of 0-10, where
0-3 is Low Visibility (LV), 4-7 is Moderately Visual (MV), and 8-10 is Highly Visual (HV).
The score is computed across three sub-dimensions: clarity of visual representation of
the violation (0—4), ease of distinguishing violation from adherence (0-3), and amount of
additional context needed (0-3). In addition to visual detectability, we classify the social
acceptability of each norm into one of three categories: norms to Avoid (behaviors that trigger
discomfort or social rejection) and norms to Follow (positive or appropriate behaviors). We
filter out the norms that score less than 7/10 retaining only the highly visual (HV). Figure
11 shows the full prompt used for metadata extraction and visual detectability.

Deduplication with K-means We deduplicate norms across the three benchmarks using
BAAI/bge-m3 (Chen et al., 2024) embedding model, selected for its strong performance
on multi-granularity inputs (e.g., 'knife’ vs. ’cleaver’) . For each norm, we embed the
cultural norm description and key-item from the metadata, to capture both broader context
and the focal behavior. We cluster these embeddings using K-means with K = N /2. We
manually look through the norms and estimate a reduction in half; further we do not
perfect deduplication. Within each cluster, we use GPT-40 to consolidate semantically
equivalent norms into a single representative norm-transformation pair, merging their
metadata accordingly.

D.3 Stage 3: Prompt Construction

For each norm classified as either Follow or Avoid, we construct three kinds of prompts:
1) image descriptions to depict the exact social behvaior. We use these for Text-to-image
generation and Retrieval; 2) construct benign counterparts, i.e., transform the norm into
a culturally neutral situation 3) generate inpainting instructions to use with Gemini 2.0
Flash. We construct all these prompts using GPT-40. For each norm, we construct 5 prompt
variations per each category. Figure 12 shows the prompt used for the norms to avoid
(similar version for norms to follow)
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Norm Structuring

Task: You will be given a cultural description for {COUNTRY}. It may contain

— multiple norms. Your task is to extract these multiple norms (and their

< corresponding double negation violation transformations) into individual JSON
— dictionaries. Final output will be a list of JSONs.

Guidelines:

A cultural description may cover MULTIPLE norms involving various actions,

— objects, event usages (e.g., usages in different festivals) or contrastive
< scenario usages (e.g., look for phrases like "rather than”, "instead”,

— "alternatively” etc). If an action or object is appropriate in one setting,
< and inappropriate in a different setting, they should be separate norms. In
— all these settings, these should be separate JSONs.

Your goal is to:

1. First extract DIRECT distinct norm/s containing sufficient information of the
— objects, actions, and background scene information (when and where it occurs).
< All norms should be distinct and direct, with no unnecessary details.

For example, consider the cultural description "Taboo items for gifts are itemA,
— itemB, itemC etc and these are inappropriate as gifts."” Here, each of the
taboo item -- itemA, itemB, itemC -- should be SEPARATE JSON objects with
fully sufficient information, e.g., "itemA are a taboo item and are
inappropriate as gifts.” is one norm, "itemB are a taboo item and are
inappropriate as gifts.” is the second norm, and so on.

2. Next for each of the norms, construct violation transformations. Make sure the
— original intended meaning of the norm is maintained. Consider the following
— distilled, extracted Norm: "The bride's family often gifts a tea set to the
< couple as a keepsake."” The transformation would be: "Not gifting a tea set by
— the bride's family is considered not appropriate.”

There are a few ways to construct this transformation: negate the core action or
— state, reverse or modify the specified action, change the context or setting,
< etc. IMPORTANT: Make sure the original intended meaning of the norm is

< maintained in the norm transformation.

IMPORTANT: A cultural description about {COUNTRY} which covers multiple aspects
< should be separate distinct norm-transformation pairs encoded as separate
JSON objects. Norm - transformation JSON objects should be direct, separate
and disjoint, with no overlapping information. Avoid norm - transformation
pairs which are too generic. DO NOT include information that is not present in
the cultural description.

Ll

Output: Provide each norm-transformation in the following structured JSON format:
{"Norm": "<text>", "Transformation”: "<text>"}

Output the final output as a list of JSONs: [{"Norm": "<text>", "Transformation”:
o "<text>"3}, ..]

Only generate the final result without any additional descriptions or

— explanations.

Figure 10: We transform each cultural description into a norm-contrast pair using GPT-4o.
Here a 'norm’ is a singular behavior whereas ’contrast’ is just a contrastive reframing of the
same norm, preserving its meaning.
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Metadata Extraction and

Task: You will be given a pair of sentences representing a NORM from {COUNTRY}. Your task is to extract specific
< information about the norm, and classify whether it can be visually detected/depicted in an image, along with if the
< social offensiveness category of the norm.

Notes: The pair of sentences for a NORM are represented by "Norm” and "Transformation” -- these are rewrites of the same
< information. "Transformation” is the double negation interpretation of the "Norm”.
Use this Norm pair to extract the information about the norm.

Your goal is to:

Extract meta-data about the norm in the following structured format.

Key item: This is the key focus point of the norm pair

Concrete objects: This is the list of the concrete, easily identifiable objects in the norm pair

Visual Contrast: Given a pair of images with one with following the norm, and the other violating the norm, is there a
clear visual difference in identifying the norm?

Contextual: Specify the context when this norm is occurring, e.g., festival, funeral (if specified in the norm pair)
Spatial Relationships: Given a pair of images with one following the norm, and the other violating the norm, do they
involve any specific, visually apparent arrangements?

Temporal Independence: Can the following or violation of the norm be captured in a single moment, or does it require a
sequence?

Visual Ambiguity: Given a pair of images with one following the norm, and the other violating the norm, how likely is it
that the violation image could be misinterpreted or confused with adherence?

Abstract Concepts: Does the norm (following or violation) primarily involve intangible ideas or relationships?

PRl leeleros

2. Classify the Visual Detectability of the norm in an IMAGE

There are three types of classifications for Visual Detectability:

A. Highly Visual (HV): Norms that are easily represented and detected in a single image.

B. Moderately Visual (MV): Norms that can be represented visually but may require some additional context.

C. Low Visibility (LV): Norms that are challenging to represent or detect visually without significant context or
< explanation.

Develop a scoring system to quantify visual detectability:
0-3: Low Visibility (LV)

4-7: Moderately Visual (MV)

8-10: Highly Visual (HV)

Score based on:

- Clarity of visual representation of norm (0-4 points) @: norm is not visually detectable 1: norm is barely visible or
< requires extensive context 2: norm is somewhat visible but could be easily missed 3: norm is clearly visible with some
< context 4: norm is immediately and obviously visible

- Ease of distinguishing not-adherence from adherence (0-3 points) @: No visual difference between adherence and

< not-adherence 1: Little to no visual difference between adherence and not-adherence 2: Some visible difference, but
< could be subtle 3: Clear and obvious visual difference

- Amount of additional context needed (0-3 points) @: Cannot understand the norm visually, regardless of context 1:

< Requires extensive additional context to understand the norm changes 2: Needs some context, but the core norm change is
< visually apparent 3: Norm and changes to it are clear with minimal or no additional context needed

Note: Quantity is often tricky and less visually detectable, if there are more than say 5-10 items essential to a norm, its
< hard to visually detect that (e.g., 50 students in a classroom).

3. Classify the type Social Norms. There are also three types of Social Norms:
A. Norms to Avoid (Avoid)
B. Norms to Follow (Follow)

Given each pair of norm, classify the type of Norm:
- Is the Norm something to avoid as it triggers discomfort or social rejection (Avoid)? Or is positive, appropriate and the
< right thing to do (Follow)?

Overall, for each cultural norm:

a. Identify the key elements of the norm .

b. Evaluate the violation scenario against only the relevant classification criteria.
c. Assign a visual detectability category (HV, MV, or LV) based on the evaluation.

d. Classify the social norm type (Avoid, Follow)

Examples:
<added 4 few-shot examples>

Output Guidelines: Provide the out in the following structured JSON format:

{"meta-data”: {"Key-Item”: "<text>", "Concrete Objects”: "<text>", "Visual Contrast”: "<text>", "Contextual”: "<text>",
— "Spatial Relationships”: "<text>", "Temporal Independence”: "<text>", "Visual Ambiguity”: "<text>", "Abstract

< Concepts”: "<text>"}, "Visual Detectability”: {"Clarity”: <num>, "Contrast”: <num>, "Additional Context”: <num>,
< "Final Score Total”: <num>, "Final Label”: "HV/MV/LV"}, "Social Norm Type": "Avoid/Follow” }

Only generate the final result without any additional descriptions or explanations.

Figure 11: Prompt used to extract structured metadata and classify visual detectability and
social norm type for each norm-contrast pair using GPT-4o.
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21, Inpainting, and Retrieval

Task: You will be given a cultural norm focused on a core action from {COUNTRY}. Your task is to generate five text-to-image
< (T2I) generation prompts that clearly illustrate the norm being violated. You also have to generate corresponding

< counterfactual BENIGN alternatives of the T2I prompts within the context of {COUNTRY}, where the focus is still on the
< key item but the norm is neither being followed nor is it being violated, i.e, such an action has no meaning within
< {COUNTRY}. Final output will be a list of five T2I prompt violating the norm--counterfactual benign pairs.

Workflow:

A. T2I prompt and counterfactual benign prompt pairs:

T2I-prompt -> T2I model -> Image-1

T2I-benign-prompt -> T2I model -> Image-2

B. Masking and In-painting with the T2I prompt:

T2I-prompt -> T2I model -> Image-1

Masking-and-In-painting-instruction + Image-1 -> In-painting model -> Image-2 (T2I-benign-prompt equivalent)

Input:

A. Norm: The specific norm to focus on.

B. Meta-data of Norm: {"Key-Item”: "<text>", "Concrete Objects": "<text>", "Visual Contrast”: "<text>", "Contextual”:
< "<text>", "Spatial Relationships"”: "<text>", "Temporal Independence”: "<text>", "Visual Ambiguity”: "<text>",

< "Abstract Concepts”: "<text>"}

C. Key-focus: The core idea of the norm.

Key steps in task:

1. Generate T2I prompts illustrating "Violating" the norm

2. Generate corresponding simple culturally relevant Counterfactual T2I prompts to illustrate "Benign” alternates

3. Instead of the Counterfactual T2I prompt, generate a simple masking and in-paining instruction to convert the image
< generated from the T2I prompt to the image that would be generated from the Counterfactual Benign T2I prompt.

Your goal is to:

1. Generate T2I prompts illustrating "Violating” the norms:

- Keep the focus on the key-items: concrete objects or actions in the norm. The goal is to generate T2I prompt instructions
< that can be used to generate images to visually represent violating the norm using the key objects or actions. Such
— images will be representative of culturally inappropriate and disrespectful social behavior in {COUNTRY}.

- If the norm includes behavior to avoid, then represent those objects and actions in the T2I prompts.

- Make use of the meta-data to keep the focus on the key-items, objects, and actions. Include any contextual scene

< information necessary. The goal is to create realistic depictions of these norms.

- Make sure the T2I prompts are simple, direct, and focused.

IMPORTANT: The T2I prompts illustrating the "Violating” should exclusively depict the key-item and its directly related
< components as described in the norm. Do not introduce any additional objects, actions, or customs not explicitly

< mentioned in the norm description, even if they are generally associated with the broader cultural context.
IMPORTANT: DO NOT include any mention of children, kids, babies or any faces of humans in the T2I prompts.

2. Generate corresponding Counterfactual T2I prompts to illustrate culturally "Benign" alternates:

- Benign alternatives refer to manipulating the object or action attributes, such as color, item, position, etc, such that
< the image is culturally neutral or irrelevant with regards to the key-item. Make sure these benign alternatives are NOT
< culturally meaningful and NOT culturally inappropriate/discouraged. The alternative action or object should be neutral
< and insignificant.

- IMPORTANT: The counterfactual prompts should still be situated in the setting of the {COUNTRY} culture.

- IMPORTANT: Focus on the visually detectable alternatives, such as color, item, position, etc. CAN BE REPEATED with slight
< variations (e.g., yellow flowers vs white flowers vs blue flowers) Changing the contents of an item (e.g., money in bag
< or envelope) cannot be detected. Often slightly increasing or decreasing quantity (like number of items) cannot be

< detected. Easily identifiable and detectable alternatives need to be prioritized.

3. Generate masking and in-painting instructions:

- Generate instructions that can be used to convert the image generated from the T2I prompt to the image that would be
< generated from the Counterfactual T2I prompt.

- Make sure the instructions are simple, clear, direct, and focused on the key-items, objects, and actions.

- Sample instructions: "change the color of red item to blue”, "move the item from left to right”, "replace the iteml from
<> the image with item2”, "change the position of the item from upright to flat” etc. Try to focus on only one change in
< the instruction.

- Make sure the instructions correspond to the counterfactual prompts generated in step 2.

- Make sure the instructions have the same information as the key focus objects or actions, e.g., do not change "gifting
< with one hand” to "holding with one hand”. Maintaining the key details as in stepl will make the in-painted

< instructions specific and easy to execute.

- MAKE SURE THE INSTRUCTIONS ARE SIMPLE AND EASY

Guidelines:

Content:

- T2I prompts illustrating "Violating” the norms should be simple, direct, and focused on the visual aspects of the norm
< and key items, objects, or actions.

- T2I prompts illustrating "Benign"” alternatives should be neutral and culturally IRRELEVANT. They should NOT be culturally
< meaningful OR inappropriate. EASY TO IDENTIFY objects should NOT BE meaninful variations (e.g., do not replace red

< envelopes with teacups for China, do not replace right hand with both hands for India, etc). Always check if the benign
< alternative is culturally neutral and irrelevant.

- In-painting instructions should be clear, direct, and easy to execute. Focus on only 1 change in the instruction.

- IMPORTANT: The T2I prompts illustrating the "Violating” should not introduce any additional objects, actions, or customs
< not explicitly mentioned in the norm description, even if they are generally associated with the broader cultural

— context.

Output:

- Provide each violating prompt - benign prompt - benign inpainting instruction triplet in the following structured JSON
— format:

{"T2I-Prompt": "<text>", "T2I-Benign-Prompt": "<text>", "T2I-Benign-Inpainting-Instruction”: "<text>"}

- Output the final output as a list of five JSONs: [{"T2I-Prompt”: "<text>", "T2I-Benign-Prompt”: "<text>",

< "T2I-Benign-Inpainting-Instruction”: "<text>"},...]

- Ensure the prompts do not mention "based on description” or "based on norm or meta-data”.

- Only generate the final result without any additional descriptions or explanations.

Figure 12: GPT-40 Prompt used to construct prompts for norms to avoid. A similar variant is
used for norms to follow.
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D.4 Stage 4: Multi-Source Image Generation

Text-to-Image Generation We use Imagen 3.0 (imagen-3.0-generate-002) for T2l image
generation. We generate 2 images per prompt variation (Avoid/Follow and the correspond-
ing Benign)

Inpainting We use Gemini 2.0 Flash (gemini-2.0-flash-exp-image-generation) for ap-
plying inpainting instruction to generated Avoid/Follow images. This is used to generate
inpainted Benign counterparts.

Real Image Retrieval We use DataComp to retrieve images using the Avoid/Follow and
Benign prompts used for T2I generation. We query country-specific subsets of DataComp.
These subsets are created by parsing image URLs and categorizing them based on the
country-code top-level domain they contain (e.g., “.in” are assigned to the India subset). We
embed all prompts and images using CLIP ViT-bigG-14 (Radford et al., 2021) and retrieve
up to 20 candidates per prompt based on cosine similarity. We pair the retrieved Follow/Avoid
and Benign images, removing any near-duplicates.

Quality Filtering We apply two stages of quality filtering on the retrieved and generated
images. First, each image and the prompt used for generation/retrieval are embedded using
clip-flant5-xx1 and then we compute VQAScore (Lin et al., 2024). We retain only images
that exceed a similarity threshold of 0.7 (out of 1), which is determined after qualitatively
evaluating the images and associated scores. Second, we apply a GPT-40-based filter that
evaluates alignment between each image and the same prompt used for generation/retrieval.
GPT-40 is prompted to consider the objects, spatial relations, and actions mentioned, and
classifies the image-prompt pair as a Good Match, Partial Match, or Bad Match; we retain
only Good Match images. The retained images are sent for full human validation. Figure 13
contains the prompt used for quality filtering with GPT-4o.

GPT-40 Quality Filter

How well does the image reflect the prompt "{caption}”.

Note that it doesnt have to be exact alignment with the prompt, its more about the
< intent behind it.

Guidelines:

1. Pay attention to the objects, object attributes and spatial relations of the
— objects mentioned in the prompt

2. Pay attention to the actions specified in the prompt, along with the actors.

Score whether it is:

1. Good Match

2. Partial Match

3. Bad Match

Output option number and option name.

Figure 13: Prompt used for quality filtering with GPT-4o0
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Overall By Source (macro F1) By Label (macro F1)
Benign
Model Group Acc. Macro F1 Generated Inpainting Retrieval Follow Avoid All Avoid Follow
PaliGemma 2 3B 0.0 18.8 18.6 18.5 20.8 56.3 0.0 0.0 0.0 0.0
LLaVA 157B 1.5 22.3 23.3 20.8 17.9 34.7 324 0.0 0.0 0.0
PaliGemma 3B 2.0 19.6 19.3 18.5 21.9 0.0 319 278 255 28.4
BLIP-2 2.7B 3.8 26.3 25.7 25.5 331 7.1 139 579 635 56.3
Molmo 2 8B 5.0 31.5 32.0 32.1 24.3 56.4 319 61 103 4.6
LLaVA-NeXT 1.6 7B 10.8 38.5 40.8 37.1 22.8 42.6 339 391 362 39.9
Gemma 3 4B 11.7 34.6 34.7 35.1 31.0 58.7 105 347 396 329
InternVL 8B 129 877 37.9 898} 27.1 59.4 164 374 439 35.0
InternVL 2B 13.4 36.2 36.3 36.8 31.9 58.9 102 394 440 37.7
DeepSeek-VL2 1B 13.8 40.6 41.6 39.6 34.2 53.8 27.7 402 403 40.1
Qwen 3 4B 14.9 37.7 37.3 40.5 28.2 59.7 121 413 436 40.4
Aya Vision 8B 15.4 8728} 37.9 B745) 28.1 59.5 7.3 451 520 42.5
Phi-3V 4.2B 16.1 40.2 40.8 39.1 38.9 57.1 147 488 532 47.3
GLM-4V 9B 16.7 425 43.4 41.8 353 5912 238 446 473 43.7
Qwen 2.5 3B 183 44.6 47.3 41.9 30.9 53.7 27.7 522 573 50.4
Qwen 3 8B 19.6 43.6 435 45.9 32.6 61.1 193 505  56.6 48.1
LLaVA-OneVision 7B 19.8 44.3 452 42.9 38.5 58.5 194 548 592 53.2
Qwen 2.57B 23.0 44.2 44.8 435 41.3 60.3 138 587 633 57.0
GPT-40 16.3 41.5 42.4 41.2 30.7 61.8 20.5 423 498 392
GPT-5.2 22.7 45.6 47.0 42.6 40.5 58.8 179  60.0 639 58.6
Gemini 3 flash 25.3 55.8 58.4 52.6 37.0 66.8 53.8 519 632 47.8

Table 4: Performance of 21 VLMs on NORMV1Z-BENCH. Bold indicates best within category
(open-source or closed-source), underline indicates second-best within category. Models
within 0.1 points are highlighted together. Green background = open-source, orange =
closed-source.

E Benchmarking Results

E.1 Main Results

Table 4 shows the performance of all 21 VLMs on NORMVI1z-BENCH, broken down by
image source and by social acceptability label. Table 5 and Table 6 show the performance of
all 21 VLM models, with the two oracle ablation experiments.

E.2 Effect of Model Size.

Model size shows weak positive Pearson correlations with performance (F1: r = 0.29; group
accuracy: r = 0.26), but scaling effects vary substantially across families. Qwen 3 exhibits
the most robust scaling, with both F1 and group accuracy improving consistently from
4B to 8B (+5.9 and +4.7 percentage points, respectively). Other families show inconsistent
patterns: Qwen 2.5 7B improves in group accuracy (23.0% vs. 18.3%) but not F1 (44.2% vs.
44.6%) over Qwen 2.5 3B; and InternVL 8B shows minimal or negative change relative to the
InternVL 2B variant on both metrics (37.7% vs. 36.2% F1; 12.9% vs. 13.4% group accuracy).

E.3 Per Country Performance

Countries in the Global South and non-Western regions prove consistently harder for most
models. Kenya and India show the highest fractions of underperforming models (17 out of
21), followed closely by Indonesia (16 out of 21) and a four-way tie among China, Peru, the
United States, and Vietnam (15 out of 21), suggesting that VLMs struggle disproportionately
with visual norms from these regions relative to their own overall performance. In contrast,
Brazil, Argentina, Egypt, and France see far fewer models underperforming (3—-6 out of
21), indicating more consistent recognition of visual norms from these countries. This
asymmetry points to a systematic gap in how well current VLMSs generalize across cultures,
likely reflecting imbalances in the cultural composition of their training data. Figure 14
shows the performance of 21 VLMs across 16 countries.
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Condition Group Acc. Macro F1 Generated Inpainting Retrieval Follow Avoid Benign_; Benign_ayiq Benign_gojiow
Closed source
Gemini 3 flash 253 55.8 58.4 52.6 37.0 66.8 53.8 51.9 632 478
¢ +Image Descriptions 327 63.6 66.2 60.2 51.1 721 68.6 57.1 69.8 52.4
S +Image Desc. (w/o0 img) 40.8 68.0 70.4 66.0 51.3 74.0 70.4 61.0 73.3 56.5
GPT 5.2 22.7 45.6 47.0 42.6 40.5 588 179 60.0 63.9 58.6
§ +Image Descriptions 37.8 60.8 62.9 57.0 56.2 700 468 65.6 69.2 64.3
S+ Image Desc. (w/o0img) 453 66.5 69.1 61.2 62.9 738 565 69.3 725 68.1
GPT-40 16.3 41.5 424 41.2 30.7 61.8 205 423 49.8 39.2
% +Image Descriptions 235 50.5 51.9 48.8 434 65.6 36.4 494 58.1 45.8
S +Image Desc. (w/0 img) 372 62.8 65.3 58.8 52.3 713 56.3 60.7 69.1 57.5
Open source
Qwen 2.57B 23.0 442 448 435 41.3 603 13.8 58.7 63.3 57.0
§ +Image Descriptions 30.8 48.9 49.2 48.6 46.8 673 179 61.5 63.1 60.9
S +Image Desc. (w/o0 img) 32.7 53.2 55Ml! 49.3 50.9 68.5 29.9 61.1 62.1 60.7
LLaVA-OneVision 7B 19.8 443 45.2 429 38.5 585 194 54.8 B2 B2
% +Image Descriptions 273 48.5 49.4 47.0 44.0 65.4 21.1 59.0 62.8 57.4
S +Image Desc. (w/o0 img) 343 53.6 55%4 50.1 46.5 68.9 27.9 64.1 65.5 63.5
Qwen 3 8B 19.6 43.6 435 45.9 32.6 611 193 50.5 56.6 48.1
§ +Image Descriptions 28.1 50.0 50.7 49.7 432 672 271 55.7 59.9 54.0
S +Image Desc. (w/o0 img) 40.2 60.2 624 56.1 543 722 410 67.4 68.3 67.1
Qwen 2.5 3B 18.3 44.6 47.3 419 30.9 537 277 52.2 578} 50.4
§ +Image Descriptions 275 52.2 54.0 489 46.6 63.3 347 58.6 61.6 57.6
§  +Image Desc. (w/o0 img) 29.7 56.0 57.2 54.3 48.7 672 437 57.0 53.1 58.2
GLM-4V 9B 16.7 42.5 43.4 41.8 85,3 592 238 44.6 47.3 43.7
¢ +Image Descriptions 23.1 474 48.7 452 433 63.5 33.4 453 437 459
S +Image Desc. (w/0img) 31.0 53.9 55.8 50.5 48.4 66.0 402 55.7 56.3 3
Phi-3V 4.2B 16.1 40.2 40.8 39.1 389 57.1 147 48.8 53.2 47.3
< +Image Descriptions 29.9 49.9 50.6 48.7 48.1 65.9 239 59.8 63.6 58.4
g . Image Desc. (w/0 img) 35.8 56.4 58.0 53.1 525 673  36.6 65.3 68.5 64.2
Aya Vision 8B 154 876! 79 875! 28.1 59.5 73 45.1 52.0 42.5
¢ +Image Descriptions 26.7 443 449 43.6 39.8 64.7 12.1 56.0 57.4 5515
S +Image Desc. (w/0 img) 28.7 485 49.8 464 42.8 65.2 23.3 56.9 58.4 56.3
Qwen 3 4B 149 37.7 37.3 40.5 28.2 59.7 121 413 43.6 40.4
< +Image Descriptions 23.0 43.7 435 45.0 39.8 64.4 15.3 51.2 55.7 494
LI Image Desc. (w/o0 img) 30.7 524 54.7 49.9 47.6 675 337 57.6 58.8 57.1
DS-VI2 1B 13.8 40.6 41.6 39.6 342 53.8 277 40.2 40.3 40.1
¢ +Image Descriptions 19.7 454 46.2 447 38.2 60.7 31.1 443 40.2 45.6
S +Image Desc. (w/0 img) 27 26.8 27.5 252 26.5 0.2 20.5 59.8 68.1 57.5

Table 5: Full results for models evaluated in the main paper (Table 1), including per-source
and per-label Macro F1 breakdowns. Models are ordered by baseline Group Accuracy
(descending) within each source group. Bold = best within source group; underline =
second-best. Shaded rows show oracle ablations: (1) + Image Descriptions — image with text
description; (2) + Image Desc. (w/o img) — text description only, no image.
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Condition Group Acc. Macro F1 Generated Inpainting Retrieval Follow Avoid Benign_; Benign_ayiq Benign_gojiow
Open source (remaining models, ordered by baseline Group Accuracy)
InternVL 2B 13.4 36.2 36.3 36.8 319 589 102 39.4 44.0 37.7
% +Image Descriptions 19.8 39.4 40.0 38.5 37.6 62.2 8.7 47.3 48.1 47.0
§  +Image Desc. (w/o0 img) 337 50.0 51.2 46.9 49.0 66.5 16.9 66.5 66.6 66.5
InternVL 8B 129 37.7 379 39.3 27.1 59.4 164 374 43.9 35.0
¢ +Image Descriptions 223 46.3 47.8 44.5 38.1 64.3 247 49.8 57.1 46.7
& +Image Desc. (w/0img) B515] 57.6 60.0 B8I5) Bl 700 411 61.8 64.4 60.8
Gemma 3 4B 11.7 34.6 347 35.1 31.0 587 105 347 39.6 329
§ +Image Descriptions 14.0 36.6 37.3 35.5 35.5 60.1 11.8 37.9 43.1 35.9
S +Image Desc. (w/o0 img) 25.8 48.1 49.2 46.5 4.7 644 251 54.7 59.8 52.7
LLaVA-NeXT 1.6 7B 10.8 38.5 40.8 371 22.8 426 339 Sl 36.2 399
% +Image Descriptions 20.5 50.5 5286) 48.5 39.2 658 424 43.2 421 43.6
S +Image Desc. (w/0img) 26.6 55.4 56.4 549 45.7 66.1 448 553 57.8 542
Molmo 2 8B 5.0 315 32.0 321 243 564 319 6.1 10.3 4.6
§ +Image Descriptions 224 472 48.8 45.8 37.3 65.8 32.8 432 452 425
S +Image Desc. (w/o0 img) 30.1 52.8 54.7 493 485 675 356 55.4 61.2 53.2
BLIP-22.7B 3.8 26.3 25.7 25.5 33.1 ol 139 57.9 63.5 56.3
% +Image Descriptions 42 26.4 257/ 254 36.4 119 ©.3 58.0 62.7 56.6
S +Image Desc. (w/o img) 1.9 25.7 26.0 233 24.0 22 20.8 54.1 58.5 52.8
PaliGemma 3B 2.0 19.6 19.3 18.5 219 0.0 319 27.8 25.5 28.4
§ +Image Descriptions 14 204 19.8 20.1 21.1 0.0 32.3 29.3 25.1 30.5
S+ Image Desc. (w/o0 img) 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
LLaVA 1.57B 15 223 283 20.8 179 347 324 0.0 0.0 0.0
% +Image Descriptions B3 36.5 3 5% Sl 65.0 397 4.7 3.0 53
S +Image Desc. (w/0img) 5.0 36.3 36.9 35.6 31.1 663 402 23 19 25
PaliGemma 2 3B 0.0 18.8 18.6 18.5 20.8 56.3 0.0 0.0 0.0 0.0
§ +Image Descriptions 0.0 18.6 18.5 18.4 20.0 56.2 0.0 0.0 0.0 0.0
S+ Image Desc. (w/o0 img) 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Table 6: Full results for the remaining 9 open-source models not included in Table 1, ordered
by baseline Group Accuracy (descending). Bold = best within this group. Shaded rows
show oracle ablations: (1) + Image Descriptions — image with text description; (2) + Image
Desc. (w/o img) — text description only, no image. Note the large gap between baseline and
ablation for Molmo 2 8B (5.0 — 30.1) group accuracy with image descriptions, indicating
especially poor vision-language alignment.
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# models below
overall group acc

Argentina + 4/21
Brazil + 3/21
France + 6/21
Egypt + G2t

9/21

Italy + ‘ 8/21
Nigeria + " 9/21
Japan + . 12/21

South Korea - +. . 14/21

Indonesia . 16/21

Peru 15/21

United States + 15/21

Vietnam 15/21
India '+ 17/21
China + 15/21
o §8 Individual model
Kenya * —@— Mean across models
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Figure 14: Group accuracy of 21 vision-language models (VLMs) across 16 countries. Each
dot represents an individual model’s group accuracy (%) for a given country, and the
diamond marker shows the mean across all models. Countries are ordered from lowest
(bottom) to highest (top) mean group accuracy. The fraction on the right (e.g., 17/21)
indicates how many models score below their own overall group accuracy. For example, a
model with an overall mean group accuracy of 15% that scores 8% on India would count
toward this fraction. Higher fraction indicates that the country is consistently harder for
most models relative to their average performance across all countries. Countries are color-
coded by geographic region.
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F Improving Cultural Visual Reasoning

F1 NORMVIZ-TRAIN Construction Additional Details

We construct NORMVIZ-TRAIN from CANDLE (Nguyen et al., 2023). Norm de-
contamination between training and benchmark data is crucial, so we perform explicit
norm-level semantic deduplication between CANDLE and NORMVIZ-BENCH’s evaluation
set before constructing NORMVIZ-TRAIN. For each of the 16 countries, we provide GPT-40
with each CANDLE candidate norm and the full set of test norms from that country (23-93
norms per country; mean 57.5, std. 22.4), and prompt it to identify semantic matches regard-
less of surface phrasing, discarding any candidate flagged as a match. This involves 62,323
GPT-40 calls across all countries. Please find the prompt used in Figure 15. To validate the
efficacy of GPT-4o filtering, one author manually validated 50 randomly sampled judgments:
48 were in perfect agreement with the model, and the remaining 2 were false positives (over-
flagged as matches when they were not), with no false negatives identified—indicating the
filter is conservative in the direction of removing more candidate overlap rather than less.

On the resulting decontaminated set, we apply the same pipeline as §3: structuring norms
into norm—contrast pairs, extracting metadata, and filtering for visual detectability. To pri-
oritize data scale over source diversity, we rely solely on text-to-image generation. After
filtering CANDLE across 16 countries for visual detectability, we retain 15,331 cultural de-
scriptors of highly visual social behaviors, each tagged as Follow or Avoid. For each norm,
we generate 10 T2 prompts for both the Follow /Avoid and its corresponding Benign coun-
terpart (Benign_Follow or Benign_Avoid), then generate 10 images per prompt using Stable
Diffusion 3 (SD3) (Esser et al., 2024), yielding 100 images per norm variant and 100 for the
corresponding benign version. Next, we score each norm image against both its own prompt
and its benign counterpart using VQA (as in §3.4), and vice versa for the benign images,
yielding four cross-evaluated scores per image pair. We then compute a discriminabil-
ity score per pair: = (norm_image_on_norm_prompt + benign_image_on_benign_prompt) —
(benign_image_on_norm_prompt + norm_image_on_benign_prompt). This rewards pairs
where each image aligns strongly with its intended prompt while remaining semanti-
cally distant from the other. We retain only pairs exceeding a discriminability threshold of
0.8, and select the top n € {10,20} pairs per norm, treating n as a control variable in our
experiments. Through this rigorous filtering, we ensure data quality of NORMV1Z-TRAIN.
We also run a targeted training experiment using only the NORMV1z-BENCH norms, gener-
ating a different training set using it, and measure performance difference only to find only
marginal improvements (later in §F.4).

NORMVIZ-TRAIN-NORMVIZ-BENCH norm decontamination

System Prompt: "You are a helpful assistant that analyzes whether social norms are
semantically similar. You will be given a candidate norm and a list of
reference norms. Your task is to identify if the candidate norm semantically
matches any of the reference norms. Return a JSON with three fields: 1.
"is_match”: true if there's a semantic match, false otherwise 2.
"matching_norms”: list of indices of matching norms (empty if no match) 3.
"explanation”: brief explanation of your reasoning”

I

Lol

User Prompt: "Candidate norm: {train_norm}. Reference norms:
{formatted_test_norms}. Determine if the candidate norm semantically matches
any of the reference norms. Consider that norms can be phrased differently but
have the same meaning. Focus on the core social rule rather than superficial
wording differences. Return your analysis in JSON format as specified.”

I

rid

Figure 15: Prompt used for excluding NORMVI1Z-BENCH norms from NORMVI1Z-TRAIN
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Figure 16: Finetuning results for Qwen3 VL 4B and 8B models across label distribution
configurations (balanced, follow-heavy, avoid-heavy) and data scales (32k and 64k)

E2 Experimental Setup

We experiment with three label distribution configurations: balanced (25% each of Follow,
Avoid, Benigngyow, Benign ayoiq), follow-heavy (35% Follow, 35% Benign,yyy, 15% Avoid, 15%
Benign ayi4), and avoid-heavy (the inverse). We additionally vary data scale by selecting top
n = 10,20 images per cultural norm ranked by VQA score (out of the generated 100 images),
yielding 32,144 and 64,288 training examples respectively (32k and 64k). We finetune Qwen3
VL 4B and 8B models on both 32k and 64k. We also experiment with Qwen2.5 VL 7B model
on 32k, and see minimal gains.

While we agree that these experiments are limited to the Qwen model family, there are
meaningful differences between Qwen 2.5 VL and Qwen 3 VL models. Qwen2.5-VL model
framework uses a Vision Transformer (ViT) vision encoder trained from scratch on Dat-
aComp with a Qwen 2.5 LLM as the language decoder, whereas Qwen 3 VL switches
to SigLIP-2 vision encoder pretrained on WebLI data and Qwen 3 LLM as the decoder.
These differ not only in architecture but also in vision encoder training data, and we ob-
serve consistent gains across all variants (Appendix E.3), suggesting the training signal in
NORMVIZ-TRAIN is not specific to a single architecture.

E3 Full Results discussing effects of label distributions and data scales.

Finetuning Qwen3 VL 4B and 8B models on balanced, follow-heavy and avoid-heavy
configurations and data scales of NORMVIZ-TRAIN consistently helps across the board.
Balanced and follow-heavy training perform competitively across all label types, while avoid-
heavy configuration yields relatively lower gains likely due to the test set being skewed
toward the Follow label. Scaling from 32k to 64k yields almost consistent but modest gains
across all configurations and both models, (group accuracy: +0.1-2.6, F1: +0.3-2.0, except
follow-heavy 64k which drops by -0.5). Absolute group accuracy still remains low across the
board, indicating that meaningful gains likely require training objectives that go beyond
label prediction, perhaps with additional supervision such as bounding boxes to better
localize cultural nuances, or alternative contrastive training objectives such as CLIP (Radford
et al., 2021). See Figure 16 for complete results. We also initially experiment with Qwen
2.5VL 7B (see Figure 17) and see moderate gains.

F4 Probing for training-test leakage

We additionally ran a preliminary targeted experiment to specifically probe whether leakage
is a meaningful concern: we constructed a separate training subset using only the test set
norms directly (i.e., explicitly training on the same norms as NORMV1Z-BENCH), generated
images using the same SD3 pipeline, and finetuned both Qwen3-VL 4B and 8B on this set.
We observe only marginal improvements on balanced label distribution and 32k datasize:
Qwen3-VL 4B improves from 23.2 group accuracy (F1: 48.5) to 23.9 (F1: 52.0), and Qwen3-VL
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Figure 17: Finetuning results for Qwen 2.5 VL 7B model across label distribution configura-
tions (balanced, follow-heavy, avoid-heavy) and 32k data size

8B from 24.5 (F1: 50.4) to 26.7 (F1: 53.4), suggesting that the lack of norm-level information
is not the bottleneck for the current finetuning setup, but rather that meaningful gains likely
require richer training signals, better vision-language alignment for cultural content, or
architectures better suited to perceiving and reasoning about cultural behaviors.

E5 Improvement Across Countries and Semantic Cultural Nuances

We see significant improvement from culturally underrepresented non-Western countries,
especially for the smaller finetuned Qwen3 VL 4B model. Qwen3 VL 4B model has very
poor performance on NORMVIZ-BENCH, and potentially less biases. Hence finetuning
on NORMVIZ-TRAIN significantly helps improve visual norm understanding, even sur-
passing finetuned Qwen3 VL 8B and Gemini 3.0 Flash. Figure 18 and Figure 19 show
performance across countries, using group accuracy and single image F1 score. Finetun-
ing also consistently improves cultural knowledge across several social norm domains, as
well compositionality across different visual contrast types. Figures 20, 21, 22, 23 show
improvements for Qwen3 VL 4B and Qwen3 VL 8B models (follow-heavy 64k).
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Figure 18: Country-wise performance of finetuned Qwen3VL 4B model, using group ac-
curacy and single image classification F1 score. Results for follow-heavy 64k finetuned
Qwen3VL 4B on NORMVIZ-TRAIN

34



Published as a conference paper at COLM 2026

Delta-6.0
Argentina ® O Argentina @
Delta-3.5 Délta-0.7
Brazil o0 South America Brazil [ )} South America
Peru | O @ Peru oe
* *x
United States |O [ ] Northern America United States O ) Northern America
France oe Western Europe France oo Western Europe
elta 0.8
Italy )] Southern Europe Italy oe Southern Europe
— Deltg;l.4
Japan o (] South Korea @®
South Korea | O { Eastern Asia Japan (o] o Eastern Asia
P oo
China | O o China (o} ®
ok ok
India (o] o Southern Asia India |O { J Southern Asia
Indonesia oce Vietnam (o} L ]
o South-eastern Asia South-eastern Asia
Vietnam o L] Indonesia (o] ®
Egypt (o | Northern Africa Egypt (o] [ ) Northern Africa
*
Nigeria (o] { ] Nigeria o { J
Defa-1.7 Sub-Saharan Africa Sub-Saharan Africa
Kenya y Kenya oe .
Yy P O Baseline Y O Baseline
® Finetuned ® Finetuned
1 1 1 1 1 1 1 1
10 20 30 40 50 40 50 60
Group Accuracy (%) Macro F1 (%)

Figure 19: Country-wise performance of finetuned Qwen3VL 8B model, using group ac-
curacy and single image classification F1 score. Results for follow-heavy 64k finetuned
Qwen3VL 8B on NORMV1zZ-TRAIN

Keyphrase clusters Visual concept clusters

Rituals, Offerings & Ancestral Customs o Presence/Absence

}***

Public Behavior & Activities

Dining Etiquette Action/Activity

Greetings & Gestures
Gestures/Body Language

Festivals & Celebrations

Clothing & Attire Norms Hand Usage

Hand Usage Etiquette

A Condition/State
Cultural Symbols & Beliefs

Gift-Giving Customs Clothing & Accessories
Seating & Spatial Arrangements

Footwear Etiquette Color/Appearance

0 20 40 0 20 40
Group Accuracy (%) Group Accuracy (%)

Qwen3-VL 4B baseline  HEEl Qwen3-VL 4B fine-tuned

Figure 20: Improvement of finetuned Qwen3 VL 4B (follow-heavy 64k) across cultural norm
domains and visual contrast types. Improvements measured using group accuracy.
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Figure 21: Improvement of finetuned Qwen3 VL 4B (follow-heavy 64k) across cultural
norm domains and visual contrast types. Improvements measured using single image
classification F1.
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Figure 22: Improvement of finetuned Qwen3 VL 8B (follow-heavy 64k) across cultural norm
domains and visual contrast types. Improvements measured using group accuracy.
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Figure 23: Improvement of finetuned Qwen3 VL 8B (follow-heavy 64k) across cultural
norm domains and visual contrast types. Improvements measured using single image
classification F1.
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