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Abstract

Southeast Asia (SEA) is a region of extraordi-
nary linguistic and cultural diversity, yet it re-
mains significantly underrepresented in vision-
language (VL) research. This often results in
artificial intelligence (AI) models that fail to
capture SEA cultural nuances. To fill this gap,
we present SEA-VL, an open-source initiative
dedicated to developing high-quality, culturally
relevant data for SEA languages. By involv-

ing contributors from SEA countries, SEA-VL
aims to ensure better cultural relevance and
diversity, fostering greater inclusivity of under-
represented languages in VL research. Beyond
crowdsourcing, our initiative goes one step fur-
ther in the exploration of the automatic col-
lection of culturally relevant images through
crawling and image generation. First, we find
that image crawling achieves approximately
∼85% cultural relevance while being more
cost- and time-efficient than crowdsourcing.
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Second, despite the substantial progress in gen-
erative vision models, synthetic images remain
unreliable in accurately reflecting SEA cul-
tures. The generated images often fail to reflect
the nuanced traditions and cultural contexts of
the region. Collectively, we gather 1.28M SEA
culturally-relevant images, more than 50 times
larger than other existing datasets. Through
SEA-VL, we aim to bridge the representation
gap in SEA, fostering the development of more
inclusive AI systems that authentically repre-
sent diverse cultures across SEA.

1 Introduction

The rapid evolution of artificial intelligence (AI)
and machine learning (ML) has produced increas-
ingly sophisticated models capable of integrating
textual and visual information. However, these ad-
vancements often disproportionately benefit certain
languages and cultures (Yong et al., 2023; Pham
et al., 2023; Cahyawijaya et al., 2023b; Tao et al.,
2024; Cahyawijaya et al., 2024a; Myung et al.,
2024; Li et al., 2024; Winata et al., 2024), leav-
ing underrepresented cultures—particularly those
of Southeast Asia (SEA)—largely overlooked (Aji
et al., 2022b; Winata et al., 2023; Purwarianti et al.,
2025; Cahyawijaya et al., 2024b; Urailertprasert
et al., 2024). This disparity creates a significant
challenge in developing AI technologies that ef-
fectively cater to the diverse cultural contexts of
underrepresented regions.

Home to over 1,300 languages and rich cul-
tural diversity, SEA is among the world’s most
linguistically vibrant regions (Enfield, 2011; Aji
et al., 2022a; Lovenia et al., 2024). However,
the lack of SEA-relevant datasets, particularly
in the vision-language (VL) domain (Lovenia
et al., 2024), limits AI accessibility and risks
cultural irrelevance or bias against SEA popula-
tions (Winata et al., 2024; Urailertprasert et al.,
2024; Cahyawijaya, 2024). Addressing this dis-
parity by creating datasets that authentically cap-
ture SEA’s linguistic and cultural nuances re-
quires large-scale collaborative efforts (Bell and
Kampman, 2021). Building on crowdsourcing
initiatives like NusaCrowd (Cahyawijaya et al.,
2023a), SEACrowd (Lovenia et al., 2024), and Aya
Dataset (Singh et al., 2024), SEA-VL takes a holis-
tic approach to bridging the resource gap for SEA
cultural representation in VL research. Unlike ex-
isting efforts, which primarily focus on text-based
tasks or limited subsets of visual data, SEA-VL
aims to develop comprehensive, high-quality VL
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Figure 1: SEA-VL addresses the underrepresentation of
SEA languages in vision-language research through a
multipronged strategy for collecting culturally relevant
images, incorporating image crowdsourcing, crawling,
and synthetic generation.

datasets that reflect SEA’s cultural heritage and
linguistic diversity. SEA-VL seeks to address lin-
guistic underrepresentation, trust, and dignity in
AI, ensuring technological advancements benefit
the diverse communities of SEA.

SEA-VL1 distinguishes itself from other grass-
roots community-driven initiatives by going beyond
relying on manual data collection only, through the
participation of local contributors. With the recent
popularity of various strong AI models, SEA-VL
explores diverse methodologies to collect cultur-
ally relevant images in SEA. Specifically, SEA-
VL collects culturally relevant image data using
three different methods: (1) manual human collec-
tion, (2) a validated data filtering and deduplication
pipeline on crawled images, and (3) image gener-
ation through diffusion models. To ensure that
the data collected authentically represent the lived
experiences and cultural contexts of the region,
an extensive human evaluation by native partici-
pants is performed using different image collection
methodologies. This evaluation not only enhances
the quality and relevance of the datasets, but also
provides a better understanding of the feasibility,
efficiency, and quality of using AI-based data col-
lection solutions to produce culturally relevant VL
datasets, specifically for the SEA region. We also
compare manual vs. automatic metadata collec-

1SEA-VL dataset: https://huggingface.co/collectio
ns/SEACrowd/sea-vl-multicultural-vl-dataset-for-s
outheast-asia-67cf223d0c341d4ba2b236e7.

https://huggingface.co/collections/SEACrowd/sea-vl-multicultural-vl-dataset-for-southeast-asia-67cf223d0c341d4ba2b236e7
https://huggingface.co/collections/SEACrowd/sea-vl-multicultural-vl-dataset-for-southeast-asia-67cf223d0c341d4ba2b236e7
https://huggingface.co/collections/SEACrowd/sea-vl-multicultural-vl-dataset-for-southeast-asia-67cf223d0c341d4ba2b236e7


tion to assess how well AI-based solutions generate
valid, relevant metadata, which is beneficial for
creating culturally relevant VL datasets.
The contributions of SEA-VL are three-fold:

• Comprehensive, Culturally-Relevant VL
Datasets: SEA-VL develops high-quality,
culturally rich VL datasets that reflect SEA’s
linguistic and cultural diversity. By actively
engaging local contributors, SEA-VL ensures
that the data authentically represents lived ex-
periences and regional contexts.

• Analysis of Trade-offs in Data Collection
Methods: SEA-VL analyzes the trade-offs be-
tween effectiveness and efficiency across data
collection methodologies, and demonstrates
the strengths and weaknesses when employing
different strategies.

• Assessment of AI-based Solutions: SEA-VL
assesses the feasibility along with the effi-
ciency and quality of AI-driven methods for
collecting image data and its metadata, com-
paring these methods with manual processes
for creating regionally relevant VL datasets.

2 Related Work

Crowdsource-based Data Collection Crowd-
sourcing is historically widely used in the machine
learning community as a means to collect large
amounts of high-quality human data (Crescenzi
et al., 2017). Compared to alternatives such as
scraping (Taesiri et al., 2024), crowdsourcing’s
main advantage is the ability to explicitly highlight
granular variables such as demographics, opin-
ions, and regional variations (Mostafazadeh Da-
vani et al., 2024). The increased interest in the
development of multilingual large language models
(LLMs) in recent years has pushed crowdsourcing
as a powerful strategy for grassroots-led data col-
lection (Lovenia et al., 2024; Naggita et al., 2023)
where representation is a key factor. As LLM re-
search continues to grow, culture-grounded bench-
marks have begun to gain traction as strong chal-
lengers for models that culturally lean towards the
West (Mogrovejo et al., 2024; Winata et al., 2024;
Taesiri et al., 2024). Such benchmarks are reliant
on crowdsourcing to achieve the breadth and granu-
larity needed to accurately portray multiculturality.

Underrepresented Cultures across the World
Efforts for improving tools, models, and resources
for low-resource languages have increased in re-
cent years partly driven by underrepresentation

in widely-adopted LLMs and benchmark datasets
(Pham et al., 2023; Song et al., 2023; Khanuja et al.,
2024; Urailertprasert et al., 2024). Beyond South-
east Asia, grassroots-led organizations have suc-
cessfully spearheaded efforts to produce resources
for underrepresented cultures in their region.

Masakhane, a grassroots group based in Africa,
has produced work that contributes strong bench-
marks (Adelani et al., 2021, 2022b, 2023), mod-
els (Dossou et al., 2022) and evaluation met-
rics (Wang et al., 2024a) to alleviate resource
scarcity and assess the direct applicability of
widely used benchmarking methods towards non-
English languages. Similarly, AI4Bharat has devel-
oped an extensive body of work, including bench-
marks (Verma et al., 2025), datasets (Jain et al.,
2024), tools (Khan et al., 2024; Sankar et al.,
2024), and models (Gala et al., 2024) representing
the Indian subcontinent. Significant efforts have
also been made to promote languages indigenous
to the Americas, spearheaded by the Americas-
NLP community. Notable projects include textual
inference, such as AmericaNLI (Ebrahimi et al.,
2022), as well as advancements in machine transla-
tion (Mager et al., 2023; Rangel and Kobayashi,
2024). These groups also host workshops and
shared tasks (Adelani et al., 2022a) to promote
research interest.

Beyond region-wide representation, recent work
has also begun to pay attention to granularity within
countries. Resources such as MC2 (Zhang et al.,
2024) and CultureAtlas (Fung et al., 2024) pro-
duce benchmarks that highlight differing cultural
variations practiced within one country, further em-
phasizing the issue of representing a country with
only one cultural norm. There is also a strong em-
phasis on dialectal research, with groups like ACL
SIGARAB advocating for the inclusion of diverse
Arabic dialects—each with distinct morphological
and stylistic variations—whereas benchmarks often
rely solely on Modern Standard Arabic to repre-
sent the entire Middle East and North Africa region
(Abdul-Mageed et al., 2024). While interest in un-
derrepresented languages and cultures has grown in
recent years, there remains a significant gap com-
pared to the prevalence of English in models and
datasets. Efforts on Southeast Asian cultures, in
particular, still need improvement in areas such as
multimodality—a research gap that we strive to
overcome through SEA-VL and other related open
community initiatives.



Dataset Name #Images %SEA Images Cultural Coverage† ID TH PH SG MY MM BN KH LA VN TL

SEA-VQA (Urailert-
prasert et al., 2024) 488

100%
Tradition & Art Landmark ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✓ ✓ ✓ ✗

WorldCuisines (Winata
et al., 2024) 6k

15.5%
Cuisine ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗

CVQA (Mogrovejo et al.,
2024) 7k

17.14%

Daily Life Local Products Pop Culture

Landmark Tradition & Art Transportation

Plant & Animal Sport & Recreation Cuisine

✓ ✗ ✓ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✗

TotalDefMeme (Prakash
et al., 2023) 7.2k

100%
Tradition & Art Pop Culture ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✗

OpenViVQA (Nguyen
et al., 2023) 11.2k

100%
Unknown ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✓ ✗

Bloom Library (Leong
et al., 2022) 112k

20.54%
Unknown ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

CC3M (Sharma et al.,
2018) 3M

0.12% * Unknown Unknown

WiT (Srinivasan et al.,
2021) 11.5M

0.05% * Unknown ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✓ ✗

SEA-VL (ours) 1.3M
80% *

Daily Life Local Products Pop Culture

Landmark Tradition & Art Transportation

Plant & Animal Sport & Recreation Cuisine

✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Table 1: Summary of potential datasets with culturally-relevant images, showing cultural and regional coverage. A
checkmark ✓ indicates coverage in the respective country (Appendix A), while a cross ✗ indicates no coverage.
SEA-VL has >50× SEA images compared to other existing datasets. †We follow the cultural category from
Mogrovejo et al. (2024). ∗The number is estimated based on cultural relevance in our human evaluation.

3 Image Collection in SEA-VL

The goal of SEA-VL is to improve the representa-
tion of SEA cultures in VL research through vari-
ous image collection strategies and to provide in-
depth assessments on the trade-off of each strategy.
SEA-VL employs three strategies: image crowd-
sourcing, image crawling, and image generation.
In addition, SEA-VL explores methods to gather
metadata from the collected images automatically.

3.1 Image Crowdsourcing

Despite the potentially higher noise, crowdsourc-
ing has become a common strategy employed as
a means for large-scale data collection (Cahyawi-
jaya et al., 2023a; Lovenia et al., 2024; Singh et al.,
2024). Prior works have shown that improving the
data quality through data pruning brings substan-
tial benefits to the model capability (Marion et al.,
2023; Chen et al., 2024; Longpre et al., 2024; Singh
et al., 2024). To further improve the quality and
cultural relevance of the collected images to the
SEA context, we also conduct a quality assurance
phase to curate and gather feedback.

Image Collection For image collection, we ask
contributors to submit only those images they per-
sonally own, avoiding images retrieved from pub-
licly accessible platforms. Contributors upload
their images through a designated form, providing
metadata on the location where the image was taken
and to which of the 11 SEA countries (Appendix A)
it is relevant to. In addition, they indicate their na-

tive language and are required to include a caption
in both English and their native language. Submis-
sion guidelines also specify that images must be
culturally relevant, and any personally identifiable
information (PII), such as faces and license plates,
must be redacted before submission.

Quality Assurance After data collection, we
conduct a quality check, where at least two people
validate each image. If the inter-annotator agree-
ment between two validators on a certain image
is below 80%, we add another annotator for that
image. Contributors must pass a screening test be-
fore participating in quality assurance. Validators
determine whether an image meets quality stan-
dards, assess its cultural relevance on a 5-point
scale, and verify the appropriateness of its caption.
Appendix C.2 presents more details about QA.

3.2 Image Crawling

Despite the rise of crowdsourced data collec-
tion, many efforts are actively managed only in
their early stages, with enthusiasm waning over
time, posing sustainability and scalability chal-
lenges (Cahyawijaya et al., 2023a; Lovenia et al.,
2024; Gehrmann et al., 2022; Singh et al., 2024).
To address this, SEA-VL explores autonomous
methods to gather culturally relevant images in
SEA by crawling existing sources. A carefully
designed pipeline ensures high-quality collection
through curated filtering and deduplication.



Image Filtering The goal of image filtering is to
select SEA culturally-relevant images from a large
set of images. Based on our assessment of various
image filtering strategies (see Appendix E.1), we
perform image filtering through semantic similar-
ity. Given a set of unfiltered images Iuf , we filter
out images that have an average semantic similar-
ity score lower than a threshold ρ compared with
a set of reference culturally-relevant images Iref .
Specifically, given an input image x ∈ Iuf , we
define the image filtering function f(x) as:

f(x) = 1[ 1
|Iref |

∑
z∈Iref

Ψ(λ(x),λ(z))]≥ρ, (1)

where 1 denotes an indicator function, λ denotes an
image encoding function, and Ψ denotes a cosine
similarity function between two image represen-
tations. Given Ψ, λ, and Iref , we tune the value
of ρ to ensure that we end up with high-quality,
culturally relevant images after filtering.

Image Deduplication Collecting data by crawl-
ing various sources tends to result in highly du-
plicated collections (Sharma et al., 2018; Byeona
et al., 2022), causing a skewed representation to-
wards certain image concepts. Mitigating this prob-
lem, we incorporate an effective and efficient im-
age deduplication process after filtering the images.
Image deduplication can be thought of as an un-
supervised image clustering problem, where a pair
of images that are closely similar is considered re-
dundant. Specifically, given two images x, y ∈ Iuf
and a minimum threshold ϵ, we define an image
deduplication function g(x, y) as:

g(x, y) = 1Ψ(λ(x),λ(y))<ϵ, (2)

where 1 denotes an indicator function, λ denotes
an image encoding function, and Ψ denotes a simi-
larity function between two image representations.
We explore two groups of methods for image dedu-
plication, i.e., perceptual hashing (Hadmi et al.,
2012; Hamadouche et al., 2021) and semantic sim-
ilarity (Wang et al., 2014; Radford et al., 2021).
Perceptual hashing encodes an image into a binary
hash code, while semantic similarity encodes an
image into a normalized real-valued vector.

3.3 Image Generation
With the rise of various diffusion-based image gen-
eration models (Sohl-Dickstein et al., 2015) such
as Stable Diffusion (Rombach et al., 2022b; Esser
et al., 2024) and DALL-E (Ramesh et al., 2021;

Betker et al., 2023), we further explore the possibil-
ity of generating SEA culturally relevant synthetic
images. In principle, the inference of a diffusion
model reverses the diffusion process by gradually
transforming random noise to obtain a sample from
the desired distribution. This process is repeated
several steps, gradually refining the sample until
it resembles the desired distribution, resulting in
samples that are diverse and realistic. On the other
hand, recently proposed autoregressive image gen-
eration models (Chameleon Team, 2024; Sun et al.,
2024; Wu et al., 2024) also show promising image
generation quality; unlike diffusion-based models,
these models generate images in an autoregressive
manner using discrete image tokens.

3.4 Image Captioning
In order to make the automatically collected images
more meaningful, we conducted several attempts
to infer image metadata, such as captions. We orig-
inally intended to explore image captioning in both
English and the target language of the respective
SEA culture; however, due to the poor quality of
captioning in the target language (as shown in Ap-
pendix E.2), we narrow our attempt to focus on
prompting for generating culturally relevant cap-
tions in English.

4 Experiment Details

Image Filtering We incorporate image seman-
tic similarity for our image filtering pipeline.2 To
determine the optimal threshold ρ for collecting
culturally relevant SEA images, we conduct human
evaluations on 3 datasets: Conceptual Captions
(CC3M) (Sharma et al., 2018), COYO (Byeona
et al., 2022), and WiT (Srinivasan et al., 2021). We
use the SEA region images of CVQA (Mogrovejo
et al., 2024) and all of SEA-VQA (Urailertprasert
et al., 2024) as the reference images Iref . Through
an exploratory data analysis, we drop all images
with a similarity score below 0.515, as only a tiny
fraction of images below that threshold range are
culturally relevant. This process removes ∼99%
of all the images in the datasets. We cluster the
remaining images into 5 groups, each with a dif-
ferent threshold range. We then randomly sample
50 images from each group and conduct a human
evaluation to measure the cultural relevance of each
group (see Appendix I.1).

2We explore various strategies for image filtering such as
heuristics filtering based on metadata and image-text similar-
ity (see Appendix E.1).
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Figure 2: Human evaluation results of SEA image filtering on CC3M, COYO, and WiT datasets. Grey area indicates
the proportion of images below the similarity threshold (ρ). We take the top-2 threshold groups (≥54.5) as the final
threshold retaining ∼0.15% of the total images with ∼85% cultural relevance.

Image Deduplication For image perceptual
hashing, we utilize the implementation from
pHash (Zauner, 2010), which encodes an image
into a 64-bit binary hash code and then uses the
Hamming distance as a measure of similarity. For
semantic similarity, we use 3 different image em-
bedding models, i.e., CLIP-ViT (86M) (Radford
et al., 2021), SigLIP (878M) (Zhai et al., 2023), and
Nomic Embed Vision v1.5 (92M) (Nussbaum et al.,
2024). We perform image deduplication on the im-
ages collected from our image filtering experiment
and crowdsourcing. The embedding models encode
an image into a normalized embedding vector, af-
ter which cosine similarity is computed between
two images. Then, we perform a human evalua-
tion, taking 50 pairs of the top predicted samples
of each method and evaluating their correctness
using the criteria defined in Appendix I.2. We use
1 RTX3050 for all embedding-based models and
CPU for perceptual hashing.

Image Generation We evaluate three diffusion-
based image generation models: Stable Diffu-
sion 2 (Rombach et al., 2022a), Stable Diffusion
3.5 (Esser et al., 2024) and FLUX.1-dev (Labs,
2023), and one autoregressive model: Janus-Pro
(7B) (Chen et al., 2025). Images are generated for
3 cultural aspects: food, landmarks, and traditions.

For food, images are generated using the prompt
template “An image of people eating X” where X is
the name of a Southeast Asian dish based on a list
derived from the WorldCuisines dataset (Winata
et al., 2024). For landmarks, the prompt is “An
image of people at X”, where X is a UNESCO
World Heritage Site (UNESCO World Heritage
Centre, n.d.) in Southeast Asia. For traditions,
we use the prompt “An image of people doing X”,

where X is the name of a UNESCO Intangible
Cultural Heritage retrieved from the metadata of
SEA-VQA3 (Urailertprasert et al., 2024).

We report the detailed hyperparameters used for
each model in Appendix D. To evaluate the quality,
we sample 50 generated images from each category
and manually inspect them by comparing them with
images from the crowdsourcing and crawling stages
on two aspects: correctness and naturalness (see
Appendix I.3 for details).

Image Captioning For image captioning, we
explore 4 multilingual vision-language models
(VLMs) within our experiments: Qwen2-VL
(7B) (Bai et al., 2023; Wang et al., 2024b), Pangea
(7B) (Yue et al., 2024), PaliGemma2 (10B) (Steiner
et al., 2024), and Maya (8B) (Alam et al.,
2024). To find the best way to collect culturally-
relevant image captions, we conduct an evaluation
on 2 prompting methods, i.e., location-agnostic
and location-aware promptings (Mogrovejo et al.,
2024). We prompt all image captioning models to
highlight these cultural items, such as local food,
traditions, landmarks, or other relevant elements.
The prompt should be concise, consisting of 3 to
5 sentences. The specific prompts and hyperpa-
rameters are detailed in Appendix D. We manually
inspect 50 random caption generations per method.
See Appendix I.4 for more evaluation details.

5 Results and Analysis

5.1 Image Filtering
The human evaluation results of image filtering
with different threshold ranges are shown in Fig-
ure 2. To ensure high cultural relevance, we select

3The metadata for SEA-VQA is not publicly released and
was obtained directly from the paper’s authors.



Model #Param Precision Throughput

Perceptual Hashing - 2.00% 48.72

CLIP-ViT 86M 32.67% 20.34
Nomic Embed Vis. 92M 48.67% 21.73
SigLIP (SO) 400M 59.33% 3.91

Table 2: Human evaluation result of the image dedupli-
cation over 50 top predicted samples. Throughput refers
to the number of images processed per second.

the two highest threshold groups (≥54.5) for our
image filtering pipeline. Using this threshold, we
reach ∼85% cultural-relevance with inter-annotator
agreement (γ coefficient) of 0.6410 while retain-
ing only ∼0.1% of the total images from the orig-
inal dataset, e.g., from 3M images in CC3M, we
gather 3,590. Using this curated threshold value,
we scale the process of image filtering up to the
full set of LAION (Schuhmann et al., 2021) and
COYO (Byeona et al., 2022), with a total of ∼1.28B
images4. From these two sources, we gather
∼1.72M SEA culturally-relevant images. We show
the image distribution per dataset in Appendix B.2

5.2 Image Deduplication
As shown in Table 2, perceptual hashing yields a
very low score compared to all semantic-similarity-
based methods. This demonstrates the benefits of
using pre-trained vision models and VLMs to ex-
tract semantic features from images. Among dif-
ferent pre-trained embedding models used, SigLIP
shows the best performance in identifying duplicate
images, with a 59.33% precision score, compared
to CLIP-ViT and Nomic Embed Vision achieving
32.67% and 48.67%, respectively. This demon-
strates that scaling models improves scene iden-
tification. Despite the higher precision, the sub-
stantially larger number of parameters of SigLIP
results in much lower inference throughput. In the
case of large-scale image deduplication, smaller
yet performant alternative such as Nomic Embed
Vision is a more suitable option as it maximizes
the throughput while retaining a high deduplication
precision. We then run our deduplication pipeline
using Nomic Embed Vision on the ∼1.72M im-
ages collected from LAION and COYO resulting
in ∼1.27M unique culturally-relevant images.

5.3 Image Generation
The results in Figure 3 demonstrate that existing
image generation models struggle to produce cul-

4We collected 2.1B image URLs, but only ∼60% of the
images can be downloaded, on account of outdated links.
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Figure 3: Human evaluation result of SEA image gener-
ation with 3-point Likert score. Natural Image refers to
non-generated images taken in real life.

turally relevant SEA images. Among the evaluated
models, Stable Diffusion 3.5 yields the best perfor-
mance, achieving the highest correctness scores of
1.42 and 1.38 for cuisine and tradition with a mod-
erate naturalness rating of 1.70 for cuisine. How-
ever, image generation models still fall far short
of human-collected images, which achieve near-
perfect correctness and naturalness scores across
all categories: correctness scores remain alarm-
ingly low, with the best model scoring <1.5 in all
categories; similarly, naturalness scores are notably
poor, with all models producing highly unnatural
images with scores barely exceeding 1.0. This high-
lights a critical gap of image generation models in
capturing the essence of SEA cultural elements.

5.4 Image Captioning

As shown in Table 3, existing VLMs can generate
reasonably accurate and natural English captions
for culturally relevant SEA images, though they still
fall behind human-generated captions. Among the
models tested, Pangea (7B) and Qwen2-VL (7B)
performed best overall, with Pangea (7B) achiev-
ing the highest correctness scores in the location-
agnostic setting. In comparison, Qwen2-VL (7B)
excels in the location-aware setting. This suggests
that existing VLMs can be a reliable option for
generating synthetic captions in English. Nonethe-
less, there is still a huge gap for image caption-
ing in local languages across SEA, as detailed
in Appendix E.2. Our results also highlight that
location-aware prompting does not consistently im-



Model SEA-VQA WorldCuisines

Correctness Naturalness Correctness Naturalness
Human 2.68 2.82 2.98 2.96

MAYA (8B) 1.62 (+0.26) 2.34 (+0.14) 2.20 (+0.02) 2.74 (0.00)

PALI Gemma 2 (10B) 2.04 (+0.06) 1.72 (-0.10) 2.26 (-0.16) 1.74 (+0.04)

Pangea (7B) 2.36 (-0.24) 2.42 (-0.38) 2.48 (-0.34) 2.52 (-0.16)

Qwen2-VL (7B) 2.10 (+0.36) 2.44 (0.00) 2.24 (-0.14) 2.70 (-0.36)

Table 3: Human evaluation result of the image captioning phase. We use a 3-point Likert score. The values in
parentheses indicate the score shift ( increase or decrease ) when incorporating location-aware prompting.

prove caption quality across models. For example,
Qwen2-VL (7B) benefits from location-aware in-
formation in SEA-VQA but saw little improvement
in WorldCuisines. Meanwhile, MAYA (8B) and
PALI Gemma 2 (10B) show mixed results, with
location-aware prompting slightly enhancing natu-
ralness but not significantly improving correctness.
Overall, while current models can generate high-
quality English captions, there remains a gap be-
tween machine and human performance in terms of
both cultural accuracy and linguistic fluency. This
issue becomes more severe when the captions are
in local languages, as described in Appendix E.2.

6 Discussion

6.1 Resource Collected from SEA-VL

By virtue of all the aforementioned data collection
techniques, SEA-VL, at the time of writing, is the
largest gathered cultural image database for SEA,
with ∼1.28M culturally relevant images across
SEA. This is more than 10× larger than existing
works, as illustrated in Table 1. Specifically, SEA-
VL collects 8k manually collected images from
crowdsourcing and ∼495k automatically filtered
crawled images.5 SEA-VL also brings broader out-
reach throughout SEA reaching underrepresented
regions, e.g., Cambodia, Laos, and Timor Leste.
Furthermore, SEA-VL also enables higher rep-
resentation across different cultures in SEA as
demonstrated by the high cultural coverage across
all regions in SEA as exemplified in Table 1 and
Appendix B. With this extensive cultural and re-
gional coverage of SEA-VL, we hope that AI mod-
els trained on SEA-VL can better understand and
generate culturally accurate representations of SEA

5We do not include the results from image generation in
our published dataset due to licensing and the low cultural
relevance of the generated images.

cultures, reducing biases and inaccuracies in repre-
senting SEA cultural contexts.

6.2 Crowdsource, Crawl, or Generate?

Figure 4 shows a clear trade-off between crowd-
sourcing and filtering crawled images in existing
corpora. While crowdsourcing produces exception-
ally high-quality images, it requires significant ef-
fort. Over 85 days, we collected 10k crowdsourced
images through a labor-intensive endeavor. How-
ever, the resulting images were extremely relevant
(≥89%) and featured high caption quality (2.94).
In contrast, filtering crawled images required only
four days while still producing fairly high-quality
results, with highly relevant images (≥85%) and a
reasonably good caption quality (2.42).

In addition, as we hint at in Section 3.2, crawl-
ing is more sustainable, with the potential to setup
fully automated pipelines to continuously refresh
data with minimal human intervention once ini-
tial filtering thresholds are established. In contrast
to these methods, we find image generation to be
completely unviable as a data collection strategy,
particularly on images that require cultural nuance,
as in our case. Moreover, the current image gener-
ation models come with restrictive licenses, which
further limit the feasibility of using image gener-
ation as a sustainable solution for an automated
culturally-relevant image collection method.

Thus, our overall recommendation might be to
rely on filtering crawled images for a scalable solu-
tion, such as for the creation of large-scale training
sets; crowdsourcing, on the other hand, despite be-
ing effort-intensive, is extremely useful as a means
of obtaining images of high quality (e.g., creating
challenging test set). At the time of writing, we
would recommend avoiding the use of generated
images altogether in culturally-sensitive contexts,
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especially within the regions with underrepresented
cultures to avoid the misrepresentation of cultural
identities, cultural inaccuracies, or even potentially
harmful stereotypes.

7 Conclusion

In this study, we introduced SEA-VL, a corpus-
building initiative covering multilingual vision data
toward addressing the linguistic and cultural under-
representation of Southeast Asian languages. By
leveraging diverse data collection methodologies—
including crowdsourced manual collection, web
crawling, and AI-generated images—along with
extensive data curation procedures, SEA-VL en-
sures the creation of high-quality, regionally rel-
evant vision-language datasets that authentically
capture the lived experiences of SEA communities.

In summary, our findings highlight the trade-offs
in data collection approaches; the potential of web-
crawling for producing high-quality, culturally rel-
evant image collections; the limited scalability and

maintainability of crowdsourcing; and the limita-
tions of existing image generation models–cultural
relevance, naturalness, and licensing issues–for
generating accurate, reliable, and scalable cultur-
ally relevant images. To promote open-source VL
research in SEA, we release our SEA-VL dataset
under the CC-BY-SA 4.0 License.

Limitations

While SEA-VL is a step forward toward better rep-
resentations of Southeast Asian culture in multilin-
gual and multimodal AI research, we acknowledge
that significant progress is still to be made. We
outline several limitations of our study below.

Collection biases and limitations of outreach
Similar to low-resource data collection initia-
tives such as SEACrowd (Lovenia et al., 2024),
CVQA (Mogrovejo et al., 2024), and World-
Cuisines (Winata et al., 2024), our data collection
and outreach practices leveraged mainly on using
social media platforms, mailing lists, and inter-
nal dissemination through the authors’ networks to
spread the word about the project. We acknowledge
certain limitations in the nature of this practice,
including the skewed or imbalanced submissions
where countries that are more populous and with
better infrastructure, and more connected to the
original initiators of the project had higher image
contributors (e.g., we saw a substantial higher num-
ber of submissions for Indonesia and Singapore
compared to Myanmar, Laos, and Cambodia).

Furthermore, collection through self-taken im-
ages may only represent more popular cultures be-
ing practiced in modern times and require the con-
tributors to be at certain places to take the photo.
For future work, an ideal approach would be to
have on-the-ground representatives for each SEA
member country that can assist with data collec-
tion across culturally rich areas around SEA (e.g.,
traveling to rural areas beyond the cities to docu-
ment non-metropolitan cultural landmarks or food).
However, this type of fieldwork requires significant
financial resources and manpower.

Non-holistic representation of deeper, lesser-
known culture Following limitations on data
collection, we acknowledge that the cultural rep-
resentation of SEA is a complex cycle, making
it extremely challenging to capture every cultural
nuance and requires sustainable and continuous
efforts from the community. Hence, our final

https://huggingface.co/collections/SEACrowd/sea-vl-multicultural-vl-dataset-for-southeast-asia-67cf223d0c341d4ba2b236e7


collected image dataset might not fully represent
deeper cultures in SEA at this certain timestep.
To address this, we leave the submission portal
open beyond the publication of this work to en-
courage more contributors—especially from un-
derrepresented regions such as Cambodia, Myan-
mar, Brunei, and Laos—to submit more self-taken
culturally relevant images. This will also serve as
a good opportunity to conduct better data cura-
tion and community involvement as SEA-VL gains
wider recognition across SEA.

Moreover, it is important to note that achiev-
ing a nuanced cultural curation requires multidis-
ciplinary expertise, which our current approach
only partially addresses. For example, images
that had strong non-SEA influence because of his-
torical (i.e., colonial legacies) and contemporary
(i.e., globalization) reasons were curated in a rel-
atively simplistic and ad-hoc manner. Future re-
search should strive to integrate a systematic guide-
line from social science experts in order to accu-
rately capture nuances that could have an impact on
the resulting models and downstream tasks these
datasets will be used for (Pouget et al., 2024).

Potentially limited generalizability using the im-
age dataset Following certain limitations in our
collected image dataset as described in the previous
sections, we do not claim that any model trained
or optimized using our newly collected culturally
relevant SEA image dataset can effectively gener-
alize to emerging cultural practices or underrep-
resented traditions. We reiterate our plan to make
the submission portal open to allow the continued
collection of self-taken images from the commu-
nity to capture said emerging cultural practices and
expand the dataset’s breadth.

Ethical Considerations

We outline several practices we have conducted
throughout the project to conform to ethical
procedures related to data collection, privacy, and
fair attribution.

Responsible credit attribution We observed
justifiable and fair credit practices for our con-
tributors for this project. We draw motivation
and guidance from works documenting how
low-resource language contributors emphasized
lack of recognition (e.g., not being included as a
co-author) in past projects related to crowdsourced
data collection (Ousidhoum et al., 2024). For

image contributors, we used a calibrated pointing
system to encourage higher participation from
SEA countries with an expected smaller number of
active contributors (Lovenia et al., 2024) to reach
the threshold for co-authorship. The threshold
for both image contributors and validators for co-
authorship qualification was 200 points. The final
arrangement of authors was decided by sorting
contributors with the highest garnered points in
decreasing order. For more information on the
contribution point system used, see Appendix H.

Safety checks for collected images We performed
manual safety checks of the collected image data
through consultations with the annotators to ensure
that it did not contain sensitive or explicit content
(e.g., images with bodily fluids like blood or
costumes revealing some private human parts)
which may be present in some cultural artifacts
from SEA. We instructed annotators to flag and
provide additional comments to images within
this category for additional review. However, we
found that this was not a serious issue as majority
of the image submissions were centered on food,
landmarks, objects, and everyday life in SEA.

Censoring personal identifiable information As
part of our submission guidelines, we instructed
contributors to remove and blur any personally
identifiable information (PII) such as faces, car
plates, and house addresses from their images be-
fore submitting to the designated form. We recom-
mended using a free third-party PII-remover tool
to do this.6 Image validators were instructed to
flag submissions with non-blurred PII to undergo
re-application of the PII remover tool. For any con-
cerns regarding PII in photos, you may contact:
seacrowd.research@gmail.com.
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A Southeast Asian Countries

We present an overview of the countries in Southeast Asia (SEA), including their population data
in Figure 6, which provides key demographic information for a better understanding of the region’s
population. We also show a visual representation of SEA region in Figure 5.
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Figure 5: Map of Southeast Asia.

No. Abbr. Country Flag Population

1 BN Brunei 0.5M
2 KH Cambodia 17.6M
3 ID Indonesia 280.7M
4 LA Laos 8.0M
5 MY Malaysia 34.6M
6 MM Myanmar 55.8M
7 PH Philippines 114.2M
8 SG Singapore 6.0M
9 TH Thailand 66.0M
10 TL Timor-Leste 1.4M
11 VN Vietnam 100.3M

Southeast Asia 685.1M
Middle East & North Africa 576.7M

North America 592.2M
Europe 774.6M

Figure 6: Southeast Asian countries and their populations
as of 2025. Efforts and resources in the region still lag
behind compared to other, more-represented regions even
if SEA’s total population is as-large or larger.

B Distribution of SEA-VL Dataset

B.1 From Image Crowdsourcing
Table 4 provides an overview of the SEA-VL dataset distribution, detailing the number of accepted images
from image crowdsourcing and their cultural relevance scores. A total of 8,018 images were accepted, with
an average of 2.6 validators per image. The median relevance score is 4.67, while the average score is 4.38,
with a standard deviation of 0.65. Regionally, Indonesia contributes the largest number of images (3,242)
with an average relevance score of 4.54. Relevance-wise, it’s followed by Cambodia (208), Myanmar (586
images, 4.41), and Malaysia (453 images, 4.38). Other countries such as Thailand, Vietnam, Singapore,
and the Philippines are also represented. These statistics highlight the distribution and cultural relevance
of images across Southeast Asia.

Criteria for Data Quality Flags in SEA-VL Dataset To ensure the quality and cultural relevance of
the images in the SEA-VL dataset, we define three key evaluation metrics (Figure 7).

Rejected data
(13.3%)

Does the
caption fit
the image?
(97.0%)

Is image
quality good?

Is the
image
culturally-
relevant?
(95.7%)

Accepted data
(86.7%)

Figure 7: Curating the images obtained from SEA-VL crowdsourcing.



Overall

# Data 8018 Relevance
# Validator per data 2.6 Median 4.67

Avg. 4.38
Std. 0.65

Per region
An image can be relevant for more than one region.

Country # Data Avg. relevance
Brunei 72 4.26
Cambodia 208 4.54
Timor-Leste 12 4.22
Indonesia 3242 4.54
Laos 157 4.32
Malaysia 453 4.38
Myanmar 586 4.41
Phillippines 543 4.21
Singapore 1542 4.07
Thailand 1006 4.41
Vietnam 541 4.32

Table 4: Statistics of accepted data from image crowdsourcing. Relevance refers to image cultural relevance (using
5-point Likert score).

• Is the Image Quality Good?
– True: If the average photo quality score is greater than 0.5 and at least two annotators have

reviewed the image.
– None: If the average photo quality score is greater than 0.5, but fewer than two annotators

provided a review.
– False: If the average photo quality score is 0.5 or lower.

• Does the Caption Fit the Image?
– True: If the average caption fit score is greater than 0.5 and at least two annotators have

reviewed the image.
– None: If the average caption fit score is greater than 0.5, but fewer than two annotators provided

a review.
– False: If the average caption fit score is 0.5 or lower.

• Is the Image Culturally Relevant?
– True: If the average cultural relevance score (found in SEA) is 3 or higher, and at least two

annotators have reviewed the image.
– None: If the average cultural relevance score is 3 or higher, but fewer than two annotators

provided a review.
– False: If the average cultural relevance score is below 3.

• Overall Data Quality
– True: If the image meets all three conditions:

* average_photo_quality > 0.5

* average_found_in_SEA_score ≥ 3

* average_caption_fit > 0.5

* At least two annotators provided reviews



– None: If all three conditions are met, but fewer than two annotators reviewed the image.
– False: If any of the three criteria do not meet the required threshold.

These flags help ensure that the dataset maintains high-quality images, culturally relevant content, and
appropriate captions, allowing for more robust research applications.

B.2 Detailed Statistics of Image Filtering

For the accepted data from image filtering, we begin by filtering three existing datasets. The detailed
statistics for all three datasets—Conceptual Captions 3M (Sharma et al., 2018), COYO (2M) (Byeona
et al., 2022), and WiT (Srinivasan et al., 2021)7—are presented in Table 5, which outlines their alignment
with the threshold ρ in our image filtering experiment.

To scale up the experiment, we use two large-scale datasets, i.e., COYO (700M) (Byeona et al., 2022)
and LAION (Schuhmann et al., 2021). From 747M image URLS in COYO, we successfully crawled
467.5M images (∼62.5%), while for LAION we collected 1.3B URLs and gathered 826.5M images
(∼66.74%). We show the histogram for each threshold range for COYO and LAION in Figure 8.

The accepted data from image filtering is obtained from the Platinum, i.e., [54.5...55.5), and Diamond,
i.e., ≥ 55.5 threshold groups in Figure 8. We then run image deduplication on the combined filtered
COYO and LAION data, and end up with a total of 1.28M images.

Figure 8: Histogram of images per filtering threshold in (left) COYO and (right) LAION. The X-axis labels
denotes the different threshold groups with Bronze=[51.5 . . . 52.5), Silver=[52.5 . . . 53.5), Gold=[53.5 . . . 54.5),
Platinum=[54.5 . . . 55.5), and Diamond=≥ 55.5

C Additional Detail on Image Crowdsourcing

The SEA-VL project page can be accessed at https://seacrowd.github.io/seavl-launch/.

C.1 Image Submission

The image submission form used during the image collection phase is provided in Figure 9, where
contributors input necessary information, including captions and cultural relevance details for each
image. Additionally, Figure 10 showcases the bulk upload UI tool, designed to streamline the submission
process, allowing contributors to upload multiple images at once while inputting essential metadata. The
contribution progress of image submissions is shown in Figure 12.

C.2 Quality Assurance

Contributors validate each submitted image using the form in Figure 11. Validators assess image quality,
ensuring clarity, no offensive content, and that the image is not overly cropped or AI-generated.8 Images
should also be culturally relevant to Southeast Asia, either by being unique to the region (e.g., local food,

7We use the SEA languages subset of WiT from SEACrowd (Lovenia et al., 2024)
8Contributors have to pass a short screening test before becoming validators.

https://seacrowd.github.io/seavl-launch/
https://docs.google.com/forms/d/e/1FAIpQLScHKqaNlh-SvTD75AtWKkNhFvPNXXDy1eFyrqy3XGXq7M15Vw/viewform
https://github.com/SEACrowd/sea-vl-image-collection/
https://docs.google.com/spreadsheets/d/e/2PACX-1vS5NgqIAxMvN-9tnEbuYab1IP6eM_IFjwKFhp-Le072jiB_zAYvbFA5Be7b0R3RUH3E-anvXIjPa02p/pubhtml?gid=2004297798&single=true
https://forms.gle/p1MmJcKtier9tYZT9


Figure 9: SEA-VL image submission form for single upload.

landmarks) or strongly reflective of SEA culture (e.g., SEA-specific celebrations). Additionally, validators
ensure images do not contain personally identifiable information (PII).

The annotation guidelines (Figure 14) include 5 options for cultural relevance: Option 1 is for images
uniquely associated with SEA, such as local foods or landmarks. Option 2 covers images that strongly
reflect SEA culture or lifestyle and have a low degree of similarity to other cultures. Option 3 includes
images that may not originally be from SEA but are very common in SEA culture. Option 4 pertains to
images with some SEA affiliation but stronger ties to other cultures. Option 5 is for images unrelated to
SEA. Regarding the caption, validators must also determine whether it aligns with the image, selecting
from three options: yes, no, or unsure (Figure 11). The contribution progress for image validation is
tracked and shown in Figure 13.

https://docs.google.com/document/d/10VTsoD9Lfh_agxE1doSDjgPD4WsDtElDJJ5u775t68g/edit?usp=sharing


Figure 10: SEA-VL image submission UI tool for
bulk upload.

Figure 11: The SEA-VL image validation form used in the
quality assurance phase.

Figure 12: SEA-VL image submission contribution
progress.

Figure 13: SEA-VL image validation contribution
progress.



SEA-VL Annotation Guideline

This document explains the annotation guidelines for SEA-VL data validation. Please note that to become a SEA-VL
annotator, you must first pass this short screening test. Once you pass, we will contact you and provide an official
validator account to validate our data.
Validation Mechanism
You will be given an image and its short caption provided by the contributors. We want to ensure that the data is
suitable for SEA-VL, that is, relevant to South East Asia and in an acceptable quality. You don’t have to be native in the
corresponding SEA countries to validate the data, however, please utilize Google, Wikipedia, or any other trustworthy
sources when validating the data that you are not familiar with.
Validation Questions
Please consult the following guideline for answering the validation questions.

1. Is the photo quality OK and appropriate?
- Answer OK if the image quality is acceptable. Note that we don’t require high-quality, professional photography.
Any smartphone or amateur photography is acceptable. Importantly, ensure that the captured object is clear, not overly
cropped, and not blurry. Ensure that the photo is also appropriate, e.g., it does not contain harmful stereotypes (eg.
High-school gang fight in Indonesia, Tawuran), offensive or suggestive images, or any other illegal content.
- Rotated images are also considered OK, as humans can understand images that are rotated just fine. We want to ensure
that our system is robust.
- Note that we expect the images to be originated from the contributors. So if you suspect that the image is taken from
the internet or is AI-generated, also select NO.

2. Is the image culturally relevant in South-East Asia?
• Option 1: Yes. Unique to SEA.

For images or cultures that originate from SEA. Examples include:
- Local food such as Pad Thai.
- Local, unique and very popular buildings like Petronas Towers or Monumen Nasional.
- Local clothes such as Batik.
- Local activities such as the Ati-Atihan Festival.
- Culturally/historically significant paintings.
- Local brands that are very well-known locally and even internationally (e.g., IKEA is well-known to be Swedish,
we want our model to be familiar with our brands too). Eg. Indomie.

• Option 3: Maybe. Not originally from SEA but very common in SEA culture.
For images/concepts not originally from SEA but very ubiquitous in SEA culture and everyday life and/or have
SEA-specific local nuances. Examples include:
- Local buildings/places that are not necessarily unique, but have strong SEA-vibe and local influence, e.g., in their
architecture. For example, random mosques with local architectures, or random local markets/housing complexes
with distinguishable SEA elements. Note that generic homes/hotels that are very typical globally (commonly seen
elsewhere outside SEA) should not be considered.
- Non-SEA celebrations with SEA-specific nuances: For instance, Chinese New Year celebrations in Singapore or
Eid al-Fitr celebrations in Malaysia.
- Typical concepts or mundane objects with SEA-specific twists: An example could be candy with Rambutan
flavor, or objects such as signs, written with SEA languages.
- Foods that are not originated from the region, but very prominent in SEA, e.g. Chinese dishes that are popular in
Singapore.
- Non-local brands that are very strong/prominent in SEA (but not generally worldwide), e.g., MSG like Aji no
Moto, or Mixue.

• Option 5: No. Totally unrelated to SEA.
Images/concepts that have nothing to do with SEA. Examples include:
- Events like the Super Bowl.
- International landmarks (e.g., Statue of Liberty).
- Generic objects with no cultural relevance (e.g., random chair).
- International brand that has no significance in SEA specifically, eg a photo of a random HSBC office.

Select Option 2 (“Yes, people will likely think of SEA when seeing the picture, but it may have a low degree of
similarity to other cultures.”) or Option 4 (“Not really. It has some affiliation to SEA, but actually does not represent
SEA or has stronger affiliation to cultures outside SEA.”) if you are unsure between corresponding categories.

3. Does the image contain a person’s face, phone number, ID, or car plate numbers?
Ensure that the image properly obfuscates personally identifiable information (PII) such as faces, IDs, car plates, etc.
Note that the face of a public figure is not considered PII.

Figure 14: SEA-VL annotation guideline for data validation.



D Hyperparameters

Our SEA-VL experiment repository can be accessed on GitHub.9

D.1 Image Deduplication

We divided the images into 50 randomly sampled subsets for comparison. Similarity was then assessed
using four methods: (1) perceptual hashing via the imagehash10 library (Hamming distance, distance
= 16, CPU computation); (2) Nomic Embed Vision v1.5 (feature embeddings, threshold = 0.95, GPU
computation); (3) SigLIP (feature embeddings, threshold = 0.85, GPU computation); and (4) CLIP-ViT
(feature embeddings, threshold = 0.95, GPU computation). These methods differ in their hardware
requirements and similarity measurement strategies.

D.2 Image Generation

For diffusion models, high-quality images were generated using the hyperparameters specified in the
guidance-distilled11 settings of Flux.1-Dev. The inference process was configured with 50 sampling steps
and CFG at a scale of 3.5. The scheduler settings remained at their default values, with the Flow Matching
Euler Discrete12 scheduler employed for both Flux.1-Dev and Stable Diffusion 3.5, while the DDIM13

scheduler was utilized for Stable Diffusion 2. The generated images have a resolution of 1024 × 1024
pixels. For autoregressive models, we followed the default hyperparameters specified in the official
implementation14. This configuration included a CFG scale of 5.0, a temperature value of 1.0, and the
generation of 576 visual tokens per image. Due to architectural limitations in Janus-Pro, the output images
were constrained to a resolution of 384× 384 pixels.

D.3 Image Captioning

We utilize two types of prompting for image captioning: Location-Agnostic Prompt and Location-Aware
Prompt, as detailed in Figure 15 and 16. The prompt is designed for images that may include culturally
significant elements from Southeast Asia. The caption should highlight these cultural items, such as
local food, traditions, landmarks, or other relevant elements, and should be concise, consisting of 3
to 5 sentences. In terms of Location-Aware Prompts, the specific country’s location is retrieved from
the dataset metadata if the image is associated with a specific location within Southeast Asia, and this
information is incorporated into the prompt as a hint. In this case, the caption must mention the cul-
tural elements from the specified location, providing more context about the region’s culture and traditions.

For both prompts, we generate captions in six different languages: English, Thai, Malay, Tagalog,
Indonesian, and Vietnamese. This multilingual approach allows for a diverse representation of Southeast
Asian culture in different linguistic contexts. Each language provides its unique cultural perspective on
the image, ensuring that the captions are both culturally and linguistically appropriate. The captions
were generated deterministically using greedy decoding, prioritizing coherence and reproducibility, while
disabling the repetition penalty to maintain a fair comparison across languages.

E Additional Detail on Image Crawling

E.1 Other Methods Explored for Image Filtering

We explore various approaches for image filtering, such as rule-based approaches through URL whitelist-
ing/blacklisting, EXIF geolocation filtering, and other heuristics. Nonetheless, these methods are not
very noisy and tend to be source-dependent rendering them unreliable and not scalable. Beyond rule-
based approaches, we explore two semantic similarity based approaches, i.e., text-image similarity and

9https://github.com/SEACrowd/sea-vl-experiments
10https://github.com/JohannesBuchner/imagehash
11https://huggingface.co/docs/diffusers/main/api/pipelines/flux
12https://huggingface.co/docs/diffusers/api/schedulers/flow_match_euler_discrete
13https://huggingface.co/docs/diffusers/api/schedulers/ddim
14https://github.com/deepseek-ai/Janus

https://github.com/SEACrowd/sea-vl-experiments
https://github.com/JohannesBuchner/imagehash
https://huggingface.co/docs/diffusers/main/api/pipelines/flux
https://huggingface.co/docs/diffusers/api/schedulers/flow_match_euler_discrete
https://huggingface.co/docs/diffusers/api/schedulers/ddim
https://github.com/deepseek-ai/Janus
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Location-Agnostic Prompt

English: Write a caption in English for an image that may include culturally significant objects or elements from Southeast
Asia. The caption should specifically name Southeast Asian cultural items, such as cuisine, traditions, landmarks, or other
related elements if they appear in the image. The caption should be concise, consisting of 3 to 5 sentences.

Thai: เขียนแคปชั่นเป็นภาษาไทยสําหรับรูปที่อาจมีวัตถุทางวัฒนธรรมหรือองค์ประกอบจาก Southeast Asia แคปชั่นควรจะมีชื่อวัตถุวัฒนธรรมของ
Southeast Asian ได้แก่ ชื่ออาหาร วัฒนธรรม สถานที่ หรืออะไรก็ตามที่ปรากฏบนรูปภาพ แคปชั่นควรมีความยาว 3 ถึง 5 ประโยค

Malay: Tulis kapsyen dalam bahasa Melayu untuk imej yang mungkin mengandungi objek atau unsur penting budaya dari
Asia Tenggara. Kapsyen harus menyebut secara khusus item budaya Asia Tenggara, seperti makanan, tradisi, mercu tanda,
atau elemen lain yang berkaitan jika ia muncul dalam imej. Kapsyen hendaklah ringkas, terdiri daripada 3 hingga 5 ayat.

Tagalog: Magbigay ng caption sa Tagalog para sa isang litrato na maaaring may elemento o aspetong makahulugan para
sa Timog-Silangang Asya. Dapat pinapangalanan ng caption na ito ang mga cultural at tradisyunal na bagay sa Timog-
Silangang Asya tulad ng pagkain, tradisyon, lugar, o anumang kaugnay na elemento kung ito ay kasama sa litrato. Ang
caption ay dapat na maigsi, mga 3 hanggang 5 pangugusap lamang.

Indonesian: Tulis deskripsi dalam bahasa Indonesia untuk gambar yang mungkin mengandung objek atau elemen budaya
penting di Asia Tenggara. Deskripsi harus menyebutkan secara spesifik barang-barang dalam budaya Asia Tenggara, seperti
makanan, tradisi, tempat bersejarah, atau elemen terkit lainnya jika mereka muncul dalam gambar. Deskripsi harus singkat,
terdiri dari 3 sampai 5 kalimat.

Vietnamese: Viết chú thích bằng tiếng Anh cho một hình ảnh mà nó có thể chứa các vật thể hoặc yếu tố văn hóa quan trọng của
Đông Nam Á. Chú thích phải nêu tên cụ thể của các yếu tố văn hóa Đông Nam Á - chẳng hạn như ẩm thực, phong tục, địa danh hoặc
các yếu tố liên quan khác - nếu chúng xuất hiện trong hình ảnh. Chú thích phải ngắn gọn, chỉ bao gồm từ 3 đến 5 câu.

Figure 15: Location-Agnostic Prompts in English and multiple SEA languages.
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Location-Aware Prompt

English: This is an image from {Location}. Write a caption in English for an image that may include culturally significant
objects or elements from {Location}. The caption should specifically name Southeast Asian cultural items, such as cuisine,
traditions, landmarks, or other related elements if they appear in the image. The caption should be concise, consisting of 3
to 5 sentences.

Thai: นี้คือรูปจาก Thailand เขียนแคปชั่นในภาษาไทยสําหรับรูปที่อาจมีวัตถุทางวัฒนธรรมจาก Thailand แคปชั่นควรกล่าวถึงวัตถุวัฒนธรรมทาง
Southeast Asian ได้แก่ ชื่ออาหาร วัฒนธรรม สถานที่ หรืออื่นๆที่อาจปรากฏบนรูป แคปชั่วควรมีความยาว 3 ถึง 5 ประโยค

Malay: Ini adalah imej dari Malaysia. Tulis kapsyen dalam bahasa Melayu untuk imej yang mungkin mengandungi ob-
jek atau unsur penting budaya dari Malaysia. Kapsyen harus menyebut secara khusus item budaya Asia Tenggara, seperti
makanan, tradisi, mercu tanda, atau elemen lain yang berkaitan jika ia muncul dalam imej. Kapsyen hendaklah ringkas,
terdiri daripada 3 hingga 5 ayat.

Tagalog: Ito ay isang litrato mula sa Philippines. Magsulat ng caption sa Tagalog para sa isang litrato na may elemento o
bagay na makabuluhan sa kultura ng Philippines. Dapat pinapangalanan ng caption na ito ang mga cultural at tradisyunal na
bagay sa Timog-Silangang Asya tulad ng pagkain, tradisyon, lugar, o anumang kaugnay na elemento kung ito ay kasama sa
litrato. Ang caption ay dapat na maigsi, mga 3 hanggang 5 pangugusap lamang.

Indonesian: Ini adalah gambar dari Indonesia. Tulis deskripsi dalam bahasa Indonesia untuk gambar yang mungkin men-
gandung objek atau elemen budaya penting dari Indonesia. Deskripsi harus menyebutkan secara spesifik barang-barang
dalam budaya Asia Tenggara, seperti makanan, tradisi, tempat bersejarah, atau elemen terkit lainnya jika mereka muncul
dalam gambar. Deskripsi harus singkat, terdiri dari 3 sampai 5 kalimat.

Vietnamese: Đây là hình ảnh từ Vietnam. Hãy viết chú thích bằng tiếng Anh cho một hình ảnh mà nó có thể chứa các vật thể hoặc
yếu tố văn hóa quan trọng của Vietnam. Chú thích phải nêu tên cụ thể của các yếu tố văn hóa Đông Nam Á - chẳng hạn như ẩm thực,
phong tục, địa danh hoặc các yếu tố liên quan khác - nếu chúng xuất hiện trong hình ảnh. Chú thích phải ngắn gọn, chỉ bao gồm từ
3 đến 5 câu.

Figure 16: Location-Aware Prompts in English and multiple SEA languages.



Threshold CC3M (3M Images) COYO (1.66M Images) WiT (1.46M Images)

Relevance #Images %Images Relevance #Images %Images Relevance #Images %Images

< 51.5 - 2.99M 99.12% - 1.65M 98.58% - 1.44M 98.25%
[51.5 . . . 52.5) 58% 11885 0.40% 54% 8925 0.54% 80% 9627 0.66%
[52.5 . . . 53.5) 70% 6824 0.23% 40% 5919 0.36% 82% 6715 0.46%
[53.5 . . . 54.5) 78% 3841 0.13% 70% 3996 0.24% 92% 4377 0.30%
[54.5 . . . 55.5) 84% 2091 0.07% 82% 2323 0.14% 94% 2590 0.18%

≥ 55.5 92% 1499 0.05% 78% 2294 0.14% 90% 2162 0.15%

Table 5: The detailed filtering statistics of the image filtering on CC3M, COYO, and WiT datasets.

Figure 17: Bar charts that show performance of various multilingual VLM models on captioning images with a
cultural context in the corresponding language, as measured by 3 metrics: (left) the average correctness of the
language of the generated caption, (center) the average correctness of the caption, and (right) the average naturalness
of the caption.

image-image similarity. In text-image similarity, we first collect terms that are culturally relevant to
SEA, e.g., name of local dishes, name of places, etc. While for image-image similarity, we first col-
lect culturally relevant images from existing source datasets, i.e., CVQA (Mogrovejo et al., 2024) and
SEA-VQA (Urailertprasert et al., 2024).

E.2 Image Captioning in Local Languages

As discussed in Section 3.4, we initially intended to have image captioning in both English as well as the
language corresponding to the respective SEA culture’s target language. However, we decided to focus
purely on English captions based on insight obtained from an initial pilot study. In this sub-section, we
outline the pilot study and describe the findings that justified this choice.

For each among 5 languages (and their corresponding cultures), we randomly select 10 images and
have each image captioned by each of our four chosen multilingual VLMs (Maya (8B) (Alam et al.,
2024), PaliGemma2 (10B) (Steiner et al., 2024), Pangea (7B) (Yue et al., 2024), and Qwen2-VL (7B) (Bai
et al., 2023; Wang et al., 2024b)). These models are prompted with a language-aware prompt, and are
instructed to generate captions for the corresponding images in the target language. We thus obtain 200
image-caption pairs. We then manually evaluate the so generated captions on 3 parameters: the correctness
of the language the caption was generated in, the correctness of the caption, and the naturalness of the
caption. The language correctness is posed as a simple binary yes-no question. The correctness and
naturalness of the caption are both measured using a 3-point scale, which we describe in Appendix
Section I.4.

We present our findings in Figure 17. Overall, we find that most models struggle to output captions
that are correct and natural in the SEA language corresponding to the context of the image shown (the
one exception here, perhaps, is Indonesian, where, to our pleasant surprise, we see both Pangea (7B) and
Qwen2-VL (7B) being fairly correct and remarkably natural). Interesting, we find that these models are
often unable to respect even the requested language, particularly in the case of Vietnamese; we often find
the models defaulting to English captions in these cases.



F Contributor Details

The details of our authors and their contribution points are provided here. The full contribution point
tracking monitor can be accessed here.

G Contributor Demographic

We describe our author demographic and image validator demographic in Figure 18 and Figure 19,
respectively. Figure 18 shows the demographic distribution of SEA-VL authors based on their affiliation
and origin countries.

Affiliation (a) The largest group of authors are affiliated with Indonesia, followed by the USA, Singa-
pore, and the Philippines. Other countries with notable author affiliations include Thailand, the UAE, the
UK, and Canada.

Origin (b) When considering the origin countries, Indonesia again has the largest representation
(45.7%). The Philippines accounts for 13.0%, followed by Thailand, China, India, and Myanmar. Other
countries like the USA, Brunei, and Malaysia are also represented.

Affiliation

From SEA Others

Indonesia
23.9%

Singapore
13.0%

Philippines
8.7%

Thailand
7.6%

Malaysia
1.1%

Vietnam
1.1%

USA
20.7%

UAE
6.5%

UK
4.3%

Canada
3.3%

China
3.3%

Japan
2.2%

South Korea
2.2%

India
1.1%

Poland
1.1%

(a) Based on affiliation country

Origin

From SEA Others

Indonesia
45.7%

Philippines
13.0%

Thailand
8.7%

Myanmar
4.3%

Singapore
3.3%

Brunei
1.1%

Malaysia
1.1%

Sri Lanka
1.1%

Vietnam
1.1%

China
7.6%

India
7.6%

USA
2.2%

Bangladesh
1.1%

Netherlands
1.1%

Sweden
1.1%

(b) Based on origin country

Figure 18: SEA-VL author demographic based on their affiliation or origin countries.

In terms of the demographic breakdown of image validators, the majority of image validators are from
Indonesia, followed by the Philippines, Thailand, and non-SEA countries. Other countries with smaller
representation include Singapore, Myanmar, and Brunei, Malaysia, and Vietnam, as shown in Figure 19.

https://docs.google.com/spreadsheets/d/e/2PACX-1vRPKrLdm6eYRU9g8RBhHHHXZZ8eNXX1KRkvzvNg237GHlbBN6o_d3dgBC4-AGmeZQOXPqETZ6cJ_C-d/pubhtml?gid=1638779097&single=true
https://docs.google.com/spreadsheets/d/e/2PACX-1vSkp3tZJ2LfJp8ajSotMccXQa4SnWZO-cksktMPExH1418to9B4gMB2ds7FMDTZTsHeb8f-Jghdp44o/pubhtml?gid=1432901868&single=true


Image Validators

Indonesia
55.4%

Philippines
10.8%

Not SEA
9.5%

Thailand
9.5%

Singapore
8.1%

Myanmar
2.7%

Brunei
1.4%

Malaysia
1.4%

Vietnam
1.4%

Figure 19: SEA-VL image validator demographic based on their origin countries.

H Contribution Point System

We discuss additional information regarding the contribution point system formulated at the start of the
SEA-VL initiative as a form of credit attribution to collaborators from the community. We provide a
breakdown of the types of contribution activities and their corresponding points to be awarded in Table 6.
For transparency, this point system is discussed at every town hall meeting to inform new collaborators
and volunteers to the project. We categorize the types of contributions into two: open contribution which
includes image collection and image validation and are open to any potential collaborators and volunteers
and; closed contribution which includes performing model experiments, evaluations, paper writing, and
management, coordination, and communication of project progress. Tasks under closed contribution are
assigned to selected collaborators and original initiators of the project who have the resource and compute
capacity such as GPU equipment (see Appendix D for more details) and experience in paper writing.

Similar to previous corpus-building initiatives such as SEACrowd (Lovenia et al., 2024), CVQA
(Mogrovejo et al., 2024), and WorldCuisines (Winata et al., 2024), we set a threshold of 200 points for
co-authorship denoting significant contribution in this project (Figure 20). We resolve the authorship
order based on the decreasing order of points (collaborators with the highest number of points will either
come first or come last, depending on their preference). On the other hand, collaborators who did not
reach the given threshold will be acknowledged instead.

Activity Awarded Points

Image Collection 2 pts per image (Indonesia, Singapore, and the Philippines),
3 pts per image (Thailand, Malaysia, and Vietnam),
4 pts per image (Brunei, Laos, Cambodia, and Myanmar, East Timor)

Image Validation 1 pt per image

Model Experiments 100 pts - no limit (based on difficulty, compute resources, and time)

Evaluation Procedures 100 pts - no limit (based on difficulty, compute resources, and time)

Paper Writing 100 pts - no limit (based on designated sections)

Management,
Coordination, and
Communication

100 pts - no limit (based on difficulty, compute resources, and time)

Table 6: The point system used for crediting various forms of contributions from the collaborators of the community.
We set 200 points as the threshold for co-authorship. We resolve the authorship order based on the decreasing order
of points (collaborators with the highest number of points will come first).



Figure 20: SEA-VL contribution points and thresholds.

I Human Evaluation

I.1 Image Filtering Evaluation

The Image Filtering Evaluation process involves human annotators assessing images from three datasets:
WiT, CC3M, and COYO. All annotators are given the same set of samples for each dataset, where 50
images are randomly selected from each of the following dataset tiers: bronze, silver, gold, platinum, and
diamond, resulting in a total of 250 images per dataset. For each image, annotators are asked to classify it
as "Yes," "No," or "Not Sure" based on whether the image is relevant to SEA. Three annotators are assigned
to WiT and COYO, while five annotators work on CC3M. The evaluation results are then aggregated and
averaged across the annotators for each dataset and category. We measure the inter-annotator agreement
of the human evaluation using γ coefficient (Mathet et al., 2015; Mathet, 2017).

I.2 Image Duplication Evaluation

Given two images, three annotators were asked to assess whether the images are duplicates (binary
decision). The metric "duplicated" was defined loosely to the annotators, with annotators encouraged to
consider whether having the image pair would be redundant for training purposes. Each annotator was
provided with the same set of 75 image pairs, each related to either cuisine or tradition. Finally, for each
cultural domain, the duplication score was averaged across the three annotators.

I.3 Image Generation Evaluation

Score Correctness Description

3 The image correctly describes the given query.
2 The image somewhat correctly describes the given query.
1 The image is irrelevant to the query.

Table 7: Scoring rubric for correctness in Image Generation Evaluation.

Three annotators were assigned to assess the quality of the generated images. Each annotator was
tasked with evaluating a distinct set of 250 samples, each focusing on a specific cultural domain: one
annotator assessed cuisine, another assessed landmarks, and the third assessed traditions. Each sample
consisted of a query (caption) describing an aspect of culture from a specific South East Asian country,
along with the corresponding image. The annotators were instructed to evaluate the given caption based
on correctness and naturalness according to the rubric in Table 7 and 8 respectively. Finally, for each



Score Naturalness Description

3 The image is natural and culturally relevant.
2 The image feels somewhat natural.
1 The image is unnatural and looks machine generated.

Table 8: Scoring rubric for naturalness in Image Generation Evaluation.

cultural domain, the correctness and naturalness scores are averaged independently based on the source of
the image (whether generated by a model or taken by a human).

I.4 Image Captioning Evaluation

Score Correctness Description

3 The caption correctly describes the given image.
2 The caption somewhat correctly describes the given image.
1 The caption is irrelevant to the image.

Table 9: Scoring rubric for correctness in Image Captioning Evaluation.

Score Naturalness Description

3 The caption seems to be naturally written by native speakers.
2 The caption feels somewhat natural.
1 The caption is unnatural and looks machine-generated.

Table 10: Scoring rubric for naturalness in Image Captioning Evaluation.

To assess the quality of generated captions, three annotators were presented with the same set of 450
samples, each consisting of an image along with its corresponding caption. The annotators were instructed
to evaluate the given caption based on correctness and naturalness according to the rubric in Table 9 and
10 respectively. Finally, the correctness and naturalness scores are averaged independently based on the
source of the generation (whether by a model or a human) across three annotators.

J Samples of Images and Captions Collected

We provide qualitative samples of the collected image-text pairs here.15

15https://github.com/SEACrowd/seacrowd.github.io/blob/master/docs/SEA_VL_Appendix_J.pdf

https://github.com/SEACrowd/seacrowd.github.io/blob/master/docs/SEA_VL_Appendix_J.pdf
https://github.com/SEACrowd/seacrowd.github.io/blob/master/docs/SEA_VL_Appendix_J.pdf
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