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Abstract tation, we demonstrate the importance of An-
While the field of vision-language (VL) has thropogenic Regional Adaptation and GG-EZ,

achieved remarkable success in integrating vi- showmg S-ISSSJAgalﬁzm cul.tura.l r.elevance ;I;;;_
sual and textual information across multiple T1CS across while maintaining over ‘

languages and domains, there is no dedicated of global performance and even occasionally
framework for assessing human-centric align- Surpassing IF’ Our ﬁndmgs establish An'thro-
ment in vision-language systems. We offer two pogenic Regional Alignment as a foundational
contributions to address this gap. First, we in- paradigm towards applicability of multimodal
troduce Anthropogenic Regional Adaptation: VL architectures in diverse regions and demon-
a novel paradigm that aims to optimize model strate a simple-yet-effective baseline method
relevance to specific regional contexts while en- that optimizes regional value alignment while

. . . 1
suring the retention of global generalization ca- preserving global generalization.

pabilities. Second, we present a simple, but ef- 1 Introduction

fective adaptation method named Geographical-

generalization-made-easy (GG-EZ), which uti- Representation alignment in underrepresented re-
lizes regional data filtering and model merg- gional contexts of foundation models has been
ing. Through comprehensive ablations on 3 a longstanding problem in Al (Jain et al., 2024;
VL architectures: large vision-language models Winata et al., 2024; Anugraha et al., 2025), lim-

(LVLM), text-to-image diffusion models, and
vision-language embedding models, and a case
study in Southeast Asia (SEA) regional adap- 'All datasets and models can be found here.
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iting their effectiveness and applicability across
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diverse global populations. This challenge is par-
ticularly acute in under-developed and developing
regions — such as African (Adelani et al., 2021;
Wang et al., 2024a), Indian (Khan et al., 2024;
Verma et al., 2025), Middle Eastern, Southeast
Asian (SEA) (Cahyawijaya et al., 2023a; Lovenia
et al., 2024; Cahyawijaya et al., 2025b; Winata
et al., 2023), etc — where existing resources exhibit
severe underrepresentation. Building on this criti-
cal gap, we observe that existing vision-language
(VL) Al solutions, despite their capabilities to gen-
eralize across different languages and domains,
often exhibit cultural insensitivity (Naous et al.,
2024; Patel et al., 2025; Cahyawijaya et al., 2025a),
stereotypical outputs (Liu et al., 2025; Cahyawi-
jaya et al., 2025¢), and reduced task performance
when deployed in underrepresented regions (Kabra
et al., 2023; Cecilia Liu et al., 2024; Agarwal et al.,
2025). This misalignment stems from training data
dominated by certain regions with limited exposure
to diverse contextual nuances prevalent in other re-
gions (Cahyawijaya et al., 2023b; Cahyawijaya,
2024; Adilazuarda et al., 2024), undermining their
real-world applicability.

To bridge this divide, we propose Anthropogenic
Regional Adaptation, a foundational paradigm de-
signed to systematically evaluate human-centric
alignment of VL models across regional contexts
while preserving global generalization capabilities.
Within this framework, we identify two primary
model archetypes: (1) global models that achieve
strong performance across broad geographic con-
texts but struggle with underrepresented regions,
and (2) regionally specialized models that excel on
locale-specific metrics, yet falter when confronted
with broader global contexts. Neither archetype
is ideal, creating a critical gap in the utilization of
existing systems for targeted regional applications.

Overcoming this limitation, we specifically de-
signed a simple yet effective method, Geographical-
generalization-made-easy (GG-EZ), which adapts
an existing global model to a regional-specific con-
text with minimal degradation on the global con-
text. Inspired by recent advancements in training
strategies of large language models (LLMs) (Co-
here et al., 2025; Kocmi et al., 2025; Zhang et al.,
2025; Guo et al., 2025), GG-EZ operationalizes
regional adaptation through a two-level approach:
(1) regional data filtering to curate culturally rel-
evant training subsets, and (2) model merging to
integrate region-specific adaptations without catas-
trophic forgetting of global knowledge.

We validate Anthropogenic Regional Adaptation
and GG-EZ through rigorous experiments across
three VL architectures—Ilarge vision-language
models (Gemma-3 27B), text-to-image diffusion
models (SDXL), and vision-language embedding
models (SigLIP-2) — focusing on SEA as a case
study. Our results demonstrate that GG-EZ
achieves 5-15% improvements in cultural relevance
metrics, including cultural context accuracy and lo-
cal visual context understanding, while retaining
over 98% of global performance on standard bench-
marks. These findings establish Anthropogenic Re-
gional Adaptation as a critical step toward equitable
vision-language solutions and position GG-EZ as a
practical baseline for anthropogenic regional adap-
tation in vision-language systems.

2 Related Work

Regional-specific models have been reported to out-
perform one-size-fits-all models on regional con-
text (Nguyen et al., 2024). Several datasets (Love-
nia et al., 2024; Cahyawijaya et al., 2025b) and
language models (Ng et al., 2025; Nguyen et al.,
2026) have been developed for the Southeast Asia
(SEA) region. However, in computer vision, work
on regional adaptation has focused more on re-
mote sensing (Nyborg et al., 2022; Wang et al.,
2025), which results in limited understanding of a
region’s unique cultural and anthropomorphic char-
acteristics. Cahyawijaya et al. (Cahyawijaya et al.,
2025b) report that existing multilingual vision-
language models such as MAYA-8B (Alam et al.,
2024), PaliGemma-2-10B (Steiner, 2024), Pangea-
7B(Yue et al., 2024), Qwen2-VL-7B (Wang et al.,
2024b), Gemma-3 (Team et al., 2025) fail in gen-
erating culturally-relevant responses when bench-
marked against regional-specific cultural bench-
marks such as SEAVQA (Urailertprasert et al.,
2024), CVQA (Mogrovejo et al., 2024) and World
Cuisines (Winata et al., 2025). On the other hand,
recent development of regional-specific vision-
language models such as VIOLET (Mohamed
et al., 2023) and Baseer (Hennara et al., 2025),
VARCO-VISION (Ju et al., 2024), and SEA-LION-
VL (Singapore, 2024), have strong performance
on regional-specific benchmark, but fall short on
a broader and more general global context. Mo-
tivated by these limitations, we present a generic
framework to systematically assess the gap of an-
thropogenic regional alignment in different models
and introduce a simple-yet-effective approach, GG-
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Figure 1: Through anthropogenic regional adaptation, we identify two primary model archetypes: (left) Global
model with strong overall global performance, but struggle to represent certain regions appropriately, and (right)
Regional-specific model that has a strong representation towards certain regions, but fall short on the global context.

EZ, to reduce the regional gap of existing multi-
modal vision-language models, while maintaining
its performance on the broader global contexts.”

3 Anthropogenic Regional Adaptation

3.1 Overview

Let R denote the comprehensive spatial do-
main representing our global context of interest.
Within this universal space, we establish a dis-
crete partitioning into meaningful geographical or
conceptual units through the definition of R, a
finite collection of k distinct regions. Formally,
R = {Ri1, Ry, ..., R;} where each individual re-
gion R; constitutes a measurable subset of Rglob,
This decomposition enables systematic analysis of
adaptation strategies across heterogeneous spatial
contexts, recognizing that the world is rarely homo-
geneous in its characteristics or response patterns
to anthropogenic influences.

Building upon this foundational regional parti-
tioning, we introduce a critical distinction between
regions based on strategic importance. The tar-
get region R'¢ is defined as a specific, non-empty
subset of RE°P representing our primary focus re-
gion where adaptation efforts should be maximized.
Complementarily, the remaining regions are collec-
tively designated as R°Ms, defined through set
difference as ROhers = Relob \ Rree  This en-
sures complete domain coverage while maintain-
ing clear analytical separation between priority and
non-priority regions, with each point in R&°" be-
longing to exactly one region.

Building upon this theoretical framework, as de-

2We provide comparison of our SEA-VLM models with
other models in Appendix D.

picted in Figure 1, existing vision-language models
predominantly follow two archetypal approaches.
Global models capture broad, universal patterns
across R&°° but sacrifice nuanced regional speci-
ficity. Conversely, regional-specific models focus
on particular R subsets with high local perfor-
mance but reduced global coherence. This di-
chotomy reflects a fundamental trade-off in model
design between universal applicability and special-
ized excellence. Most existing models, commit to
one of the paradigm: global optimization for com-
prehensive coverage or regional specialization for
enhanced regional performance.

3.2 Global-Regional Parity (GRP)
Optimization

For each region R;, we have a set of evaluation
metrics B = {efi, egi, ...,elli}. We define a
quality metric q]Ri for each evaluation metric efi,
and the collection of these quality metrics forms
the set Q% = {qfi, qfi, ..., qliY. This multi-
dimensional approach captures the complexity of
regional characteristics influencing adaptation out-
comes. The evaluation framework extends to our
partitioned structure, yielding aggregated evalua-
tion sets QRgIOb and QR™ that consolidate met-
rics across regions while maintaining connections
to individual characteristics. To balance compet-
ing objectives, we introduce a globalization factor
a € [0, 1] that explicitly controls the trade-off be-
tween optimizing the target region and maintaining
global generalization. The formal optimization ob-
jective is constructed as a weighted combination:

m@ax [OA . QRglob + (1 . a) . QRreg

This formulation creates a single scalar objective
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that can be optimized using standard techniques,
with « serves as a critical control mechanism that
can be adjusted based on the specific focus and
characteristics of each region. For regions with
strong global connections or dependencies, o can
be set closer to 1 to emphasize maintenance of
REP conditions, while for regions where local im-
pacts dominate, v can approach 0 to prioritize R"¢
optimization. The solution achieves "best parity"
between regions, representing the most favorable
equilibrium where neither aspect is disproportion-
ately favored according to our specified weighting
scheme.

4 Geographical Generalization Made
Easy (GG-EZ)

Geographical-generalization-made-easy (GG-EZ)
is a general framework for regional adaptation of
global multimodal models that achieves effective
region-specific performance while preserving origi-
nal generalization capabilities. As illustrated in Fig-
ure 2, the core mechanism of GG-EZ consists of
two phases: regional quality filtering and global-
regional refinement. GG-EZ not only enables
adaptation across local textual and imagery con-
texts while maintaining base model capabilities, but
also better yet being architecture-agnostic, allow-
ing effective regional adaptation across different
vision-language architectures.

4.1 Regional Quality Filtering

The regional quality filtering phase refines the train-
ing dataset to focus on regionally relevant exam-
ples while preserving general knowledge. Let
D = {Dreg, Dgen } represent the complete dataset,
where Dy, contains region-specific examples and
Dyge, contains general-domain examples.

Regional Filter (F.f): We define a boolean re-
gional filter function that selects examples from the
target region:

Fi(x,r) =
w2, 7) 0 otherwise

{1 if region(x) = r
where 7 denotes the target region and region(x)
returns the geographical region associated with ex-
ample x.

Multilingual Reward (Fyp): To further refine
data filtering, we employ reward models that scores
data quality and relevance on a continuous scale:

Frm(w) = erd(x)

where 0,.,,4 is the weight of the reward model and
0,4 () measure the quality of the data x using the
reward model 0,.,,4. The filtered regional-specific
dataset is then obtained by applying a threshold 7:

Dgie = {35 S Dreg | Frf(l’,’r’) = 1and Frm(:L‘) > 7’}

Language Translation Augmentation: Beyond
regional filtering of existing cultural-relevant cor-
pora, a further data enrichment is done through
translating English high-quality datasets to multi-
ple target regional languages. Let T represent the
translation function mapping English to regional
languages L,:

Dyans = {T'(z,English — 1) | © € Dgy,l € L, }
4.2 Global-Regional Refinement

Using a pre-trained global model and the resulting
corpora from the regional quality filtering phase,
two steps of global-regional refinements are incor-
porated: 1) supervised fine-tuning, which turns
the global model into a highlt performant region-
specific model, and 2) model merging to ensure
the preservation of the original global generaliza-
tion capabilities. We first trained the global model
Ogiobar Into a quality regional-specific model Oyeq
using Dsgy € { D¢ U Dypans - After supervised fine-
tuning on D, a linear model merging technique
is applied to combine the global model with the
region-specific model. The merged model parame-
ters Omerged are defined as:

gmrg(ﬁ) = /6 : ereg + (1 - B) ’ Hglob

where 3 controls the interpolation between the
region-specific and the original global model. For
beta interpolation, we first select a certain value for
the global-regional parity factor « (e.g., « = 0.65)
to balance region-specific performance and general
capabilities. The optimal 3 value is selected based
on evaluation metrics:

* reg glob

" = argmax [04 Qg+ (1) ’ngmrg<6>]

€[0.0,1.0]

where Q;zmg( ) measures regional-specific perfor-
mrg

. re; lob
mance from the evaluation sets ™ and Q;ﬁg( 3)

measures global performance from the evaluation
sets ER*” . This approach ensures minimal degra-
dation of base model capabilities while achieving
strong regional adaptation.

5 Case Study on Southeast Asian (SEA)
Adaptation

We explore GG-EZ on 3 distinct multimodal ar-
chitectures: a large-scale Vision-Language Model
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Figure 2: Overview of our Geographical-generalization-made-easy (GG-EZ) framework. Our framework consist of
3 constituents: (1) High-quality regional data filtering pipeline; (2) supervised fine-tuning to create a high quality
regional-specific model; and (3) model merging to capture the best combination between regional-specific and
global represention while also maintaining the generalization capabilities of the model.

Model GRP Global SEA-Specific
Avg. WC CVQA Avg. SEAVQA WC CVQA
Google Gemma-3 594 635 598 672 563 41.0 60.1 67.8
SEA-Gemma-3 5% 640 643 60.0 687  63.7 61.2 60.3 69.5
SEA-Gemma-3 10% 641 644 60.0 688 63.8 61.7 60.2  69.5
SEA-Gemma-3 50% 573 567 516 618 578 59.5 514 626
SEA-Gemma-3 70 % 56.1 563 519 606 56.0 54.0 526 613
SEA-Gemma-3 (w/o merge) 422 42.1 485 356 422 41.9 486  36.2

Table 1: SEA-VLM evaluation results on CVQA, SEA-VQA, and WorldCuisine (WC). <MODEL> (X%) denotes
a merged model where X% is the weight (5 use in the linear merging process of the region-specific model.

Model Overall Language Breakdown
GRP Global SEA fil ind tha vie zsm
Google Gemma-3 2.29 254 209 1.69 215 217 237 207
SEA-Gemma-3 10% 2.31 242 222 1.88 2.07 229 261 225
SEA-Gemma-3 (w/o merge) 1.74 1.18 223 275 229 233 1.76 2.00

Table 2: SEA-VLM human evaluation results. We report the average rank across different models (Higher is better).
<MODEL> (X%) denotes a merge with X% as the weight g of the region-specific model.

(VLM) with 27B parameters, a contrastive Vision-
Language Embedding Model (VL-Embed) with 1B
parameters, and a Contextualized Diffusion Model
(SEA-ImageGen) with 3.5B parameters. Our ex-
periments focus on the SEA region, encompass-
ing 11 countries—Singapore, Indonesia, Malaysia,
Brunei, Thailand, Philippines, Vietnam, Myanmar,
Cambodia, Laos, and East Timor—with a total
population of approximately 700 million. In this
section, we provide detailed configurations for ap-
plying GG-EZ and the evaluation strategy used to
assess its effectiveness.

5.1 Data Curation

For data curation, we leveraged prefiltered SEA-
specific content from SEA-VL, culturally rel-
evant imagery from CulturalGround (Nyandwi
et al., 2025), and translated instruction data from

MAmmoTH-VL (Guo et al., 2024) (5 shards con-
verted to major SEA languages, including In-
donesian, Malaysian, Thai, Vietnamese, Filipino,
Khmer, Lao, Chinese, and Tamil). To ensure
high-quality translation on the underrepresented
languages like Khmer and Lao, we ablate differ-
ent translation models for each language and se-
lect the one with optimal quality and cost®. The
data filtering process applied a regional filter to
isolate SEA-specific examples, utilized the Uni-
fiedReward (Wang et al., 2026) model for quality
assessment with a threshold set at 3 or above*, and
combined regional and translated instruction data

3See Appendix A for more detail.

*We pick the best reward model based on our ablations on
a human-annotated SEA-specific human preference dataset.
The comparison of different reward model quality on the SEA
regional test set is shown on Appendix B.
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to create the final fine-tuning dataset. This dataset
curation is crucial to enable adaptation of a general
global model into a strong regional-specific model
as explained in §6.2.

5.2 Regional Supervised Fine-tuning

All models underwent supervised fine-tuning us-
ing the AdamW optimizer (Loshchilov and Hutter,
2017) with linear learning rate decay. The SEA-
adapted VLM (SEA-VLM) was trained from the
Gemma-3 model as the initial checkpoint with a
batch size of 64, learning rate of 2e-5, weight de-
cay of 0.01, and 3 epochs. Before the supervised
fine-tuning, we perform continuous pre-training on
the Gemma-3 checkpoint using SEA-VL, XM3600,
and Flickr30k, where we translated these datasets
into SEA languages similar to Section 5.1. For the
contextualized diffusion model (SEA-ImageGen),
the model was fine-tuned from SDXL with a batch
size of 32, learning rate of le-5, weight decay of
0.01, and 4 epochs. We only fine-tuned the UNet
module the model while keeping the VAE module
as is. For the VL embedding model (SEA-VL Em-
bed), the model was fully fine-tuned from SigL.IP2-
SO400m with a batch size of 128, learning rate
of 5e-6, and 2 epochs. The resulting regionally-
adapted models are denoted as SEA-Gemma-3,
SEA-SDXL, and SEA-Sigl.IP2 for the VLM, dif-
fusion, and embedding architectures respectively.

5.3 Global-Regional Merging

After fine-tuning, we performed linear model merg-
ing to combine region-specific adaptations with the
original base models. For VL-Embed and SEA-
ImageGen, we explored interpolation weights 3 in
the range [0.25, 0.5, 0.75], while for the SEA-VLM
we tested a broader range of 3 values [0.05, 0.10,
0.5, 0.7]. The optimal 3 was determined by maxi-
mizing a weighted combination of regional and gen-
eral performance metrics, where RegionAcc mea-
sures performance on SEA-specific validation data
and General Acc evaluates performance on broad-
domain benchmarks. This formulation prioritizes
regional adaptation while ensuring minimal degra-
dation of foundational capabilities. We denote the
resulting merged model as “<MODEL> (X%)”
—e.g., SEA-Gemma-3 10% — where X% denotes
the weight percentage /3 of the regionally-specific
model used in the linear merging.

5.4 Evaluation

For the SEA-VLM model, evaluation included
the SEAVQA regional visual question answering
benchmark, CVQA for culturally nuanced queries,
WorldCuisine for food identification tasks, and hu-
man evaluation to assess cultural relevance and
accuracy.’. The SEA-VL Embed was evaluated
on SEAVQA and CVQA to measure regional and
cultural performance in embedding space. The
SEA-ImageGen model underwent assessment us-
ing a DPGBench benchmark (Hu et al., 2024) as
a proxy for the global quality of the models and
diffusion model human evaluation set from SEA-
VL (Cahyawijaya et al., 2025¢c) to gauge cultural
relevance and visual quality on the SEA region.
All evaluations were conducted on held-out test
sets to ensure fair comparison across architectures
and adaptation strategies. For human evaluation
we use a 3-level likert scoring with native speaker
annotators for each of the evaluated regional lan-
guage. Finally, to compute a fair and practical
global-regional parity (GRP) score from both of
the global and region-specific evaluations, we set
the globalization factor @ = 0.43% derived from
2023 KOF Globalization Index (Haelg, 2019; Gygli
et al., 2019) which measures the level of globaliza-
tion across 190 countries.

6 Result and Discussion

6.1 Overall Results
6.1.1 GG-EZ on SEA-VLM

We observe two major trends in SEA-Gemma-
3 performance (Table 1). First, without model
merging, SEA-Gemma-3 generally underperforms
Gemma-3 on CVQA and World-Cuisine bench-
marks, likely due to reduced task generalization
after regional fine-tuning. However, it exceeds
Gemma-3 on the SEA-specific SEA-VQA eval-
uation. This suggests that pure supervised fine-
tuning for regional adaptation may not be opti-
mal, as pre-trained VLMs already contain diverse
data that can be compromised by smaller regional
datasets. With model merging, performance im-
proves significantly across all evaluations. A 50:50

>Due to limited evaluation resources for the region, we de-
velop two human evaluation sets: (1) SEA-AYA a human trans-
lated AyaVisionBench (Dash et al., 2026); and (2) SEA-VL
VQA, a human annotated VQA prompts from SEA imagery.
Details in Appendix C.

®a = 0.43 indicates a moderate tendency toward SEA-
focused quality QRreg with a fair amount of consideration for

global quality QRgmb.
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Model Overall Aspects
Score  Attribute Relation Entity Other Global
StabilityAI SDXL 73.75 79.18 86.38 81.07 60.00 83.89
SEA-SDXL 25% 74.75 80.43 86.34 81.86 61.60 8541
SEA-SDXL 50% 74.61 80.93 87.12 81.15 60.00 86.02
SEA-SDXL 75% 74.39 79.98 85.96 81.36 6320 82.67
SEA-SDXL (w/o merge)  74.32 80.79 86.92 81.57 6520 81.16

Table 3: SEA-SDXL Performance on Image Generation Benchmark DPGBench (Higher is better). <MODEL>
(X%) denotes a linear merge where X% is the weight 3 of the region-specific model.

Correctness Naturalness

Model

Overall T L (o} Overall T L (o}
StabilityAI SDXL 1491 1470 1.636 1387 1675 1436 2.023 1.613
SEA-SDXL 25% 1569 1.587 1.729 1413 1767 1473 2124 1.753

SEA-SDXL (w/o merge) 1431 1473 1.527 1307 1.557 1340 1.806 1.560

Table 4: SEA-SDXL human evaluation results on 3
distinct cultural aspects. “T” denotes Tradition, “L”
denotes Landmark, and ““C” denotes Cuisine

mix (SEA-Gemma-3 50%) achieves a turning point
where global performance slightly decreases while
SEA-specific performance surpasses Gemma-3. In-
creasing the merging weight to 10% (SEA-Gemma-
3 10%) further improves results, outperforming
Gemma-3 on all evaluation sets with a 1% global
performance gain and 7.5% SEA-specific improve-
ment, yielding the highest GRP. This demonstrates
GG-EZ’s ability to create regionally-adapted mod-
els strong in both specificity and generalization.
Human evaluation (Table 2) confirms these
trends. SEA-Gemma-3 (w/o merge) shows supe-
rior regional specialization with the best average
ranks across Southeast Asian languages: Filipino
(2.75), Indonesian (2.29), Thai (2.33), and SEA
region (2.23). Gemma-3 maintains global domi-
nance (2.54), while SEA-Gemma-3 10% achieves
the best Vietnamese (2.61) and Malaysian (2.25)
scores with minimal global degradation (2.42 vs.
2.54), yielding the highest GRP of 2.31. This con-
firms that even modest SEA integration provides
measurable regional benefits (Appendix E and F).

6.1.2 GG-EZ on SEA-ImageGen

The SEA-SDXL models demonstrate strong re-
gional adaptation while maintaining robust global
performance on DPGBench (Table 3). The fully
fine-tuned SEA-SDXL achieves 74.32 overall,
slightly improving upon SDXL’s 73.75. GG-EZ’s
linear merging further enhances performance, with
SEA-SDXL 25% and 50% models reaching 74.75
and 74.61 respectively, surpassing both the general
model and regional-specific SEA-SDXL.

Only used a subset (20%) % XV ﬂ{ o‘ ‘ ‘
8O @ ﬁm& ‘ ‘ @ "

O sc

"'# < ° xm

® *

‘ Country
Added Cultural-Ground
Multiple-Choice

Added World Cuisine = %

Added Cultural-Ground
Open-End

jed Ov e

1015 1515 2015 2515 3015 3515 4045 4515 50.15
(Baseline dataset)

SEA-VQA Accuracy (%)

Figure 3: Impact of regional-specific data curation strat-
egy on SEA-Gemma-3.

Human evaluation results (Table 4) confirm the
merging strategy’s effectiveness for regional con-
text. The SEA-SDXL 25% model outperforms
both SDXL and fully fine-tuned SEA-SDXL across
all cultural aspects (Tradition, Landmark, Cuisine)
in both correctness and naturalness metrics. This
indicates the merging process successfully recov-
ers generalization capability lost during regional
specialization, enabling the models to maintain or
enhance global performance while excelling in re-
gional context evaluations.’

6.1.3 GG-EZ on SEA-VL Embed

The SEA-SigLIP2 model outperforms the original
Google Sigl.IP2 on both SEA and non-SEA regions
in CVQA and SEA-VQA evaluations (Table 5).
Merging SEA-SigLIP2 with the original SigL.IP2
further enhances performance. The SEA-SigLIP2
50% model achieves the highest global CVQA
score (27.52) and strongest non-SEA performance
(27.97), excelling in general knowledge transfer.
The SEA-SigLIP2 75% model demonstrates supe-
rior regional specialization with the highest SEA-
VQA overall score (29.66), peak performance for
Indonesia (30.05) and Vietnam (28.75), and main-
tains strong global performance (27.12), yielding
the highest GRP score (27.96) compared to the orig-
inal SigLLIP2 (25.17) and fine-tuned SEA-Sigl.IP2

"GRP score was not measured for image generation due
to lack of comparable test sets, though the model clearly im-
proves both regional-specific and general image generation
scores.
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Model GRP CVQA SEAVQA
Global SEA Others SEA Khm Ind Vie
Google SigLIP2 25.17 2551 2402 2584 2581 2895 25.00 2556
SEA-SigLIP2 25% 2496 2438 2444 2436 2636 27.63 2540 23.96
SEA-SigLIP2 50% 27.10 27.52 2550 2797 28.06 31.25 26.99 27.16
SEA-SigLIP2 75% 2796 27.12 27.51 27.03 29.66 28.62 30.05 28.75
SEA-SigLIP2 (w/o merge) 2696 2675 2529 27.07 2896 2829 28.59 29.07

Table 5: SEA-VL Embedding Zero-Shot Performance on Cultural VQA Benchmarks. <MODEL> (X%) denotes
a linear merge where X% is the weight [ of the region-specific model. For SEA-VQA, we provide additional
breakdown of 3 of the biggest country data in the dataset with “Khm”=Cambodia, “Ind”’=Indonesia, “Vie”=Vietnam.
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Figure 4: (left) Impact of globalization factor alpha to GRP across different models. Optimizing on a misaligned «
can lead to suboptimal performance. (right) We derive o from the KOF globalization index (Haelg, 2019; Gygli
et al., 2019) to better reflect the degree of globalization across regions. The globalization index is distinct across

regions and evolves over time.

(26.96). The merging approach effectively balances
regional adaptation and generalization, preserving
and enhancing SigL.IP2’s broad capabilities while
incorporating specialized SEA knowledge.?

6.2 Impact of Regional Quality Filtering

Data quality and relevance critically impact region-
specific model adaptation performance (Cahyawi-
jayaetal., 2023b, 2024). SEA-Gemma-3 ablation
studies show naive augmentation does not guar-
antee gains; outcomes depend on data structure,
scope, and provenance. As in Figure 3, data vol-
ume is a bottleneck: a 20% subset of the SEA-
Mammoth 250k dataset (translated to 10 languages)
causes a 70% performance drop vs. full data, stress-
ing the need for sufficient scale.

Integrating the SEA-filtered Cultural-Ground
dataset (Nyandwi et al., 2025) shows performance
depends on VQA format. Open-ended VQA
boosts regional understanding to 41.9% (baseline)
but is sensitive to prompts; multiple-choice de-

8Detailed evaluation breakdowns are in Appendix E.

grades to 21.6%. The SEA-filtered WorldCuisine
dataset (Winata et al., 2024) reduces performance
by 42%. We hypothesize its regional cuisine fo-
cus narrows the model, lacking comprehensive cul-
tural knowledge (e.g., landmarks, history, cloth-
ing). Thus, strategic curation is vital; indiscrimi-
nate dataset addition without format- and domain-
aware evaluation harms generalizability.

6.3 Globalization Factor in Anthropogenic
Regional Adaptation

The globalization factor o governs GRP optimiza-
tion for Anthropogenic Regional Adaptation, de-
termining how models should balance global and
regional characteristics. An appropriate o reflects
actual regional interaction patterns, whether soci-
eties prefer unified global perspectives or localized
regional views. Misalignment causes undesirable
model behavior (Figure 4, left). We derive a from
the KOF-GI (Konjunkturforschungsstelle Global-
ization Index) (Haelg, 2019; Gygli et al., 2019),
using the de facto interpersonal component that
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measures person-to-person globalization intensity
(Martens and Raza, 2009; Axel et al., 2010; Figge
and Martens, 2014). This provides a standardized,
quantifiable metric by calculating KOF-GI expec-
tations across target region countries 7R"€.

The KOF-GI-based « offers two key advantages:
1) dynamic adaptation as globalization evolves
over time (Figure 4, right), and 2) an objective,
external metric reducing subjectivity in regional
importance determination. This establishes a fair
global-regional parity baseline that bridges the gap
between purely global models (lacking regional
specificity) and purely regional models (lacking
global coherence) (Figure 1). Models optimized
with KOF-Gl-derived « adaptively balance focus:
emphasizing regional performance in less global-
ized areas while maintaining global consistency
in highly interconnected regions. This creates a
system that simultaneously satisfies universal ap-
plicability and specialized excellence demands, en-
abling robust performance across heterogeneous
regional contexts.’

7 Conclusion

We propose the Anthropogenic Regional Adap-
tation framework to address cultural insensitivity
and reduced performance in underrepresented re-
gions, establishing a foundational paradigm for
human-centric alignment in vision-language sys-
tems. Our GG-EZ approach implements this frame-
work, demonstrating 5-15% gains in cultural rel-
evance metrics across SEA contexts (Table 1)
while maintaining or improving generalization ca-
pabilities across three architectures—Gemma-3
27B, SDXL, and SigLIP-2—enabling equitable
deployment without sacrificing core performance.
This work highlights GRP’s importance in human-
centric alignment, providing data-driven and dy-
namically adjusted optimization.

8 Limitation

Our study demonstrates promising gains in regional
cultural relevance, but several constraints limit the
breadth and depth of the findings. First, the experi-
ments are confined to relatively modest model sizes
(Gemma-3 27B, SigLIP-2, and SDXL), which may
not capture the full spectrum of performance im-
provements achievable with larger architectures;
scaling to billion-plus parameter models could re-
veal different trade-offs between regional adapta-

%For detailed KOF-GI breakdown, see Appendix G.

tion and global generalization. Second, while we
target eleven Southeast Asian languages, the cov-
erage is uneven: major languages such as Indone-
sian, Thai, and Vietnamese receive substantially
more data and evaluation than smaller languages
like Khmer and Lao, potentially biasing the re-
sults and leaving gaps in truly low-resource lin-
guistic contexts. Third, the exploration of model
merging strategies is limited to linear interpolation
with a few discrete weight points; more sophisti-
cated merging techniques remain underexplored,
and could yield better parity or higher regional
gains without sacrificing global performance.

9 [Ethical Statement

All human annotations were conducted on a volun-
tary basis by the authors and members of relevant
regional communities, with fair compensation pro-
vided for their contributions. Annotations under-
went rigorous double-checking to ensure quality,
safety, and cultural relevance, adhering to ethical
guidelines for data collection in underrepresented
regions. The evaluation design incorporated a fair
scoring system to minimize bias, and annotators
were selected from diverse linguistic and cultural
backgrounds within Southeast Asia to ensure con-
textual accuracy. No sensitive or private data was
used, and all processes aligned with principles of
informed consent and equitable participation. Dur-
ing writing of the paper, we also use Al assistant
to help with paraphrasing and post-editing.
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A Assessment for SEA languages
Translation Quality

Language Model Grammar Naturalness
NLLB 4.6+0.8 4.1+1.1
Burmese (mya) Gem.mfl—3—27b 41+12 36+1.2
Gemini-2.5-flash 4.8 £ 0.6 4.6 +0.8
Gemini-2.5-pro 49+ 04 4.9 + 0.5
NLLB 33+ 1.1 30+£1.2
Thai (tha) Gem.mfi—3—27b 42+09 41+09
Gemini-2.5-flash 4.8 + 0.5 4.7 + 0.5
Gemini-2.5-pro 4.7+0.5 46+0.5
NLLB 44+0.6 43409
Filipino (fil) Gem.mfi—3—27b 4.8 + 0.6 4.6 + 0.8
Gemini-2.5-flash 4.7 £ 0.4 44 4+0.7
Gemini-2.5-pro 4.8+ 04 45+0.6
NLLB 43+09 38+ 1.1
Indonesian (ind) Gem.mfi—3—27b 4.6 + 0.6 42+09
Gemini-2.5-flash 4.5 £ 0.6 414+09
Gemini-2.5-pro 4.6 £ 0.5 43+0.8
NLLB 47+05 444038
Vietnamese (vie) Gem.mfi—3—27b 5+0.1 49+03
Gemini-2.5-flash 5+0.1 49+02
Gemini-2.5-pro 5+0.1 5+0.1

Table 6: Human evaluation of English—5 SEA lan-
guages translation quality using a five-point scale (mean
+ standard deviation)

We conducted a systematic evaluation on 100
randomly selected human-generated English cap-
tions from the SEA-VL (Cahyawijaya et al., 2025b)
dataset for Burmese (mya), Thai (tha), Filipino (fil),
Indonesian (ind), and Vietnamese (vie). The eval-
uation employed a five-point scale (1-5) assess-
ing grammatical accuracy and naturalness, using
NLLB (Team et al., 2022), Gemma-3-27b (Team
et al., 2025), Gemini-2.5-flash, and Gemini-2.5-
pro (Team et al., 2023) models. Table 6 presents
the results of the translation quality evaluation
in five Southeast Asian languages using a five-
point scale (mean * standard deviation). Over-
all, the Gemini-2.5 models consistently achieve
the highest scores for Burmese (mya) and Thai
(tha), with Gemini-2.5-Pro obtaining the best per-
formance for Burmese and Gemini-2.5-Flash per-
forming slightly better for Thai. For Filipino (fil),
Indonesian (ind), and Vietnamese (vie), Gemma-
3-27B achieves competitive or top performance,
often matching or exceeding the Gemini models in
grammatical accuracy while maintaining high nat-
uralness scores. Based on these findings, Gemma-
3-27b was used for Indonesian (ind), Vietnamese
(vie), Standard Malay (zsm), Filipino (fil), and Chi-
nese (zho), where it demonstrated strong and stable
performance. Gemini-2.5-flash was used for Thai
(tha), Burmese (mya), Lao (lao), Khmer (khm), and
Tamil (tam), as the Gemini family showed superior

robustness and higher translation quality for these
languages.

B Reward Model Ablation

We evaluated four reward models: HPSv2
(Xu et al.,, 2023), HPSv2 (Wu et al.,, 2023),
VisionReward-Image (Xu et al., 2026), and Uni-
fiedReward (Wang et al., 2026). In order to pick a
reward model to use for data curation as described
in section 5.1, we measured how much the reward
models agreed with human evaluations from SEA-
VL (Cahyawijaya et al., 2025¢). For each image
I,,, we normalized the scores via min-max normal-
ization and then took the average across categories
to get a human annotator score s, € [0,1].
Notably, the absolute score range of ImageReward-
style models varies across datasets, making di-
rect normalization and comparison with human
ground-truth scores unreliable. Therefore, instead
of comparing absolute scores, we reformulated the
evaluation as a pairwise preference task. Specif-
ically, We randomly sampled 500 pairs of im-
ages I, and I, such that s§ == > s%uman. For
each reward model, we then compute the rate
at which it gives I, a higher score than I i.e.
s¢. > sb . Results are summarized in table 7.
Although VisionReward-Image achieved the high-
est pairwise agreement with human judgments, we
ultimately selected UnifiedReward by considering
both computational efficiency and predictive per-
formance. While its accuracy is slightly lower,
UnifiedReward offers a more favorable trade-off
overall, as it supports efficient batched inference
through vLLM (Kwon et al., 2023), substantially
improving throughput for large-scale data filtering.

Reward Model Rate where 5%, > s0
ImageReward 0.394
HPSv2 0.384
VisionReward-Image 0.466
UnifiedReward 0.442

Table 7: Rate at which s¢,, > sb, for each reward
model under consideration.

C Annotated Human Evaluation Test Sets

We conduct human evaluation on two datasets:
SEA-VL VQA and SEA AYA.
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C.1 SEA-VL VQA

SEA-VL VQA contains ~1.1k visual questions
spanning 9 official languages in Southeast Asia:
Malay (zsm), Vietnamese (vie), Thai (tha), In-
donesian (ind), Filipino (fil), Tamil (tam), Khmer
(khm), Chinese (cmn), and Burmese (mya). The cul-
turally grounded images were originally collected
via crowdsourcing by (Cahyawijaya et al., 2025c¢).
For each image, a native speaker authored a visual
question in the target language, which was subse-
quently reviewed by two additional native speakers,
with revisions made when needed to ensure quality.

To promote consistency and cultural relevance,
we provided annotators with detailed instructions
for writing high-quality visual questions. Specif-
ically, questions were required to: (1) be directly
grounded in the visual content of the image; (2)
go beyond low-level perception and instead target
culturally salient elements, such as traditional at-
tire, local cuisine, religious practices, architectural
styles, or social activities; (3) be clear, grammati-
cally correct, and contextually appropriate; and (4)
be answerable solely from the image.

We also specified several categories of questions
to avoid. These included: (1) overly generic ques-
tions (e.g., "What is this?" or "What color is the
shirt?"); (2) purely factual questions lacking cul-
tural grounding (e.g., "How many people are in the
image?"); (3) questions that cannot be answered
from the image alone (e.g., "What is her name?"
unless explicitly shown); (4) questions that fail to
reflect the Southeast Asian context without clear
justification; and (5) questions that can be answered
without the visual context.

C.2 SEA AYA

We construct SEA AYA by manually translating
135 visual questions from the Aya Vision Bench-
mark (Labs, 2025) into 6 official Southeast Asian
languages: Thai (tha), Malay (zsm), Filipino (fil),
Tamil (tam), Chinese (cmn), and Burmese (mya).
Combined with the English (eng) and Indone-
sian (ind) subsets already available in Aya Vi-
sion Benchmark, the resulting benchmark contains
~1.2k instances covering 9 vision-language tasks:
image captioning, chart and figure understanding,
image difference detection, general VQA, OCR,
document understanding, text transcription, visual
reasoning, and screenshot-to-code generation. For
each example, annotators were first given a rough
machine-translated draft as a starting point. They

were then asked to revise it to ensure that the fi-
nal translation is fluent, culturally appropriate, and
semantically faithful to the English source.

For quality and consistency, our annotation
guidelines emphasized several principles: (1) pre-
serve the meaning, tone, and intent of the original
English prompt; (2) produce text that is natural and
fluent for native speakers of the target language; (3)
use grammar, vocabulary, and syntax that conform
to standard usage in the target language; (4) match
the level of formality of the source; (5) respect
language-specific cultural and pragmatic norms,
including idiomatic usage and politeness conven-
tions; and (6) appropriately translate, retain, or
normalize named entities and technical terms when
necessary.

We also requested annotators to avoid common
translation errors, including semantic drift, omis-
sion of essential information, overly literal adher-
ence to machine-translated phrasing, literal trans-
lation of idiomatic expressions, over-translation or
under-translation, awkward or unidiomatic word-
ing, and inconsistent terminology, particularly
across multi-sentence examples.

D Comparison of SEA-Gemma-3 and
Other VLMs

We provide the full comparison per language on
CVQA and per region on SEA-VQA in Table 8§ and
Table 9, respectively. The merged global-regional
model SEA-Gemma-3 10% achieves strongest per-
formance on SEA regions and other regions on
CVQA, producing a solid performance even hgher
compared to other smaller and similar sized models
like Llama-3.2 Vision (Grattafiori et al., 2024), Pix-
tral (Agrawal et al., 2024), Gemma-3 (Team et al.,
2025), and even outperform larger models such as
Aya-Vision (32B) (Dash et al., 2026), Qwen-3 VL
(35B) (Bai et al., 2025a), Qwen-2.5-VL (72B) (Bai
et al., 2025b), and Molmo (72B) (Deitke et al.,
2024). Similarly on SEA-VQA, SEA-Gemma-3
10% also achieves the best average regional score,
although on several regions it is still outperformed
by large models especially Aya-Vision (32B) (Dash
et al., 2026) which showcase strong performance
on multiple SEA regions but falls short on Indone-
sia, Thailand, and Laos.

E Results Breakdown

We provide the results breakdown in Table 10, Ta-
ble 12, Table 11, and Table 15 for SEA-VLM; Ta-
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Llama-3.2  Pixtral Gemma-3 SEA-Gemma-3 SEA-Gemma-3 Aya-Vision Qwen-3 VL. Qwen-2.5-VL Molmo

Language Vision (11B) (12B)  (27B) (27B) 10% (27B) (32B) (35B) (72B) (72B)
Indonesian 56.31 62.86 66.50 21.60 66.26 67.88 66.26 66.50 63.83
Filipino 51.72 64.53 66.01 24.14 70.94 66.34 64.04 65.02 64.53
Malay 56.19 61.90 67.62 29.84 71.43 72.38 70.16 62.50 69.84
Chinese 62.80 68.93 72.66 40.73 75.14 77.48 78.28 80.98 79.29
Tamil 58.41 51.87 73.36 40.65 7430 61.68 61.68 58.88 58.41
Javanese 47.81 51.18 62.96 2222 63.64 55.56 54.55 55.22 54.88
Minangkabau 51.79 51.39 64.54 23.90 67.73 61.75 54.98 51.79 58.17
Sundanese 44.00 49.00 59.00 12.50 63.50 52.53 55.50 56.50 52.00
SEA Avg. 53.63 5771 66.58 26.95 69.12 64.45 63.18 62.17 62.62
Ambharic 39.32 3291 62.82 26.07 62.39 29.18 4274 36.48 45.30
Bengali 55.59 48.25 72.03 33.57 75.87 64.31 64.34 61.27 68.88
Breton 34.57 35.80 42.96 27.65 45.68 39.36 34.81 3778 35.06
Bulgarian 49.06 2291 62.26 34.23 64.42 56.49 54.45 61.99 57.68
Arabic 49.26 4335 62.07 32.02 65.02 68.47 57.64 61.08 58.62
Hindi 68.16 30.85 80.60 42.79 81.09 78.11 75.62 75.12 78.11
Igbo 44.00 41.50 43.50 25.50 47.00 38.00 34.50 36.55 41.50
Irish 53.99 57.67 64.11 31.29 65.95 56.13 55.52 57.98 57.06
Japanese 50.74 49.26 53.20 29.06 53.69 59.11 58.62 58.62 57.14
Kinyarwanda 35.32 34.47 53.62 2851 53.19 40.43 3277 38.30 40.43
Korean 59.66 7345 76.90 42.76 77.93 80.00 77.24 77.59 74.14
Marathi 48.02 31.19 7475 34.16 77.23 66.17 63.86 61.39 68.81
Mongolian 39.42 39.74 50.32 23.40 50.64 36.01 44.23 39.10 47.76
Norwegian 54.52 64.21 66.89 38.80 69.57 66.22 61.20 68.56 69.90
Oromo 34.11 35.51 45.79 24.77 47.20 36.45 38.32 35.05 42.06
Portuguese 5775 73.59 80.63 41.20 80.63 78.01 76.06 76.76 77.46
Romanian 58.94 67.88 75.17 40.73 76.49 74.17 70.20 75.83 70.20
Russian 66.50 37.00 80.50 45.50 81.50 80.00 76.50 79.00 84.00
Sinhala 48.00 28.44 65.33 29.78 65.78 39.56 43.56 45.50 45.78
Spanish 57.02 69.13 69.34 37.61 69.92 73.25 68.20 71.44 71.55
Swabhili 53.11 60.07 76.19 36.26 80.95 66.18 60.07 5531 67.77
Telugu 55.50 32.50 71.50 32.00 74.50 57.79 61.00 58.50 57.00
Urdu 55.98 48.02 73.39 36.93 75.69 66.69 66.99 64.92 69.50
Other Avg. 50.81 45.99 65.39 33.68 67.06 58.70 57.32 58.01 60.25
Global Avg. 51.53 49.01 65.69 31.94 67.59 60.18 58.83 59.08 60.86

Table 8: Comparison of our best model (SEA-Gemma-3 10%) againsts other competitor models and the regionally-
adapted Gemma-3 (SEA-Gemma-3) model on CVQA.

Gemma-3 SEA-Gemma-3 SEA-Gemma-3 Aya-Vision Qwen-3 VL Avg. Country

Region (27B) (27B) 10% (27B) (32B) (35B) Model Score Camb. Indo. Laos Mala. Phil. Sing. Thai. Viet.

- Google Gemma-3 10 507 435 00 375 634 563 516 189
Cambodia  50.7 40.5 523 56.25 50.99 - _
e R R T T TR R T

3A-Gemma-3 10% ; . X . 4 588 688 522 575

Laos 0.0 0.0 68.1 4583 63.89 SEA-Gemma-3 50% 595 520 673 625 5.1 569 531 527 550
Malaysia 375 444 624 69.31 60.32 SEA-Gemma-370% 540 513 673 639 566 582 531 516 205
Philippines  63.4 46.6 588 63.40 56.21 il
Singaporc o3 169 e 7188 5563 SEA-Gemma-3 (wlomerge) 419 405 493 500 444 466 469 391 185
Thailand 516 39.1 522 49.46 5272
Vietnam 189 185 373 6226 3304 Table 10: SEA-VLM Zero-shot performance on SEA-
SEA Avg. 402 419 61.1 60.68 58.61

VQA. The result is broken down per country. “Camb.”
= Cambodia, “Indo.” = Indonesia, “Mala.” = Malaysia,
‘Phil.” = Phillipines, “Sing.”=Singapore, “Thai.” = Thai-
land, “Viet.” = Vietname

Table 9: Comparison of our best model (SEA-Gemma-
3 10%) againsts other competitor models and the
regionally-adapted Gemma-3 (SEA-Gemma-3) model

on SEA-VQA.
Overall SEA By Prompt Type

Model Score  Avg. Task1(NC) Task2 Task1(C) Task1 (Adv.)
Google Gemma-3 59.8 60.1 64.8 48.3 78.5 475
ble 1 3 for SEA—ImageGen’ and Table 14 fO SEA— SEA-Gemma-3 5% 60.0  60.3 64.5 48.1 79.2 48.1
: SEA-Gemma-3 10% 60.0  60.2 64.5 48.0 79.1 48.1
VL Embeddlng' SEA-Gemma-3 50% 51.6 514 53.7 42.0 67.0 43.6
SEA-Gemma-3 70% 51.9 52.6 535 435 67.1 434
SEA-Gemma-3 (w/o merge) 48.5 48.6 49.3 435 61.9 39.4

F Sample Outputs of SEA-VLM and
SEA-ImageGen Table 11: SEA-VLM Zero-shot performance on World
Cuisine. (NC) = No Context, (C) = Context, (Adv.) =

We provide samples generated by our best SEA-  Adversarial

VLM and SEA-ImageGen compared to the base-
lines on Figure 5 and Figure 6, respectively. As
shown in Figure 6, the SEA-SDXL 25% model  produces the most accurate representation among
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Overall SEA Prompt Type
Model Score Avg. English Local Lang.
Gemma-3 67.2 67.83  67.96 66.44
SEA-Gemma-3 5% 68.72 69.45  69.39 68.05
SEA-Gemma-3 10% 68.76 69.45  69.42 68.09
SEA-Gemma-3 50 % 61.84 62.62 62.9 60.79
SEA-Gemma-3 70 % 60.58 6127 61.51 59.66
SEA-Gemma-3 (w/o merge) 35.58 36.16 38.0 33.16

Table 12: SEA-VLM Zero-shot performance on CVQA.

Attribute Entity Other Relation

Model
StabilityAl SDXL

SEA-SDXL 25%
SEA-SDXL 50%
SEA-SDXL 75%

SEA-SDXL 100%

color
80.88

82.34
8239
81.59

82.14

other
79.49

81.49
80.49
79.49

81.26

state
74.23

73.39
74.13
73.71

74.45

whole
82.71

8345
82.67
83.09

83.20

shape
69.87

75.11
73.80
7249

71.73

texture
79.98

80.82
82.52
81.19

81.73

part
78.52

82.81
80.08
79.49

79.69

count
56.00

59.50
58.50
61.50

62.00

fext
76.00

70.00
66.00
70.00

78.00

non-spatial
81.13

77.36
76.73
81.76

84.91

spatial
86.73

86.93
87.80
86.23

87.06

67.36

63.22
66.53
67.36

64.46

Table 13: Detailed per aspect breakdown (Attribute, En-
tity, Other, and Relation) of the DPGBench evaluation.

Model SEAVQA Zero-Shot Performance
Overall  Cambodia  Indonesia  Laos  Malaysia  Phillipines ~ Singapore  Thailand  Vietnam
Google SigLIP2 2581 289 250 222 243 28.8 21.9 255 25.6
SEA-SigLIP225% 2636  27.6 254 292 291 28.8 28.1 26.1 24.0
SEA-SigLIP250%  28.06 313 270 222 296 275 219 31.0 272
29.66  28.6 30.1 194 323 34.0 25.0 299 2838
SEA-SigLIP2100% 28.96  28.3 28.6 292 265 32.7 313 304 29.1

Table 14: Detailed per country zero-shot performance
of the SEAVQA evaluation.

Avg. Country
Model Score Khm Ind Lao Mys Phl Sgp Tha Vie
SEA-Mammoth 50k 130 99 188 111 1L.1 11.8 188 1467 2.88
SEA-Mammoth 250k 39.6  13.8 529 528 429 471 469 440 208
SEA-Mammoth 250k + CGOE 419 405 493 50.0 444 466 469 39.1 185
SEA-Mammoth 250k + CGMC  21.6 266 209 264 164 248 28.1 283 141
SEA 250k + WC 304 102 399 347 376 340 500 326 169

Table 15: SEA-VLM Zero-shot performance on SEA-
VQA. The result is broken down per country. “Khm” =
Cambodia, “Lao” = Laos, “Ind” = Indonesia, “Mys” =
Malaysia, ‘Phl’ = Phillipines, “Sgp”’=Singapore, “Th.”
= Thailand, “Vie” = Vietnam. “CG” denotes Cultural-
Ground, “WC” denotes WorldCuisine, while “OE” and
“MC” denote open-ended and multiple-choice, respec-
tively.

others, while retaining the image naturalness and
overall quality of the original SDXL. For example,
while the baselines also capture the component of
nasi lemask such as nasi putih (white rice) and telur
(egg), the SEA-SDXL 25% model incorporates
more detailed factors including timun (cucumber),
kacang (peanut), ikan bilis (anchovy). Similarly
for cultural and tradition categories, SEA-SDXL
25% captures a more accurate illustration of play-
ing angklung and Hung king festival in Phu Tho,
Vietnam.

G Globalization Index by Region by Year

We provide the detailed per year per region glob-
alization index which we used for deciding the
globalization factor o in GG-EZ in Table 16.
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Figure 5: Generated responses using different model
architypes. From left-to-right: global model (Gemma-
3), our regional model (SEA-Gemma-3), our merged
model (SEA-Gemma-3 10%) along with the prompts.
Our model produces the most correct image among
others, while retaining the image naturalness and overall
quality of the original Gemma-3.

Natural
Image

People worship
of Hing kings
in Phii The

Figure 6: Generated image using different model archi-
types. From left-to-right: global model (SDXL), our
regional model (SEA-SDXL), our merged model (SEA-
SDXL 25%), and reference of natural images.

H Compute Resources

For all of our experiments, we a singel H100 com-
pute node with 8 H100 GPUs. The biggest com-
putes come from running CPT and SFT of VLM
models which takes use of the full compute for



Year EAP ECA LAC MENA NA SA SEA  SSA  World

1993 4932 58.82 5120 57.00 68.59 28.05 36.04 3437 48.86
1994 51.07 59.15 51.00 56.85 6858 2825 3640 3426 49.15
1995 5140 59.72  51.67 56.62 68.66 2839 3734 34.13 4942
1996 52.02 60.23 51.67 5674 6943 2837 37.89 3399 49.64
1997 51.68 60.43 51.75 56.79 69.48 2835 3776 3343 49.53
1998 51.63 60.71 51.86 56.89 69.83 2833 3770 3355 49.66
1999 5200 61.00 5220 5694 70.64 2826 3859 3345 49.85
2000 5248 61.65 5333 57.03 71.09 2894 3923 33.63 50.38
2001 5261 62.06 53.88 5743 7174 2896 39.12 33.80 50.70
2002 52.63 62.83 5453 57.66 72,50 30.16 40.06 3392 51.15
2003 52775 63.55 5532 58.04 73.02 30.84 39.76 3482 51.79
2004 5341 64.48 5588 5842 7352 31.06 40.63 3495 52.33
2005 5393 6547 56.19 5848 74.17 3229 4161 3524 52.86
2006 5432  66.19 56.86 5934 7439 3287 4196 3570 53.46
2007 55.16 67.67 58.04 59.78 7524 3399 4290 3640 5446
2008 55,55 68.76 5841 60.78 7557 3658 4359 36.72 55.17
2009 5570 6842 5859 6154 7541 3798 4427 37.16 55.38
2010 5594 6892 5837 6205 75.87 3949 43.19 3737 55.68
2011 56.40 70.04 5850 6251 76.43 40.59 44.17 38.87 56.53
2012 56.55 70,52 5875 6324 76.64 4227 4450 3892 56.88
2013 56.50 7093 59.06 6355 77.25 4287 4533 39.14 57.16
2014 56.77 71.07 59.00 63.44 77.80 4390 46.15 39.54 57.36
2015 57.13 7032 58.76 6250 77.86 4475 4579 3899 5698
2016 57.09 70.13 5897 6244 7844 4438 4558 3791 56.70
2017 57.04 7088 59.00 6091 78.81 44.14 45.12 3771 56.75
2018 5734 71.10 58.85 60.79 7882 4325 4621 37.15 56.65
2019 56.36  70.84 5851 6092 7895 40.53 4429 3654 56.12
2020 5454 69.16 5697 59.02 7772 38.80 4133 3497 5445
2021 5394 69.60 5723 59.66 78.02 3797 39.87 3486 54.54
2022 5496 7078 5830 60.00 79.04 39.20 4211 3536 5542
2023 5574 71.03 5891 60.13 7936 40.06 43.40 3546 55.79

Table 16: Globalization index by region by yea from 1993 to 2023. “EAP” = East Asia and Pacific , ‘ECA” =
Europe and Central Asia,“LAC” = Latin America and Caribbean, “MENA” Middle East and North Africa, “NA” =
North America, “SA” = South Asia, “SEA” = Southeast Asian, “SSA” = Sub-Saharan Africa.

several days per experiment. while other experi-
ments, i.e., SEA-ImageGen and SEA-VL Embed,
uses only 2 H100 GPUs for each experiment.
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