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Tutorial Resources
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https://mm-llms-in-the-wild.github.io
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Multilingual and Multimodal Models
(Capabilities for low-resource languages)

Tutorial Outlines

Multilingual & Multimodal Resource Development
(Low-cost pipeline, training, and benchmarking datasets)

Architectures and Efficient Training
(Adapter-based and parameter-efficient methods)

Speech-centric LLMs
(State-of-the-art models and curated resources)

Evaluation, Benchmarking Tools, Analysis
(Evolution of Evaluation metrics, benchmarking tools and resources)

Introduction
(low-resource and challenges)



Multilingual & 
Multimodal 
Resource 
Development

34

The main bottleneck is not just more data 
– it is better multilingual, multimodal, 
culturally grounded data.
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Type of Data

Pretraining

Pretraining Stage

Web-scale data

Teaches broad visual, 
linguistic, and speech 
representations.

SFT

SFT Stage

Curated instruction data

Teaches instruction 
following, reasoning, and 
response style.

Preference Training

Preference learning 
Stage

Curated instruction data

Teaches instruction 
following, reasoning, and 
response style.

Benchmarking
Mostly manually 
annotated/ verified/ 
checked
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SFT/Preference Data Curation

Human Annotated
(Supervised)

High-quality VQA, OCR, 
document QA, speech, chart, 
and cultural benchmarks.

Synthetic/Automated

- LLM-generated 
conversations, captions, 
reasoning, and explanations.
- LLM verified

Semi-Automated
(Semi-Supervised)

Human-LLM in the loop
- Human curated -> LLM -> 
human verified
- LLM generated -> human 
verified

Examples
● LLaVA: uses GPT-4 to generate conversations, detailed descriptions, and complex reasoning from captions / boxes.
● PALO: translates LLaVA instruction data into 10 languages with human correction.
● Maya: expands LLaVA-style data into multilingual pre-training data with toxicity filtering.
● Aya Vision: uses synthetic re-annotation and filtering to improve response quality.
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Everyday 
Interaction
(Knowledge, Native, 
Local and Cultural 

Aspects)



Everyday Interaction
Native, Local and Cultural Knowledge

Hasan et al. NativQA: Multilingual Culturally-Aligned Natural Queries for LLMs, 2025

Local information 
asked by 
native/non-native 
speaker



What is the typical 
style of having food in 
Bangladesh?

Everyday Interaction
Native, Local and Cultural Knowledge



Native, Local and Cultural Knowledge

Local and Cultural 
information asked by 
native/non-native 
speaker

Everyday Interaction
Native, Local and Cultural Knowledge



Native, Local and Cultural KnowledgeEveryday Interaction
Native, Local and Cultural Knowledge

Local and 
Cultural 
information asked 
by native speaker



MultiNativQA: Examples

42
Hasan et al. NativQA: Multilingual Culturally-Aligned Natural Queries for LLMs, ACL-2025



MultiNativQA
7 Languages, 9 regions, 18 topics

43
https://huggingface.co/datasets/QCRI/MultiNativQA

Hasan et al. NativQA: Multilingual Culturally-Aligned Natural Queries for LLMs, ACL-2025

https://huggingface.co/datasets/QCRI/MultiNativQA


MultiNativQA using NativQA Framework
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Hasan et al. NativQA: Multilingual Culturally-Aligned Natural Queries for LLMs, ACL-2025



NativQA Framework

300K+ QA pairs across 
39 locations from 24 countries,
covering 7 languages.

45

https://gitlab.com/nativqa/nativqa-framework/

pip install nativqa-framework

https://arxiv.org/pdf/2504.05995

Alam et al. NativQA Framework: Enabling LLMs with Native, Local, and Everyday Knowledge, 2025

https://gitlab.com/nativqa/nativqa-framework/


NativQA Framework

300K+ QA pairs across 
39 locations from 24 countries,
covering 7 languages.

Alam et al. NativQA Framework: Enabling LLMs with Native, Local, and Everyday Knowledge, 2025
46

https://huggingface.co/datasets/QCRI/MultiNativQA
https://gitlab.com/nativqa/nativqa-framework/
https://arxiv.org/pdf/2504.05995

Semi-Automatic 
(Semi-supervised)

Grounded in the User Query

https://huggingface.co/datasets/QCRI/MultiNativQA
https://gitlab.com/nativqa/nativqa-framework/


Multilingual Cultural Alignment

● Gap – High vs. Low Resources Languages: highest performance for 

English and lowest for Assamese on average across models, 

● Close vs. Open Models: Close models outperforms open models.

47
Hasan et al. NativQA: Multilingual Culturally-Aligned Natural Queries for LLMs, ACL-2025



Base vs. 
SFT

Multilingual Cultural Alignment

● Capability Enhancement with Fine-tuning: Fine- tuning (i) improves 

performance for extremely low resource languages (e.g., Assamese 

and Nepali), (ii) for medium resource languages, it helps dialect-rich 

languages like Arabic compared to other medium resource-languages 

(e.g., Hindi)

48
Hasan et al. NativQA: Multilingual Culturally-Aligned Natural Queries for LLMs, ACL-2025



MMLU-ProX
LLM for translation

- Significant disparities in the multilingual capabilities of LLMs
- Perform well in high-resource languages, their performance declines significantly 

in low-resource languages, particularly for African languages

MMLU-ProX - a fully parallel, 

reasoning-focused benchmark 

across 29 typologically diverse 

languages, ~343K QA, built with 

an expert-verified, four-stage 

LLM translation pipeline, and 

used to evaluate 36 frontier 

LLMs.

Claude Sonnet 
3.7 performs a 
comprehensive 
review of its 
own translation

Claude Sonnet 
3.7 then 
conducts 
meticulous 
editing, 
incorporating 
feedback
from the 
self-reflection 
stage

GPT-4.1 and o3

49
Xuan et al. MMLU-ProX: A Multilingual Benchmark for Advanced Large Language Model Evaluation, 2025



MMLU-ProX

Xuan et al. MMLU-ProX: A Multilingual Benchmark for Advanced Large Language Model Evaluation, 2025

LLM for translation

- Significant disparities in the multilingual capabilities of LLMs
- Perform well in high-resource languages, their performance declines significantly 

in low-resource languages, particularly for African languages

MMLU-ProX - a fully parallel, 

reasoning-focused benchmark 

across 29 typologically diverse 

languages, ~343K QA, built with 

an expert-verified, four-stage 

LLM translation pipeline, and 

used to evaluate 36 frontier 

LLMs.

Claude Sonnet 
3.7 performs a 
comprehensive 
review of its 
own translation

Claude Sonnet 
3.7 then 
conducts 
meticulous 
editing, 
incorporating 
feedback
from the 
self-reflection 
stage

GPT-4.1 and o3
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Semi-Automatic 
(Semi-supervised)



Spoken 
Interaction

(Native, Local and 
Cultural Aspects)
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Native/Local Knowledge
What is Qatar's main dish?

Spoken Interaction
What is the main dish of Qatar? কাতােরর প্রধান খাবার ĺকানটি?

What is the main dish of Qatar?
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Spoken NativeQA

Direct 
Speech

Text

Transcription

53
Alam et al. SpokenNativQA: Multilingual Everyday Spoken Queries for LLMs, 2025



Spoken NativeQA

https://huggingface.co/datasets/QCRI/SpokenNativQA

54
Alam et al. SpokenNativQA: Multilingual Everyday Spoken Queries for LLMs, 2025

https://huggingface.co/datasets/QCRI/SpokenNativQA


Spoken NativeQA

Performance (F1) comparison of different models with and without ASR, as well as various ASR setups.  F1 refers 
to the score obtained from BERTScore. The number with bold and underline refers to best across models.

Alam et al. SpokenNativQA: Multilingual Everyday Spoken Queries for LLMs, 2025

GPT-4o-audio: 
Arabic: 0.55Location-specific

QA-ASR

Multidialectal, Bilingual ASR

Large v3

Transcription
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Spoken NativeQA

Performance (F1) comparison of different models with and without ASR, as well as various ASR setups.  F1 refers to the 
score obtained from BERTScore. The number with bold and underline refers to best across models.

Alam et al. SpokenNativQA: Multilingual Everyday Spoken Queries for LLMs, 2025

GPT-4o-audio: 
Arabic: 0.55

Location-specific
QA-ASR

Multidialectal, Bilingual ASR

Large v3

Transcription

56

Manual



Multimodal 
Interaction

(Everyday Knowledge, 
Culturally-Grounding)
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Everyday Multimodal Interaction

● Cover real-life topics like food, fashion, 

social customs, daily activities.

● Enable model development by incorporating tri-modality:

Images – Capturing real-world and cultural contexts.

Text-Based Questions – In MSA, dialects, and English.

Spoken Queries – Testing AI’s ability to handle voice interactions.

58



Tri-modality: Spoken Visually Grounded QA
hear, see, and answer culturally and visually grounded everyday questions

59



Tri-modality: Spoken Visual Grounded QA
hear, see, and answer culturally and visually grounded everyday questions

60



Everyday knowledge

Everyday Multimodal Interaction

Speech

Text

What is the significance of this dance in 
Arabic culture?
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Everyday knowledge

Everyday Multimodal Interaction

Speech

Text

What is the significance of falcon here?

62



OASIS Dataset

18 Countries

9 Categories and 
31 subcategories

MENA region

Tokens

Audio Stats
Generated audio (20,279 h)
- en: ~14M audio (14,509 h), 35 
ref speakers
- msa: ~3.7M audio (5,770 h), 
47 ref speakers
- avg dur: 5s (en), 6s (msa)
- avg audio token: 52
Recordings (383h)
- en: ~114K recordings (205 h); 
25  speakers, 9 countries
- msa: ~120K recordings (178 
h); 25 speakers, 9  countries

Lang/Dialects
Eng , MSA, Egy, Lev

Modality Setups

Ca
te

go
ry

 ->
 s

ub
ca

te
go

ry

🎭 Culture, Arts & Entertainment 👥 People, Society & Education 
🛐 Religion & Spirituality 🏛 History, Geography & National Identity 🍲 Food & 
Cooking 🧵 Objects, Materials & Clothing 🏅 Sports & Recreation 🗺 Geography, 
Buildings & Landmarks 🚗 Vehicles & Transportation

- Image tokens: 1.143 B
- Audio tokens: 0.730 B

QA: ~3.7Mx4=~14.8M

Image Stats
Total image: 0.92M
avg W x H: 1000 x 1226
avg image token: 1232

📝 Open-ended: ~0.92M
🔢 MCQ: ~0.92M
✅ True/False: ~1.85M
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OASIS Dataset

Tokens

Audio Stats
Generated audio (20,279 h)
- en: ~14M audio (14,509 h), 35 
ref speakers
- msa: ~3.7M audio (5,770 h), 
47 ref speakers
- avg dur: 5s (en), 6s (msa)
- avg audio token: 52
Recordings (383h)
- en: ~114K recordings (205 h); 
25  speakers, 9 countries
- msa: ~120K recordings (178 
h); 25 speakers, 9  countries

Lang/Dialects
Eng , MSA, Egy, Lev

Modality Setups

- Image tokens: 1.143 B
- Audio tokens: 0.730 B

Image Stats
Total image: 0.92M
avg W x H: 1000 x 1226
avg image token: 1232

QA: ~3.7Mx4=~14.8M
📝 Open-ended: ~0.92M
🔢 MCQ: ~0.92M
✅ True/False: ~1.85M
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https://huggingface.co/datasets/QCRI/OASIS

Alam et al. EverydayMMQA: A Multilingual and Multimodal Framework for Culturally Grounded Spoken Visual QA, 2025



OASIS Dataset

65
Alam et al. EverydayMMQA: A Multilingual and Multimodal Framework for Culturally Grounded Spoken Visual QA, 2025



EverydayMMQA Framework

66
Alam et al. EverydayMMQA: A Multilingual and Multimodal Framework for Culturally Grounded Spoken Visual QA, 2025



EverydayMMQA Framework

67
Alam et al. EverydayMMQA: A Multilingual and Multimodal Framework for Culturally Grounded Spoken Visual QA, 2025

Semi-Automatic 
(Semi-supervised)

Grounded in the User Query



What Can You Do with it?

Performance
Current state of the LLMs 
performance and efficiency.

Modality
Modality representation 
learning capabilities across 
senses.

Linguistic
Multilingual and dialectal 
capabilities for global reach.

Grounding
Retrieval-augmented 
grounding and factuality 
checks.

Culture
Understanding cultural 
reasoning and societal norms.

Trust
Addressing safety, bias, and 
religion-sensitive topics.

Critical Challenge: Hallucination

68



CulturalGround
● Multilingual coverage: 39 languages, 42 countries

○ Long-tail entities coverage

○ Visual grounded: 1-3 images per entity

● A wide array of culture

○ domains(people, places, schools,

○ museums, heritages, etc..)

● Size: 30M, the largest open-source cultural VQA dataset.

○ 22M+ open-ended + 8M MCQ pairs

● Used to train CulturalPangea-7B

69
Nyandwi et al., Grounding Multilingual Multimodal LLMs With Cultural Knowledge, EMNLP 2025



CulturalGround

Nyandwi et al., Grounding Multilingual Multimodal LLMs With Cultural Knowledge, EMNLP 2025
70



PEARL

Alwajih et al. Pearl: A Multimodal Culturally-Aware Arabic Instruction Dataset, EMNLP 2025
71

● 13 challenging question 
categories

● All Arab countries except 
Comoros,Djibouti, and 
Somalia



PEARL

Alwajih et al. Pearl: A Multimodal Culturally-Aware Arabic Instruction Dataset, EMNLP 2025
72



PEARL

Alwajih et al. Pearl: A Multimodal Culturally-Aware Arabic Instruction Dataset, EMNLP 2025

PEARL is a suite of resources available to the research community.

● Core Assets:

○ 12k Images (Source: Wikipedia)

○ 309k Automated Q&A Pairs with captions.

○ 16k Human-Revised Q&A Pairs

● Evaluation Benchmarks:

○ PEARL: The main benchmark with 6,301 samples. 

○ PEARL-LITE: A smaller 893 samples.

○ PEARL-X: A specialized benchmark with 367 Q&As with 61 

shared concepts

73



PEARL

Alwajih et al. Pearl: A Multimodal Culturally-Aware Arabic Instruction Dataset, EMNLP 2025
74

Workflow generation of Pearl-X

Pearl-X



CVQA

Romero et al., CVQA: Culturally-diverse Multilingual Visual Question Answering Benchmark, 2024
75

● CVQA is a multilingual, multiple-choice locally-nuanced visual 
question-answering dataset

● Dataset scale: 5,239 images and 10,374 questions.
● Coverage: 30 countries, 31 languages, 13 scripts, and 39 

country-language pairs.
● Design: Each question is written in the local language and manually 

translated into English.
● Annotation: Created and validated by fluent speakers and culturally 

familiar annotators.
● Categories: Food, transportation, everyday life, sports, plants/animals, 

clothing/objects, brands, landmarks, tradition/history, public figures/pop 
culture.



CVQA

Romero et al., CVQA: Culturally-diverse Multilingual Visual Question Answering Benchmark, 2024
76



CVQA

Romero et al., CVQA: Culturally-diverse Multilingual Visual Question Answering Benchmark, 2024
77

● CVQA is challenging for current MLLMs, especially open-source models.
● Open models usually score below 50%; LLaVA-1.5-7B reaches about 

49.6% with English prompts but drops to 35.5% with local-language 
prompts.

● Closed models perform better: GPT-4o reaches 75.4% with English 
prompts and 74.3% with local-language prompts.

● Performance drops sharply for underrepresented languages such as 
Breton, Javanese, and Mongolian.

● Food and pop-culture questions are especially difficult because they 
require local cultural knowledge.

● Removing multiple-choice options reduces performance further, showing 
weaker real-world cultural understanding.



Aya Vision

Dash et al. Aya Vision: Advancing the Frontier of Multilingual Multimodality, 2025

Core challenge:  Multilingual MLLMs suffer from:
● scarce high-quality multimodal instruction data,
● translation artifacts,
● catastrophic forgetting of text-only abilities after vision 

training.
Data strategy:  Synthetic multilingual multimodal annotation 
pipeline:

● task-specific recaptioning,
● semantic filtering,
● machine translation,
● context-aware LLM rephrasing.

78



Aya Vision

Dash et al. Aya Vision: Advancing the Frontier of Multilingual Multimodality, 2025

Synthetic annotation pipeline enables diverse, high 
quality responses for multimodal instructions

79



Aya Vision

Dash et al. Aya Vision: Advancing the Frontier of Multilingual Multimodality, 2025

Multilingual multimodal SFT mixture from various task categories

80



VoiceBench

Chen et al. VoiceBench: Benchmarking LLM-Based Voice Assistants, 2024
81

- Evaluates various capabilities of LLM-based voice assistants by using both 
synthetic and real spoken instruction data to assess general knowledge, 
instruction-following abilities, and safety measurement



VoiceBench

82

● Uses both real and synthetic spoken instructions from datasets such as 
AlpacaEval, CommonEval, SD-QA, OpenBookQA, MMSU, IFEval, and 
AdvBench.

Evaluates performance under realistic speech variations:
● Speaker variation: accent, speed, age, pitch, volume
● Environmental variation: noise, reverberation, far-field speech, packet loss
● Content variation: disfluencies, repetitions, repairs, mispronunciation, 

grammar errors

Chen et al. VoiceBench: Benchmarking LLM-Based Voice Assistants, 2024



- Sakshi et al., MMAU: A Massive Multi-Task Audio Understanding and 
Reasoning Benchmark, 2024

Related Speech Datasets

83

27 distinct skills



Resources: Visual 
and Structured 
Modalities

84

Enamul Hoque Prince 
Associate Professor, 

York University



Resources: Visual and Structured Modalities
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• VQA v1 / v2 
• The canonical benchmark for VQA
• Built on COCO images
• Introduced the open-ended + 

multiple-choice QA setup

Tasks & Benchmarks: Visual Question Answering

Antol S, Agrawal A, Lu J, Mitchell M, Batra D, Zitnick CL, Parikh D. Vqa: Visual question answering. InProceedings of the IEEE international conference on computer vision 
2015 (pp. 2425-2433).

Visual Question answering (Antol et al., ICCV 2015)

86
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Tasks & Benchmarks: Document Question 
Answering

 DocVQA (Mathew et al., 2020) 

● 50K QA on 12K real-world documents 
● Many various types of documents



❌ Old: Single-image, short QA (e.g., 
VQA v2)
✅ New: Multi-domain, multimodal 
reasoning
• Key Benchmarks: 
• MMMU (Yue et al., 2024)

• 🎓 Covers 30+ disciplines:
• Medicine, law, engineering, science
• Questions require:

• domain knowledge + visual reasoning

• MMMU-Pro (Yue et al., 2025)
• More recent and challenging

Tasks & Benchmarks: Multimodal Reseaning

88



• MMBench (Liu et al., 2023)
• Broad capability 

evaluation
• Multiple-choice QA
• Strong human-aligned 

scoring

Tasks & Benchmarks: Multimodal Reseaning

89



Resources: Visual and Structured Modalities

90



Tasks & Benchmarks: Chart Question Answering

 ChartQA (Masry et al., 2022) 

● Real-world charts crawled from 4 online sources 
● 9.6k human-authored and 23.1K Machine-generated question

○ Saturated with Clause Sonnet 3.5 achieving +90%

Question: Which year has the most divergent 
opinions about Brazil’s economy? 
Answer: 2015 

Question: What is the peak of the orange line? 
Answer: 87

Masry A., Long d. X., Tan j. Q., Joty S. R., Hoque E.: ChartQA: A benchmark for question answering about charts with visual and logical reasoning, ACL 2022.
91



ChartQAPro (Masry et al. 
2025): 

● 1,341 charts and from 
99 diverse sources 

● More diverse chart 
types including 
infographics and 
dashboards 

● 1,948 questions with 8+ 
question types

Masry, A., Islam, M.S., Ahmed, M., Bajaj, A., Kabir, F., Kartha, A., Laskar, M.T.R., Rahman, M., Rahman, S., Shahmohammadi, M., Thakkar, M., Parvez, M.R., Hoque, E., Joty, S.: ChartQAPro: 
A more diverse and challenging benchmark for chart question answering, ACL 2025.

Tasks & Benchmarks: Chart Question Answering

92

https://aclanthology.org/2025.findings-acl.978/
https://aclanthology.org/2025.findings-acl.978/


● Drop in Performance on ChartQAPro
● Chart Question Answering is far from solved! 

Tasks & Benchmarks: Chart Question Answering

93



CharXiv (Wang et al. 2024)

● Scientific Charts Question Answering with 2.3K QA pairs

Tasks & Benchmarks: Chart Question Answering

94



Tasks & Benchmarks: Open-ended Chart Question 
Answering

 OpenCQA (Kantharaj et al., 2022) 

● 7,724 human-written questions about charts and the associated descriptive 
answers

95



Tasks & Benchmarks: Infographic Question Answering

 InfoVQA (Mathew et al., 2021) 

● 30K QA on 5.4K real-world infographics.
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Tasks & Benchmarks: Mobile Screen Question 
Answering

 ScreenQA (Hsiao et al., 2022) 

● 86K QA questions on mobile-app screenshots! 

97



Tasks & Benchmarks: Slide Question Answering

 SlideVQA (Tanaka et al., 2023) 

● 14.5K questions over 54K slides!

98



Resources: Visual and Structured Modalities
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Tasks & Benchmarks: Text Generation from Visuals



Chart-to-text: 44.1K Chart-summary pairs from Statista and Pew Research 
Center

101

Tasks & Benchmarks: Text Generation from Visuals



Chart-to-text: 44.1K Chart-summary pairs from Statista and Pew Research 
Center

102

Tasks & Benchmarks: Text Generation from Visuals



Tasks & Benchmarks: Text Generation from Visuals

● VisText: 12.4K Charts with generated+crowdsourced caption
○ Scene graph a hierarchical representation of a chart's visual 

elements

103



NL2Vis (Chen et al. 2024): 

● 2,524 queries covering seven chart types. 

104

Tasks & Benchmarks: Visualization Generation



Tasks & Benchmarks: Visualization Generation

● Text2Vis (Rahman et al. 2025)
○ Exploratory analysis in Data Science workflow. 
○ 1985 queries covering 20+ chart types. 

105



Resources: Visual and Structured Modalities

106



Tasks & Benchmarks: Multimodal Real-world Tasks

Xie T, Zhang D, Chen J, Li X, Zhao S, Cao R, Hua TJ, Cheng Z, Shin D, Lei F, Liu Y. Osworld: Benchmarking multimodal agents for open-ended tasks in real computer 
environments. Advances in Neural Information Processing Systems. 2024 Dec 16;37:52040-94.

OSworld (Tianbao et al., Neurips 2024)

107



• How can we design AI agents that 
understand  and act on dashboards through 
sequential, human-like interactions with 
visual interfaces?
• 292 tasks on 112 interactive dashboards, 

encompassing 405 question answer pairs.

Kartha et al, DASHBOARDQA: Benchmarking Multimodal Agents for Question Answering on Interactive Dashboards, ECAL 2026
Shankar K., Rixie tiffany ko l., Xiang l., Ahmed M., Megh T., Enamul H., Shafiq J.: Chart-to-text: A largescale benchmark for chart summarization. In proc ACL, 2022. 

DashboardQA (Kartha et al., EACL 2026)

108

Tasks & Benchmarks: Video Question Answering



Video-MME
• Includes short to very long videos (seconds → 1 hour)

• 900 videos 
• 2,700 high-quality multiple-choice questions.

Fu et al., Video-MME: The First-Ever Comprehensive Evaluation Benchmark of Multi-modal LLMs in Video Analysis 
109

Tasks & Benchmarks: Video Question Answering



MVBench
• 20 challenging video tasks
• temporal reasoning + dynamic 

understanding
• automatically convert public video 

annotations into multiple-choice QA to 
evaluate each task.

Kunchang Li, Yali Wang, Yinan He, Yizhuo Li, Yi Wang, Yi Liu, Zun Wang, Jilan Xu, Guo Chen, Ping Luo, Limin Wang, Yu Qiao, MVBench: A 
Comprehensive Multi-modal Video Understanding Benchmark, 2024

110

Tasks & Benchmarks: Video Question Answering

https://arxiv.org/pdf/2311.17005
https://arxiv.org/pdf/2311.17005


Open questions:
1. How can we design benchmarks that reflect the complexity of real-world 

analytic workflows, including multi-step reasoning and user interaction?

2. What strategies can ensure diversity and realism in benchmark design, 
covering different visuals, domains, and user intents?

3. What should we measure beyond accuracy? 
(reasoning quality, grounding, faithfulness, usability)

4. How can evaluation datasets incorporate diverse multimodal inputs and 
outputs?

Benchmarks: Future Challenges

111



• VLM evaluators (judges / reward models) 
are critical for alignment

• ❗ Unknown: Do VLM judges generalize 
across languages?
• MM-JudgeBench

• 60K+ preference pairs

• 25 languages (incl. low-resource: Bengali, Kazakh)

• Two complementary subsets:
• VL-RewardBench (multilingual) → general 

vison-language tasks

• OpenCQA (multilingual) → chart reasoning

Multilingual & Low-Resource Challenges

Md Tahmid Rahman Laskar, Mohammed Saidul Islam, Mir Tafseer Nayeem, Amran Bhuiyan, Mizanur Rahman, Shafiq Joty, Enamul Hoque, Jimmy Huang. 
Lost in Translation: Do LVLM Judges Generalize Across Languages?, ACL, accepted, 2026. 
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• How do we enable multimodal reasoning in 
underrepresented languages?

• Cross-lingual transfer and multimodal alignment

• Data-efficient learning (few-shot, synthetic data, weak 
supervision)

• How can models generalize across cultures and visual 
conventions?

• Inclusive benchmarks and culturally diverse evaluation

113

Multilingual & Low-Resource Challenges



QA
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