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Multilingual and
Multimodal LLMs in the
Wild

Build inclusive tri-modal systems that see, hear, and read for
low-resource languages and dialects. We cover BLIP-2,
LLaVA, KOSMOS-1, PaLM-E, PALO, Maya, SeamlessM4T, and
AudioPaLM—plus efficient PEFT/adapters/MoE, culture-aware
benchmarks, and speech-text>LLM pipelines.
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https://mm-lims-in-the-wild.github.io




Tutorial Outlines

Introduction
(low-resource and challenges)

Multilingual and Multimodal Models

(Capabilities for low-resource languages)

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)



Tutorial Schedule

Content Speaker Time Accumulative | Start End
(Minutes) | Time (minutes)

Introduction Firoj Alam 25 25| 14:00 14:25

Multilingual & Multimodal Resource Development - 1 Firoj Alam 35 60| 14:25 15:00

QA 5 65| 15:00 15:05

Multilingual & Multimodal Resource Development - 2 Enamul Hoque 30 95| 15:05 15:35
Prince

QA 5 100( 15:35 15:40

Architectures and Efficient Training Firoj Alam 20 120| 15:40 16:00

Coffee break 30 150 16:00 16:30

Speech-centric LLMs Shammur Absar 45 195/ 16:30 17:15
Chowdhury

QA 5 200 17:15 17:20

Tools and Resources for Evaluation and Analysis Firoj Alam 25 225| 17:20 17:45

QA 10 235| 17:45 17:55

Closing remarks Firoj Alam 5 240| 17:55 18:00
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Multilingual Models & Capabilities

MEGA evaluates models on standard NLP benchmarks, covering 16 NLP
datasets across 70 typologically diverse languages
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Ahuja et al., MEGA: Multilingual Evaluation of Generative Al, 2024
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Multilingual Models & Capabilities

® LLMs still vastly underperform on (especially low-resource) non-English
languages

Translate-Test Relative Improvement over Monolingual for GPT-3.5 Turbo
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Ahuja et al., MEGA: Multilingual Evaluation of Generative Al, 2024



Multilingual Models & Capabilities

21 datasets covering 8 different common NLP application tasks

ChatGPT fails to generalize to low-resource and extremely low-resource
languages (e.g., Marathi, Sundanese, and Buginese).

It shows more weakness in inductive reasoning than in deductive or
abductive reasoning

It suffers from the hallucination problem

25
Bang et al., A Multitask, Multilingual, Multimodal Evaluation of ChatGPT on Reasoning, Hallucination, and Interactivity, [JCNLP-AACL 2024



Multilingual Models & Capabilities

37 diverse languages, characterizing high-, medium-, low-, and
extremely low-resource languages

ChatGPT’s zero-shot learning performance is generally worse than the
SOTA

e The importance of task-specific models is higher

ChatGPT’s performance is generally better for English than for other

languages, especially for higher-level tasks that require more complex
reasoning abilities

Bang et al., A Multitask, Multilingual, Multimodal Evaluation of ChatGPT on Reasoning, Hallucination, and Interactivity, [JCNLP-AACL 2024
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Models & Capabilities

Gaps are closing
between open and

InternVL3.5
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Average scores on a set of multimodal general, reasoning, text, and agentic benchmarks: MMBench v1.1 (en), MMStar,
BLINK, HallusionBench, Al2D, OCRBench, MMVet, MME-RealWorld (en), MVBench, VideoMME, MMMU, MathVista,

MathVision, MathVerse, DynaMath, WeMath, LogicVista, MATH500, AIME24, AIME25, GPQA, MMLU-Pro, GAOKAO, IFEval,
SGP-Bench, VSI-Bench, ERQA, SpaCE-10, and OmniSpatial.

28
Wang et al. InternVL3.5: Advancing Open-Source Multimodal Models in Versatility, Reasoning, and Efficiency, 2025
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Models & Capabilities

Aggregate Performance on Multimodal PangeaBench
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Aggregate performance of various multimodal LLMs on PANGEABENCH

Yueet al. Pangea: A Fully Open Multilingual Multimodal LLM for 39 Languages, 2025
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Models & Capabilities

PangeaBench

- 5 multimodal and 3 text tasks

- 14 datasets

- 47 languages across
multimodal chat, captioning,
VQA, cultural reasoning,
multimodal reasoning, QA,
translation, and math.

Multimodal Chat
(Dataset: xChatBench & M-LlavaBench)

Q 0 J2|Zo| ATt 2 LEHI LI
QIZte| M of 9iE7| ofeh £ 12| 210
DEEE g F2 FALLMN

(Q: What do the results in this graph
indicate? What is the best algorithm to align|
a language model to human preferences?
A:HSE J2) == M| 7HX| CHe

2 12|F—kT0, DPO, IPO—2| HES..

(A: The graph you provided compares the
performance of three different algorithms..)

Captioning
(Dataset: XM3600)

Q: Provide an one-sentence caption
for the provided image in Japanese.
AT—=7INDLD, RDEEHD
HBINE

(A: A small box with silver
decorations on the table.)

Cultural Understanding
(Dataset: CVQA & MaRVL)

Q: Opo arane wong seng nang
tengah embong iki?

(Q: What is the term for the man in
the middle of the road?)

A. Polisi cepek (Polisi cepek)

B. Tukang parkir (Parking assistance
man)

C. Mlijo (Grocery man)

D. Tukang becak (Pedicap man)

Short VOA
(Dataset: MaXM & xGQA)

Reasoning
(Dataset: xMMMU & M3Exam)

Q: ou sont situés les musiciens?

A: dans la rue / dehors /en extérieur
(Q: Where are the musicians located?)
(A: In the street / Outside / Outdoors)

Q: quel musicien de rue est avec le
violoncelliste? A:une joueuse de
harpe / une harpiste

(Q: Which street musician is with the
cellist? A: Female harpist / A harpist)

Q: Hoeveel kubusse word benodig
om die houer te vul?

(Q: How many cubes are needed to
fill the container?)

(A)120 (B)136 (C)320 (D)116

Category Tasks Datasets Forms Size  Languages Metric
; xChatBench Long 400 zh,en,hi,id,ja,rw,ko,es LLM-as-Judge

Multimodal Chat M-LlavaBench Long 600 ar,bn,zh,fr,hi,ja,ru,es,ur,en LLM-as-Judge
Captioning XM100 Long 3.6K 36 languages ROUGE-L

Multimodal Cultural CVQA MC 21K en,zh,ko,mn,ja,id,jv,min,su Accuracy
Understanding MaRVL Short 6K id,sw,ta,tr,zh Accuracy
Multilingual xGQA Short 77K en,de,pt,ru,id,bn,ko,zh Accuracy
VQA MaXM MC 2K hi,th,zh,fr,en,iw,ro Accuracy
Reasoning xMMMU Short/MC 3K en,ar,fr,hi,id,ja,pt Accuracy
(Multi-subject) M3Exam MC 3K en,zh,it,pt,vi,th,af Accuracy
QA TyDiQA Short 5.1K arru,bn,te fi,swko,id,en Accuracy

Texi-otly Translation FLORES-Sub  Long 18K ar,en,fr,de,hi,id,iw,ja,pt,ro,tr ChrF
Reasoning MMMLU MC 197K  ar,bn,de,es,fr,hi,id,it,ja,ko,pt,sw,yo,zh  Accuracy
(Multi-subject, XStoryCloze MC 21K en,ar,es,eu,hi,id,my,ru,sw,te,zh Accuracy
Commonsense, Math) MGSM Open 3K bn,de,en,es, fr,ja,ru,sw,te,th,zh Accuracy

Yueet al. Pangea: A Fully Open Multilingual Multimodal LLM for 39 Languages, 2025
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Models & Capabilities

AVG (all) Multimodal Chat Cultural Understanding Captioning Short VQA Multi-subject Reasoning
Models xChatBench ~ M-LlavaBench CVQA MaRVL Mgcss XM100 xGQA MaXM xMMMU M3Exam

en mul en mul en mul en mul en mul en mul en mul en mul en mul en mul
Gemini-1.5-Pro 671 625 670 544 1034 1066 759 757 764 720  Gemini-1.5-Pro 276 191 542 487 564 635 658 577 714 647
GPT4o 686 646 710 644 1046 1004 79.1 794 814 821  GPT4o 277 191 558 510 607 654 69.1 583 680 610

Llava-1.5-7B 454 284 285 118 661 408 489 365 562 537  Llava-l.5-7B 286 11 620 306 498 204 362 315 323 @ 29
Llava-Next-7B 51.1 327 405 189 789 507 557 426 628 509  Llava-Next-7B 293 94 648 378 549 214 367 343 365 284
Phi-3.5-Vision 540 350 385 132 708 580 563 423 721 565  Phi-3.5-Vision 302 52 647 384 553 250 426 388 558 372
Cambrian-8B 509 364 275 113 784 618 597 475 754 618  Cambrian-8B 206 99 646 398 553 287 418 332 347 334
Llava-OV-7B 59.5 413 510 285 897 553 652 537 727 575  Llava-OV-7B 306 70 644 482 549 348 463 410 604 458
Molmo-7B-D 554 341 495 211 959 138 594 483 653 549  Molmo-7B-D 2l ol Sl B0 pd7 Bl e e ol dud
Llama3.2-11B 572 419 490 278 939 582 702 614 645 581  Llama3.2-11B 27.6 45 556 454 553 439 465 414 S18 366
. PaliGemma-3B 187 08 597 305 479 199 263 252 360 256
PaliGemma-3B 373 258 60 35 321 319 529 429 565 522 A TN 304 08 605 378  Sia 163 331 305 308 o8

PALO-7B 463 322 270 118 689 712 509 392 633 542 L ot B3 &1 4i5 D98 7 EEE 688 04 oo 5

mBLIP mT0-XL 351 298 25 05 327 282 405 375 673 667 ey ; - : : : - - - - 3
mBLIP BLOOMZ 31l 300 40 16 435 410 449 369 623 53¢  MBLIPBLOOMZ 225 103 433 369 447 248 292 308 303 295
PANGEA-7B (Ours) 509 528 460 358 842 895 644 572 8.0 790  LANGEA-TB (Ours) 204 Lt Sl 03 osd Ao oot 07 eld 42l
A over SoTA Open 104 4109 _3:5 73 -1 1'.7 +1é.3 —5.'8 ﬂ +116 +12'.3 A over Best Open Model -0.2 +39 -0.1 +12.0 0.0 +94 -08 +23 +1.0 -3.7

PANGEA-7B outperforms existing open-source MLLMs in
multilingual and culturally diverse settings
31

Yueet al. Pangea: A Fully Open Multilingual Multimodal LLM for 39 Languages, 2025



CVQA

Models & Capabilities

CVQA is challenging benchmark for current MLLMSs, 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-40 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.

32
Romero et al., CVQA: Culturally-diverse Multilingual Visual Question Answering Benchmark, 2024



Models & Capabilities

kenya China singapore
Rwanda swa zho zho SKorea
kor

Nigeria kin Mongolia
ibo mon
Egypt Japan
egy jpn
Ethiopia Indonesia
orm ind
Ethiopia Indonesia
amh jav
Chile Indonesia
spa min
Colombia Indonesia
spa sun
Ecuador Malaysia
spa msa
Argentina India
spa ben
Uruguay India
spa tam
Brazil India
por hin
Mexico India
spa mar
Russia India
s urd
Norway
nor ! Tel
Romania Sri_Lanka
sin
Ireland Philippines
gle I Pakist. fil
Bugjalrla France Spain l;?dan

bre spa

- | LaVA = MCLIP InstructBLIP
e CLIP = mBLIP-BLOOMZ == Random

Using English-only question-option pairs

Kenya China singapore
Rwanda swa zho zho S.Korea
kor

Nigeria kin Mongolia
ibo mon
Egypt Japan
egy pn
Ethiopia Indonesia
orm ind
Ethiopia Indonesia
amh jav
Chile Indonesia
spa min
Colombia Indonesia
spa sun
Ecuador Malaysia
spa msa
Argentina India
spa ben
Uruguay India
spa tam
Brazil India
por hin
Mexico India
spa mar
Russia India
rus urd
Norway India
nor Tel
Romania Sri_Lanka
0.6 sin
reland Philippines
e I fil
9 Bug;ua:rla France Spain Pal:::;an
bre spa

- | LaVA e MCLIP InstructBLIP
= CLIP = mBLIP-BLOOMZ == Random

Using local-language question-option pairs

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